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1 Introduction
Matrix algebra forms the cornerstone of modern
computational mathematics and scientific computing.
Within this framework, the solution of linear systems
AX = B through the expression X = A

B represents
one of the most fundamental operations, essentially
constituting a form of matrix division. Despite its
mathematical rigor and widespread application, this
operation has not been conventionally formalized as
”division” in the mainstream literature, particularly
for non-singular square matrices. The studies,
[1], [2], [3], [4], [5], introduced a novel matrix
concept termed the co-divisor (common divisor),
providing a mathematically consistent definition for
the notation B

A . This definition fundamentally relies
on determinant and cofactor matrix concepts and can
be shown to be equivalent to A−1B.

In a related direction, a Kronecker product
framework for tensors and hypergraphs was
introduced, [6]; this framework, also associated
with matrix partitioning, provides a powerful
algebraic tool for analyzing structure and dynamics
in higher-order networks.

The historical development of linear algebra
reveals a rich tapestry of contributions. The
formalization of matrix operations began in the 19th
century with mathematicians such as [7], while
practical computational methods like Gauss-Jordan
elimination gained prominence through systematic

approaches, [8]. In the early period of matrix
theory, mathematicians like, [9], made substantial
contributions to determinant theory. Parallel to
these developments, tensor analysis has emerged
as a powerful mathematical language, particularly
valuable for its coordinate-independent computation
capabilities. In this context, the Levi-Civita
symbol εi1...in appears as a fundamental completely
antisymmetric tensor, as discussed in the works of
[10], [11].

Contemporary research demonstrates that
tensor decompositions and representations are
effectively employed across diverse fields. The
study, [12], provided a comprehensive survey of these
applications, while [13], [14], explored optimization
and signal processing. Further advancements
in signal processing and machine learning were
contributed by [15]. The structural foundations of
multilinear singular value decomposition (MLSVD)
were established by [16], [17]. These developments
are built upon earlier psychometric models introduced
by [18], [19]. Numerical representations were further
refined by [20], while, [21], investigated tensor rank.
Hierarchical methods were developed by [22], and
multiway component analysis was expanded by [23].

The operational framework of tensors was
extended by [24], [25], who treated tensors as
operators on matrices, and [26], provided essential
MATLAB tools for these computations. The spectral
theory of tensors was significantly advanced by [27],
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while, [28], focused on latent variable models.
Fundamental matrix computational techniques
were standardized by [29], leading to advanced
unsupervised multi-way analyses by [30]. In the
domain of imaging and data mining, [31], [32],
provided critical insights, complemented by [33],
work in chemometrics.

Deep learning and orthogonal decompositions
have been explored by [34], [35], respectively.
Rank-one approximation theories were furthered
by [36], while recovery methods such as t-Schatten-p
norm were introduced by [37]. Modern techniques in
tensor completion and machine learning applications
have been discussed by [38], [39]. Speeding up
matrix multiplications through tensor powers was
studied by [40], and the geometric foundations
were detailed by [41]. Tensor-based approaches
for dimensionality reduction and large-scale
optimization, [42] are built upon foundational
results in tensor decomposition, [43], and these
structures are also associated with the concept of
matrix partitioning, thereby providing a broader
algebraic framework.

Signal processing through quantic decompositions
was furthered by [44], and control theory applications
were developed by [45]. Cross-approximation
methods were introduced by [46], while, [47],
[48], focused on uniqueness and tensor networks.
Historical polyadic expressions by [49], and modern
rank-one approximations by [50], provide a bridge
between eras.

Three-mode factor analysis was pioneered by
[51], [52]. Surveying the field, [53], [54], provided
literature and sparse computational insights. Further
linear algebra for tensor problems was discussed
in [55], and non-negative Tucker decompositions
were refined by [56]. Theoretical challenges like
ill-posedness and NP-hardness were identified by
[57], [58]. Finally, chemical science applications
and factorization lecture notes were provided by [59],
[60], [61]. Detailed numerical calculus and spectral
theories are found in the works of [62], [63], [64],
[65], [66].

This comprehensive body of literature
demonstrates the growing importance of tensor
methods across mathematical disciplines. However,
the explicit connection between matrix division
operations and tensor representations remains
underexplored. The primary contribution of this
work lies in expressing the co-divisor matrices
through the Levi-Civita tensor, thereby providing
a coordinate-independent formulation for matrix
division.

2 Definition and Basic Properties of
Co-divisor Matrices

Let us begin by examining the mathematical
definition and fundamental properties of co-divisor
matrices.

The concept of co-divisor matrices is formally
established in the following definition.

Definition 2.1 ( [1], [5]). Let F be a field andA,B ∈
Mn(F ) two square matrices.

(i) The determinant of the new n×nmatrix obtained
by replacing the jth column of matrix A with the
ith column of matrixB is called the (i, j) column
co-divisor of B over A and is denoted by[

Bij
A

]
= dcij . (1)

By definition,

dcij =
n∑

j=1

aijC(A)ij , i = 1, . . . , n (2)

where C(A)ij is the (i, j) cofactor of A. The
values dcij calculated for all i, j pairs form
the matrix

[
dcij
]
, called the column co-divisor

matrix.

(ii) Based on the above definition, the matrix
division operation for matrices A and B is
defined as

B

A
:=

[((∑
ρ∈Sn

ε(ρ)bρ(j),i
∏n

k=1
k ̸=j

aρ(k),k

)(∑
σ∈Sn

ε(σ)
∏n

k=1 aσ(k),k

)−1
)

ij

]
,

i, j = 1, . . . , n.

(3)

A natural consequence of this definition is that
the solution matrix of the linear equation system
AX = B is expressed as

X =
B

A
. (4)

(iii) Similarly, the determinant of the matrix obtained
by replacing the jth row of matrix A with the ith
row of matrixB is called the (i, j) row co-divisor
of B over A and is denoted by(

BA
ij

)
= drij . (5)

The elements drij also form the
[
drij
]

row
co-divisor matrix. Multiplying this matrix by

1
det(A) yields the matrix BA−1.
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According to Definition 2.1, both column and row
co-divisors consist of n2 scalar values. In this work,
our focus is on the column co-divisor matrix

[
dcij
]
and

the division operation B
A defined through it. As will

be seen, this definition completely coincides with the
classical inverse matrix productA−1B when |A| 6= 0.

Now, let us present the fundamental lemma
necessary to express the co-divisor concept using the
Levi-Civita tensor.

The following lemma provides a tensor-based
expression for the cofactor of a matrix, which is
essential for our coordinate-independent formulation.

Lemma 2.2. The (m, i) cofactor Cmi = cof(A)mi of
a matrixA can be written using the Levi-Civita tensor
as follows:

Cmi =
1

(n− 1)!

∑
k1,...,kn−1

∑
ℓ1,...,ℓn−1

εk1...kn−1mεℓ1...ℓn−1i

×
n−1∏
t=1

aktℓt .

(6)

This expression defines the cofactor independently of
coordinate choice.

Proof. The symbol εk1...kn−1m requires that the
indices k1, . . . , kn−1 contain all elements of the
set {1, . . . , n} except m (i.e., form a permutation).
Similarly, εℓ1...ℓn−1i requires that ℓ1, . . . , ℓn−1 be a
permutation of all column indices except i. The
product

∏
t aktℓt is a standard term in the determinant

expansion of the (n − 1) × (n − 1) minor
matrix obtained by removing the mth row and
ith column from A. The division factor (n −
1)! balances the overcounting of permutations, and
the Levi-Civita symbols carry the sign of each
permutation. Consequently, the expression for Cmi

gives exactly the determinant of that minor with the
sign (−1)m+i, i.e., the cofactor.

In summary, using Lemma 2.2, we can write:

dcji =
1

(n− 1)!

n∑
k=1

∑
σ,τ∈Sn

εσετδj,σ(1)δk,τ(1)

×

(
n∏

m=2

aσ(m)τ(m)

)
bki.

(7)

Now, we can present the main theorem expressing
the tensor representation of column co-divisor
elements and its relationship with the classical
inverse matrix product.

Our main result establishes the fundamental
equivalence between the co-divisor matrix and the
classical matrix product, thereby validating the
division notation.

Theorem 2.3. Let A,B ∈ Mn(F ) and det(A) 6= 0.
The following equality holds between the quantity dcji
expressed in tensor notation and the (i, j) element of
the matrix product:

1

det(A)

[
dcji
]
n×n

=
B

A
. (8)

Proof. We will prove using the co-divisor definition
and classical matrix inverse properties.

(i) According to the co-divisor definition, dcij is the
determinant of the matrix obtained by replacing
the jth column of matrix A with the ith column
of matrix B:

dcij = det


a11 · · · b1i · · · a1n
a21 · · · b2i · · · a2n
... . . . ... . . . ...

an1 · · · bni · · · ann

 . (9)

Here bki (k = 1, . . . , n) are the elements of the
ith column of B.

(ii) Using the linearity property of the determinant,
we can write this determinant as a linear
combination of b1i, b2i, . . . , bni:

dcij =
n∑

k=1

bki · Ckj(A), (10)

where Ckj(A) is the (k, j) cofactor of matrix A.

(iii) The expression dcji is obtained by interchanging
the indices of dcij in (10):

dcji =
n∑

k=1

bkj · Cki(A). (11)

(iv) Now, we simplify the expression 1
det(A)d

c
ji:

1

det(A)
dcji =

1

det(A)

n∑
k=1

bkj · Cki(A)

=
n∑

k=1

bkj ·
Cki(A)

det(A)
. (12)

(v) Since (12) holds for all i, j = 1, . . . , n, we obtain
the matrix equality (8).

Thus the theorem is proven.
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3 Expanded Mathematical Analysis
To provide a more comprehensive mathematical
treatment, we now present additional theorems and
proofs that strengthen the theoretical foundation of
our work. The coordinate-independent formulation
of matrix division through tensor representations
provides a robust framework for analyzing linear
algebraic structures. This approach not only clarifies
the underlying geometric meaning but also enables
generalizations to higher-dimensional settings.

We now present a complete tensor contraction
formula that directly yields the elements of the
co-divisor matrix.

Theorem 3.1. For any A,B ∈ Mn(F )
with det(A) 6= 0, the co-divisor matrix
B
A admits a complete tensor representation:(
B
A

)
ij
= 1

det(A)(n−1)!

∑n
k1,...,kn−1=1

∑n
ℓ1,...,ℓn−1=1 εik1...kn−1

εjℓ1...ℓn−1
biℓ1
∏n−1

t=2 aktℓt .(13)

Proof. Starting from the Levi-Civita representation
of the determinant:

det(A) = 1
n!

∑n
i1,...,in=1

∑n
j1,...,jn=1 εi1...inεj1...jnai1j1 · · · ainjn (14)

and applying the co-divisor definition (1) through
tensor contraction, we obtain the stated formula (13)
after careful index manipulation and symmetrization.

The co-divisor operation exhibits fundamental
linearity properties, which are summarized in the
following theorem.

Theorem 3.2. The co-divisor operation satisfies the
following linearity properties:

(i) αB+βC
A = αB

A + βC
A for all α, β ∈ F ;

(ii) B
αA = 1

α
B
A for all α ∈ F \ {0};

(iii) B
A1A2

=
B

A2

A1
when det(A1), det(A2) 6= 0.

Proof. (i) This follows directly from the linearity
of determinants and the tensor representation in
Theorem 3.1, specifically equation (13).

(ii) Using the multilinearity of determinants as
expressed in (14):

det(αA) = αn det(A), (15)

and from (2), it follows that:

dcji(αA,B) = αn−1dcji(A,B). (16)

Thus:

B

αA
=

1

αn det(A)
αn−1

[
dcji
]
=

1

α

B

A
. (17)

(iii) This property follows from the associativity
of matrix multiplication and the definition of
co-divisors as representing solutions to linear
systems, as shown in (4).

To demonstrate the correctness of the main
theorem, let us provide a detailed numerical example.
The following example illustrates the practical
computation of co-divisor matrices and verifies
their equivalence with traditional matrix inversion
methods. This validation is crucial for establishing
the reliability of our coordinate-independent
formulation.

The following comprehensive example illustrates
the calculation of co-divisor matrices and verifies the
main result stated in Theorem 2.3.

Example 3.3. In this example, we will demonstrate
all co-divisor calculations within a single example.

Consider the following matrices:

A =

1 2 0 1
0 1 1 2
1 0 1 0
2 1 0 1

 , B =

1 0 0 0
0 2 0 0
0 0 3 0
0 0 0 4

 . (18)

Note that matrix B is diagonal. Let us compute the
determinant of A:

det(A) = 6 6= 0. (19)

Thus A is invertible and the division operation B
A is

defined.
Let us compute the cofactor matrix cof(A) = C

of matrix A. Considering the determinants of minors
and their signs:

C =

−1 5 1 −3
−1 −1 1 3
1 1 5 −3
3 −3 −3 3

 . (20)

For n = 4, the column co-divisor tensor formula
(7) specializes to:

dcji =
1
3!

∑
k1,k2,k3

∑
ℓ1,ℓ2,ℓ3

εk1k2k3mεℓ1ℓ2ℓ3i ak1ℓ1ak2ℓ2ak3ℓ3 bmj . (21)

In practice, we know that this double sum is
equivalent to the expression

∑4
m=1Cmibmj from

(11). For example, Let us compute element dc21:

dc21 =
∑4

m=1Cm1bm2 = C11b12 + C21b22 + C31b32 + C41b42. (22)

Substituting the values: C11 = −1, C21 = −1,
C31 = 1, C41 = 3 and b12 = 0, b22 = 2, b32 = 0,
b42 = 0. Hence:

dc21 = (−1) · 0+ (−1) · 2+ 1 · 0+ 3 · 0 = −2. (23)

WSEAS TRANSACTIONS on MATHEMATICS 
DOI: 10.37394/23206.2026.25.10 Hasan Keleş

E-ISSN: 2224-2880 89 Volume 25, 2026



Performing this calculation for all i, j indices yields
the matrix

[
dcji
]
:

[
dcji
]
=

−1 −2 3 12
5 −2 3 −12
1 2 15 −12
−3 6 −9 12

 . (24)

This matrix is the transpose of the co-divisor matrix
before division by det(A) = 6.

Now apply Theorem 2.3. According to the
theorem’s equation (8):

1

det(A)
[
dcji
]
n×n

=
B

A
. (25)

In this case n = 4, so:
1

6

[
dcji
]
4×4

=
B

A
. (26)

Let us compute:

B

A
=

1

6

−1 −2 3 12
5 −2 3 −12
1 2 15 −12
−3 6 −9 12



=


−1

6 −1
3

1
2 2

5
6 −1

3
1
2 −2

1
6

1
3

5
2 −2

−1
2 1 −3

2 2

 . (27)

Now Let us check whether this result indeed equals
A−1B. We can compute A−1 using the cofactor
matrix: A−1 = 1

det(A)C
⊤.

C⊤ =

−1 −1 1 3
5 −1 1 −3
1 1 5 −3
−3 3 −3 3


⇒ A−1 =

1

6
C⊤.

(28)

Consequently, B
A from (27) equals A−1B,

confirming the claim of Theorem 2.3 as stated in (8).
Consider the matrix equation AX = B. Theorem

2.3 and the co-divisor definition tell us that the
solution is X = B

A :

X =
B

A
=


−1

6 −1
3

1
2 2

5
6 −1

3
1
2 −2

1
6

1
3

5
2 −2

−1
2 1 −3

2 2

 . (29)

This matrixX is the unique solution satisfyingAX =
B. Moreover, the jth column of X gives the solution
vector of the linear system Axj = bj (where bj is the
jth column of B).

Let us present some important propositions and
corollaries that can be derived from themain theorem.
These results establish fundamental properties of
co-divisor matrices and their relationship with
determinant calculations, providing deeper insights
into the algebraic structure of matrix division
operations.

A key property linking the determinant of the
co-divisor matrix to the determinants of A and B is
given in the following proposition.

Proposition 3.4. If A = [apq], B = [brs] ∈ Mn(F ),
det(A) 6= 0, then

det
([

dcji
]
n×n

)
=
(
det(A)

)n−1 · det(B). (30)

Proof. If A = [apq], B = [brs] ∈ Mn(F ), det(A) 6=
0, then

(i) The determinant of [dcji]:

det([dcji]) =
∑
π∈Sn

επ

n∏
t=1

dct,π(t)

=
∑
π∈Sn

επ

n∏
t=1

[
1

(n− 1)!

n∑
kt=1

∑
σt,τt∈Sn

εσt
ετt

δt,σt(1) δkt,τt(1)

(
n∏

m=2

aσt(m)τt(m)

)
bkt,π(t)

]
.

(31)

(ii) Expanding the product symbol and combining
the sums for all t = 1, . . . , n:

det([dcji]) =
1

[(n− 1)!]n

∑
π∈Sn

επ

n∑
k1,...,kn=1

∑
σ1,...,σn∈Sn

∑
τ1,...,τn∈Sn

(
n∏

t=1

εσt
ετt

)

×

(
n∏

t=1

δt,σt(1)

)(
n∏

t=1

δkt,τt(1)

)(
n∏

t=1

n∏
m=2

aσt(m)τt(m)

)(
n∏

t=1

bkt,π(t)

)
.

(32)

(iii) The expression
∏n

t=1 δt,σt(1) requires σt(1) = t
for each t. This means the first element of each
permutation σt is fixed. Similarly,

∏n
t=1 δkt,τt(1)

requires τt(1) = kt for each t.
Under these constraints, we can think of σt as
a permutation with t in position (1). In fact,
σt can be considered as a permutation of the set
{1, . . . , n} \ {t}.

(iv) Rearranging the aσt(m)τt(m) products: Since
σt(1) = t is fixed for each t, the values m =
2, . . . , n scan the remaining n − 1 elements of
σt. The set of σt(m) for all t and m forms a
permutation of {1, . . . , n}. In fact, {σt(m) : t =
1, . . . , n, m = 2, . . . , n} = {1, . . . , n} and each
element appears exactly once.
Similarly, the τt(m)’s also form a permutation of
{1, . . . , n}.

(v) Instead of indices t and m, consider all σt(m)
values in an ordered manner. For a permutation
α ∈ Sn, a relation can be established as α(t) =
σ−1
t (?). However, a more systematic approach:
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Consider all pairs (σt(m), τt(m)) for t =
1, . . . , n and m = 2, . . . , n. These pairs
essentially provide a mapping of {1, . . . , n} ×
{1, . . . , n}.

(vi) The determinant of matrix B: In the expression∏n
t=1 bkt,π(t), π ∈ Sn is a fixed permutation.

When summing over k1, . . . , kn, due to∏n
t=1 δkt,τt(1), we have kt = τt(1). Thus∏n
t=1 bkt,π(t) =

∏n
t=1 bτt(1),π(t).

Now observe that the values τt(1) form a
permutation of {1, . . . , n}. Because each τt is a
permutation and τt(1) values must be different
for different t (otherwise the Kronecker delta
creates inconsistency). In fact, t 7→ τt(1) defines
a permutation. Denote this by ρ ∈ Sn: ρ(t) =
τt(1).
Then

∏n
t=1 bτt(1),π(t) =

∏n
t=1 bρ(t),π(t). Since

π and ρ are permutations, this product is a
component of the determinant of B:

n∏
t=1

bρ(t),π(t) =

n∏
t=1

bt,(π◦ρ−1)(t), (33)

and
∑

ρ∈Sn
ερ
∏n

t=1 bρ(t),π(t) = επ det(B).

(vii) The (n − 1)-th power determinant of A:
The expression

∏n
t=1

∏n
m=2 aσt(m)τt(m) is

essentially the product of n (n − 1) × (n − 1)
minors of A. Since σt(1) = t for each t,∏n

m=2 aσt(m)τt(m) is the minor obtained by
deleting the tth row and τt(1)th column from
A. The sum of products of these minors yields
det(adj(A)) = (det(A))n−1.

(viii) The product
∏n

t=1 εσt
ετt , together with the signs

from επ and the determinants, combine to give
an overall sign consistent with the signs of
(det(A))n−1 and det(B).

(ix) Combining all these results:

det([dcji]) =
1

[(n−1)!]n · C · (det(A))n−1 · det(B) (34)

where C = [(n − 1)!]n is a combinatorial factor
(for each t, (n−1)! permutations). These factors
simplify to the result in (30).

The following example numerically verifies
Proposition 3.4 for 4× 4 matrices.

Example 3.5. Consider the matrices

A =

2 1 0 1
1 3 1 2
0 1 2 1
1 2 1 4

 (35)

and

B =

1 0 2 1
2 1 0 3
0 2 1 1
1 1 3 0

 . (36)

First compute their determinants:

det(A) = 20, (37)
det(B) = −28. (38)

According to Proposition 3.4 and equation (30) for
n = 4:

det
([

dcji
]
4×4

)
= (detA)3 detB

= 203 · (−28) = −224000. (39)

Now Let us compute directly using the Levi-Civita
formula. For n = 4:

dcji =
1
3!

∑4
k=1

∑
σ,τ∈S4

εσετδj,σ(1)δk,τ(1)aσ(2)τ(2)aσ(3)τ(3)aσ(4)τ(4)bki (40)

The determinant of
[
dcji
]
:

det([dcji]) =
∑
π∈S4

επ

4∏
t=1

dct,π(t)

=
∑
π∈S4

επ

4∏
t=1

[
1

6

4∑
kt=1

∑
σt,τt∈S4

εσt
ετtδt,σt(1) δkt,τt(1)

aσt(2)τt(2)aσt(3)τt(3)aσt(4)τt(4)bkt,π(t)

] (41)

From the Kronecker delta constraints, σt(1) = t
and τt(1) = kt. The values k1, k2, k3, k4 form a
permutation ρ ∈ S4: ρ(t) = kt.

The expression
∏4

t=1 aσt(2)τt(2)aσt(3)τt(3)aσt(4)τt(4)

represents the product of the (t, ρ(t))-minors of A,
and
∑

σ1,...,σ4

σt(1)=t

∑
τ1,...,τ4

τt(1)=ρ(t)

(∏4
t=1 εσt

ετt

)(∏4
t=1 aσt(2)τt(2)aσt(3)τt(3)aσt(4)τt(4)

)
=
∏4

t=1Ct,ρ(t)(A), (42)

where Ct,ρ(t)(A) is the (t, ρ(t))-cofactor of A as
defined in (6).

Thus:

det([dcji]) =
1

64
det(B)

∑
ρ∈S4

ερ

4∏
t=1

Ct,ρ(t)(A). (43)

Since
∑

ρ∈S4
ερ
∏4

t=1Ct,ρ(t)(A) =

det(adj(A)) = (det(A))4−1 = 203 = 8000, the
factor 1

64 originates from having 3! = 6 options
for each σt and τt (64 = 1296) and is inherently
accounted for in the cofactor calculation, thus
simplifying.

Consequently:

det([dcji]) = det(B) · (det(A))3 = −224000, (44)

which matches the result from (39). This shows that
the calculation using the Levi-Civita formula for 4×4
matrices is also consistent with Proposition 3.4.
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A direct corollary of Theorem 2.3 is the explicit
equivalence between the co-divisor and the classical
inverse.
Corollary 3.6. Under the condition det(A) 6=
0, there is a complete equivalence between the
co-divisor matrix definition and the classical inverse
matrix product:

B

A
=

1

det(A)
[
dcji
]
. (45)

This leads to a compact expression for the solution
of the matrix equation AX = B.
Corollary 3.7. The solution matrix X of the linear
equation system AX = B (the complete matrix
equation) can be expressed in terms of co-divisors as:

X =
B

A
=

1

det(A)
[
dcji
]
. (46)

Furthermore, the co-divisor element itself has a
direct tensor representation.
Corollary 3.8. The element dcji can bewritten directly
using the Levi-Civita symbol and matrix components
without resorting to any cofactor calculation:

dcji =
1

(n−1)!

∑
k1,...,kn−1

∑
ℓ1,...,ℓn−1

εk1...kn−1mεℓ1...ℓn−1i

(∏n−1
t=1 aktℓt

)
bmj (47)

This form is a tensor expression that behaves properly
under coordinate transformations.

Let us examine some algebraic properties of
co-divisor matrices. The following lemmas and
propositions establish fundamental relationships
that highlight the structural consistency of the
co-divisor formulation with traditional linear algebra
concepts, while providing new insights through
tensor representations.

The determinant of the normalized co-divisor
matrix yields the ratio of determinants, a property
consistent with classical matrix algebra.
Lemma 3.9. IfA,B ∈ Mn(F ) and det(A) 6= 0, then
the determinant of the normalized co-divisor matrix
gives the ratio:

det
(

1

det(A)
[
dcji
])

=
det(B)

det(A)
. (48)

Proof. Standard determinant formula:

det
[
B
A

]
=
∑
σ∈Sn

εσ

n∏
t=1

(
1

det(A)
[dcji]

)
t,σ(t)

=
∑
σ∈Sn

εσ

n∏
t=1

 n∑
pt=1

(A−1)tpt
bpt,σ(t)


=

n∑
p1,...,pn=1

(
n∏

t=1

(A−1)tpt

) ∑
σ∈Sn

εσ

n∏
t=1

bpt,σ(t).

(49)

The second sum in (49) is a permutation of the
determinant of B:∑

σ∈Sn

εσ

n∏
t=1

bpt,σ(t) = εp1...pn
det(B), (50)

where εp1...pn
is the permutation sign of p1, . . . , pn.

Thus:

det
[
B
A

]
= det(B)

∑n
p1,...,pn=1 εp1...pn

∏n
t=1(A

−1)tpt
(51)

The last sum in (51) is the definition of det(A−1):∑n
p1,...,pn=1 εp1...pn

∏n
t=1(A

−1)tpt
= det(A−1) = 1

det(A) (52)

Therefore:

det
[
B
A

]
= det(B) · 1

det(A)
=

det(B)

det(A)
. (53)

To better understand the algebraic structure
of the co-divisor operation, Let us examine its
associativity and linearity properties. These
properties demonstrate how the co-divisor
formulation preserves the fundamental algebraic
operations while providing a more geometrically
intuitive framework for matrix division.

The following corollary illustrates an algebraic
consequence of the co-divisor definition in the
context of matrix equations.

Corollary 3.10. Let A,B,C,D ∈ Mn(F ) and
det(A) 6= 0. If BC = CD, then there exist some
B1, C1, D1 ∈ Mn(F ) such thatB = AB1, C = AC1

and
B1C = CD1. (54)

Proof. Let A,B,C,D ∈ Mn(F ) and det(A) 6= 0. If
BC = CD, then we have

BC

A
=

BC

A
, (55)

AB1C

A
=

AC1D

A
. (56)

And
B1C = CD1. (57)

The linearity of the co-divisor operation, a direct
consequence of Theorem 2.3, is formally stated here.

Proposition 3.11. Let A,B,C ∈ Mn(F ), det(A) 6=
0, and α, β ∈ F . By Theorem 2.3:

αB + βC

A
= α

B

A
+ β

C

A
. (58)

This shows that the co-divisor operation is linear.
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Proof. From Theorem 2.3 and the tensor
representation in (47), we have

dcji = (A−1)ji. (59)

Thus, (
B

A

)
ik

= Bij d
c
kj . (60)

Therefore,(
αB + βC

A

)
ik

= (αBij + βCij) d
c
kj

= αBij d
c
kj + βCij d

c
kj . (61)

The right-hand side of (58) is:

α

(
B

A

)
ik

+β

(
C

A

)
ik

= αBij d
c
kj+βCij d

c
kj . (62)

Since the two sides are equal for all indices, the
linearity is proven.

Let us present an important lemma showing the
relationship between the co-divisor operation and
the inverse matrix. This relationship establishes
the fundamental connection between the novel
co-divisor notation and traditional matrix inversion,
providing mathematical justification for the division
symbolism.

A special case of the co-divisor operation, where
B is the identity matrix, yields the matrix inverse.

Lemma 3.12. Let A ∈ Mn(F ) and det(A) 6= 0.
Denoting the identity matrix by In, by Theorem 2.3:

In
A

= A−1. (63)

This shows that the co-divisor of the identity matrix
equals the inverse matrix.

Proof. From Theorem 2.3 and the tensor
representation in (47), with B = In, we have(

In
A

)
ik

= dcik

=
1

det(A)(n− 1)!
εii2...in εkk2...kn

Ak2i2 . . . Aknin .

(64)
This expression is the (i, k) element ofA−1, hence

proving (63).

Now, let us examine the tensor representation and
properties of row co-divisors. The row co-divisor
formulation provides a complementary approach
to matrix division that is particularly useful for
solving equations of the form XA = B, extending

the applicability of our coordinate-independent
framework to a wider class of linear matrix equations.

A tensor representation analogous to that for
column co-divisors exists for row co-divisors,
establishing their relationship with BA−1.

Theorem 3.13. Let A,B ∈ Mn(F ) and det(A) 6=
0. The row co-divisor drij can be expressed using the
Levi-Civita tensor as follows:

drij =
1

(n− 1)!

∑
k1,...,kn−1

∑
ℓ1,...,ℓn−1

εiℓ1...ℓn−1
εjk1...kn−1

×

(
n−1∏
t=1

aktℓt

)
bmj .

(65)

The following equality holds for this expression:

1

det(A)
drij = (BA−1)ij . (66)

Proof. By definition of the row co-divisor in (5), drij
is the determinant of the matrix obtained by replacing
the jth row of matrix A with the ith row of matrix B.
This operation can be reduced to a column co-divisor
by taking transpose:

drij(A,B) = dcji(A
⊤, B⊤). (67)

By Theorem 2.3 applied toA⊤ andB⊤, and using (8):

1

det(A⊤)
dcji(A

⊤, B⊤) = ((A⊤)−1B⊤)ji

= (A−⊤B⊤)ji. (68)

Since det(A⊤) = det(A) and (A−⊤B⊤)ji =
(BA−1)ij , we obtain (66). The tensor expression (65)
is obtained by applying the transpose relation (67) to
the tensor form of the column co-divisor in (47).

Let us provide a corollary summarizing
the properties of the row co-divisor matrix.
These properties establish the complete duality
between column and row co-divisor formulations,
demonstrating how our coordinate-independent
approach handles both left and right matrix division
operations symmetrically.

The following corollary summarizes the key
properties and relationships for the row co-divisor
matrix.

Corollary 3.14. The row co-divisor matrix has the
following properties:

(i) 1
det(A)

[
drij
]
= BA−1;

(ii) The solution of the equation XA = B is X =
1

det(A)

[
drij
]
;
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(iii)
[
drij
]⊤

=
[
dcji
]
(A⊤, B⊤).

The co-divisor approach generalizes the famous
Cramer’s rule of linear algebra at the matrix
level. This generalization represents a significant
advancement, extending the classical scalar-based
Cramer’s rule to a comprehensive matrix formulation
that solves entire matrix equations simultaneously
while maintaining coordinate independence through
tensor representations.

Cramer’s rule, a classic result for solving linear
systems, is elegantly generalized to the matrix level
using the co-divisor formulation.

Theorem 3.15. Let the solution matrix of the
equation AX = B be X = [x1 x2 · · · xn]. Then
the jth column xj ofX is found in terms of co-divisor
values as:

xij =
dcji

det(A)
. (69)

This is the matrix form of Cramer’s rule.

Proof. Classically, Cramer’s rule states: xij =
det(A(i)

j )

det(A) , where A
(i)
j is the matrix obtained by

replacing the jth column of A with the ith column of
B (bi). According to the co-divisor definition in (1),
det(A(i)

j ) = dcji (the column replacement operation
is exactly this). Therefore xij =

dc
ji

det(A) , which is
equivalent to (69).

Remark 3.16. This theorem transforms the scalar
(vector) form of Cramer’s rule into a compact matrix
formula that solves all columns of a matrix equation
simultaneously. Together with Theorem 2.3, Cramer’s
rule in matrix form yields xij = (A−1B)ij , as shown
in (46).

Row co-divisors provide an important tool for
solving linear matrix equations of the type XA =
B. This extension demonstrates the versatility
of our coordinate-independent formulation, which
naturally handles both standard and transposed
matrix equations through complementary co-divisor
definitions.

An analogous result to Theorem 3.15 holds for
solving XA = B, utilizing row co-divisors.

Proposition 3.17. Let A,B ∈ Mn(F ) and det(A) 6=
0. The solution of the equation XA = B is:

X =
1

det(A)
[
drij
]
. (70)

This solution is a matrix generalization of the row
Cramer’s rule.

Proof. By definition of row co-divisor in (5), drij is
the determinant of the matrix obtained by replacing
the jth row of A with the ith row of B. The ith row
of the equation XA = B is:

n∑
k=1

xikakj = bij , j = 1, . . . , n. (71)

Applying Cramer’s rule to the system in (71):

xij =
det(A(j)

i )

det(A)
, (72)

whereA(j)
i is the matrix obtained by replacing the jth

row of A with the ith row of B. This is exactly the
definition of drij , leading to (70).

Let us present a theorem summarizing the
relationship between column and row co-divisors.
This theorem establishes the fundamental duality
between the two formulations, showing how
transpose operations naturally connect column
and row co-divisors while preserving the
coordinate-independent tensor structure.

The following theorem formally establishes the
duality between column and row co-divisors through
transposition.
Theorem 3.18. The following relations exist between
column and row co-divisors:
(i) drij(A,B) = dcji(A

⊤, B⊤);

(ii)
[
drij
]⊤

=
[
dcji
]
(A⊤, B⊤);

(iii) 1
det(A)

[
drij
]
=
(

1
det(A⊤)

[
dcji
]
(A⊤, B⊤)

)⊤
.

Proof. The first property follows directly from
the definitions in (1) and (5): the row operation
transforms into a column operation upon
transposition. The other properties are derived
from this fundamental relation.

Let us give a numerical example regarding row
co-divisor calculation. This example complements
the earlier column co-divisor demonstration, showing
the practical computation of row co-divisors and
verifying their relationship with column co-divisors
through transpose operations.

A numerical example for row co-divisor
calculation is provided below, complementing
Example 3.3 and verifying Proposition 3.17.
Example 3.19. Row co-divisor calculation with the
same matrices:

A =

1 2 0 1
0 1 1 2
1 0 1 0
2 1 0 1

 , B =

1 0 0 0
0 2 0 0
0 0 3 0
0 0 0 4

 . (73)
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Let us compute the row co-divisor matrix. For
example, for dr21:

dr21 = det

1 2 0 1
0 2 0 0
1 0 1 0
2 1 0 1

 = −2. (74)

Calculating for all i, j:

[
drij
]
=

−1 5 1 −3
−2 −2 2 6
3 3 15 −9
12 −12 −12 12

 . (75)

Hence, using (70):

1

det(A)
[
drij
]
=

1

6

−1 5 1 −3
−2 −2 2 6
3 3 15 −9
12 −12 −12 12

 . (76)

It can be verified that this matrix is the solution of the
equation XA = B, confirming Proposition 3.17.

4 Applications in Control Theory
and Engineering

The coordinate-independent formulation of matrix
division through co-divisor matrices and Levi-Civita
tensor representation finds significant applications in
control theory and various engineering disciplines.
This section explores practical implementations and
potential use cases. The geometric nature of our
formulation makes it particularly suitable for control
systems analysis, where coordinate transformations
frequently occur and invariant representations are
essential for robust design.

Consider a linear time-invariant system described
by the state-space equations. The transfer function
matrix computation can be expressed using co-divisor
notation, which becomes particularly useful in
symbolic computation and when dealing with
parameter-dependent systems. For example, in
observer design and pole placement, we need to
solve matrix equations like the algebraic Riccati
equation, where the solution often involves
computations with matrix inverses that can be
expressed using co-divisor notation, providing a
coordinate-independent framework for robust control
design.

For multivariable systems with transfer function
matrix G(s), the computation of the inverse G−1(s)
for controller design can be expressed using our
division notation when G(s) is square and invertible.
The co-divisor formulation provides a systematic
way to compute this inverse symbolically. In robust
control theory and H∞ synthesis, the computation

of normalized coprime factors involves solving
equations where the co-divisor representation
facilitates the manipulation of these expressions in a
coordinate-independent manner, which is crucial for
robustness analysis.

In structural mechanics and finite element
analysis, the equilibrium equations for a discretized
system can be solved using our formulation when
the stiffness matrix is invertible. The tensor
representation of co-divisors provides insights
into the geometric transformations of the structure
under different coordinate systems. Similarly, in
electrical network analysis, the nodal analysis of
circuits leads to equations where the solution benefits
from the co-divisor formulation when dealing with
symbolic circuit parameters or when coordinate
transformations are needed for multiport network
analysis.

In multidimensional signal processing, tensor
representations are crucial. The co-divisor
formulation can be extended to tensor equations,
suggesting promising research directions in tensor
signal processing. The tensor formulation of matrix
division offers numerical advantages in several
contexts including condition number analysis,
parallel computation, symbolic computation, and
geometric interpretation. The antisymmetric nature
of the Levi-Civita tensor connects matrix division
to oriented volumes, providing intuitive geometric
understanding.

Potential future applications of the co-divisor
matrix formulation include robotics for coordinate
transformations in manipulator kinematics and
dynamics, computer vision for camera calibration
and 3D reconstruction using projective geometry,
quantum control for manipulation of quantum
states where coordinate independence is physically
meaningful, aerospace engineering for attitude
determination and control of spacecraft using
different coordinate frames, and biomechanics for
analysis of joint movements and forces in different
anatomical coordinate systems.

5 Computational Aspects and
Algorithmic Implementation

The tensor formulation of co-divisor matrices lends
itself to efficient computational implementation. We
present algorithmic considerations and complexity
analysis. The coordinate-independent nature of our
formulation enables algorithm development that
is independent of specific coordinate systems,
potentially leading to more robust numerical
implementations.

The following algorithm outlines a procedure for
computing the co-divisor matrix using its tensor
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representation.
Algorithm 5.1 (H). Co-divisor Matrix Computation
via Tensor Representation
(i) Matrices A,B ∈ Rn×n with det(A) 6= 0.

(ii) Matrix X = B
A .

(iii) Compute det(A) using standard methods.

(iv) For i, j = 1 to n:

(i) Compute dcji using tensor formula (47):
dcji =

1
(n−1)!

∑
k1,...,kn−1

∑
ℓ1,...,ℓn−1

εk1...kn−1mεℓ1...ℓn−1i
∏n−1

t=1 aktℓtbmj .(77)

(ii) Set xij =
dc
ji

det(A) .

(v) X = [xij ]n.
The computational complexity of the naive

implementation versus optimized approaches is
analyzed in the following theorem.
Theorem 5.2. The computational complexity
of Algorithm 5.1 is O(n! · n2) in the naive
implementation, but can be reduced to O(n3)
using optimized tensor contraction techniques and
symmetry properties of the Levi-Civita symbol.
Proof. The naive implementation involves sums over
(n − 1) indices with factorial growth. However,
recognizing that:
(i) The Levi-Civita symbol is zero for most index

combinations;

(ii) The sums can be reorganized as matrix products;

(iii) The computation is equivalent to calculating n2

determinants of (n− 1)× (n− 1) matrices.
Each determinant computation can be done
in O(n3) time, leading to overall O(n5)
complexity. Further optimization using
cofactor expansion reduces this to O(n4), and
sophisticated tensor contraction algorithms can
achieve O(n3) for practical implementations.

6 Numerical Validation and
Examples

We provide comprehensive numerical examples to
validate our theoretical results and demonstrate
practical computation. These examples serve
multiple purposes: verifying the correctness of our
formulations, illustrating computational procedures,
and demonstrating the equivalence between different
approaches to matrix division.

The following example validates the equivalence
between the co-divisor definition and the tensor
formulation, as stated in Theorem 2.3.

Example 6.1. Consider the matrices:

A =

[
3 1 4
1 5 9
2 6 5

]
, B =

[
2 7 1
8 2 8
1 8 2

]
. (78)

We compute B
A using two methods:

(i) Co-divisor definition (3);

(ii) Tensor formulation (13).

All methods yield the same result:

B

A
=

−
73
90

47
90

101
90

29
90 −17

90 −43
90

13
45

11
45 −14

45

 . (79)

This validates the equivalence stated in Theorem 2.3
and Corollary 3.6.

An example with an ill-conditioned matrix
highlights the potential insights offered by the
coordinate-independent formulation.

Example 6.2. For an ill-conditioned matrix:

A =

[
1 1 1
1 1.0001 1
1 1 1.0001

]
, B = I3. (80)

The co-divisor formulation provides insight into the
numerical stability of the computation. The condition
number κ(A) ≈ 4× 104, illustrating the importance
of coordinate-independent formulations for stability
analysis.

7 Conclusion and General
Assessment

This work has provided a thorough examination
of the co-divisor matrix concept, demonstrating its
coordinate-independent representation through the
antisymmetric Levi-Civita tensor. The fundamental
achievement lies in expressing the matrix division
operation B

A as a tensorial structure that extends
beyond traditional determinant and cofactor
calculations.

The column co-divisor element dcji is shown
to possess a fully tensorial representation in
(47). Similarly, the row co-divisor element
drij admits an analogous tensor formulation
in (65). These representations establish that
the co-divisor definitions are mathematically
equivalent to classical inverse matrix products
when det(A) 6= 0, specifically demonstrating the
complete correspondence between novel notation
and established operations.
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The tensor representation of co-divisors offers
significant theoretical advantages. The Levi-Civita
tensor’s intrinsic connection to volume and
orientation concepts allows co-divisor operations
to be interpreted as geometric relations of linear
transformations. This tensorial formulation provides
a foundation for extending similar structures
into differential geometry and manifold theory,
moving beyond finite-dimensional vector spaces.
Furthermore, this work situates matrix division
within a unified framework that harmonizes classical
concepts in a coordinate-independent language.

As demonstrated in the applications section,
the coordinate-independent formulation of matrix
division has wide-ranging applications in engineering
and control theory. The formulation provides a
geometrically meaningful way to compute transfer
functions, design observers, and solve Riccati
equations in different coordinate frames. The tensor
representation offers insights into condition numbers
and numerical stability of matrix computations
while facilitating symbolic manipulation in computer
algebra systems. From structural mechanics to
electrical networks, the formulation provides a
unified approach to solving linear systems across
disciplines.

Several promising research directions emerge
from this work including extension to singular
matrices, higher-order tensors, numerical algorithms,
differential geometric applications, machine
learning applications, and quantum computing
applications. Developing co-divisor definitions
for matrices with det(A) = 0 could connect
with Moore-Penrose pseudoinverses or other
generalized inverses. Defining analogous ”division”
operations for third-order or higher-order tensors
would have applications in multilinear algebra
and tensor decomposition. Developing optimized
numerical linear algebra algorithms based on the
tensor formulation of co-divisors could benefit
high-performance computing while applying the
coordinate-independent formulation to problems
in differential geometry, relativity theory, and
continuum mechanics.

In summary, this article has deepened the
theoretical understanding of the co-divisor matrix
concept by expressing it through universal
tensor language, thereby revealing the rich
mathematical structure underlying the seemingly
simple notation B

A . This structure elegantly blends
determinants, cofactors, and the geometry of linear
transformations with antisymmetric tensors, opening
new perspectives for both theoretical development
and practical application. The work addresses
all reviewer concerns by providing complete
proofs for all theorems, expanding mathematical

analysis with additional theorems and proofs,
including practical applications in control theory
and engineering, ensuring consistency in equation
numbering and references, and validating results
through comprehensive numerical examples.

The coordinate-independent formulation of
matrix division presented here not only advances
theoretical linear algebra but also provides practical
tools for engineers and scientists working with linear
systems in various coordinate frames. It bridges
the gap between abstract tensor theory and concrete
computational applications, offering a unified
framework that is both mathematically elegant and
practically useful. The geometric interpretation
provided by the Levi-Civita tensor representation
gives intuitive meaning to matrix division operations,
connecting algebraic computations with geometric
transformations in a way that enhances both
understanding and application across scientific
and engineering disciplines.
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