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Abstract

In this paper, we introduce the generalized sum rank metric for
convolutional codes, which extends the Hamming metric and the (sum)
rank metric for both block and convolutional codes. This new metric
allows the information sent at each time instant to be divided into
smaller packets of arbitrary and different sizes. We derive a generalized
Singleton bound for codes in this metric and present constructions that
achieve this bound. In addition, we study column distances in the
generalized sum rank metric, provide upper bounds, and give optimal
code constructions.
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1 Introduction

When using error-correcting codes for application in random linear network
coding, the suitable framework is to consider codes endowed with the rank
metric instead of the classical Hamming metric. For the case of multi-
shot network coding, i.e. when a network is used several times to trans-
mit various packages of information, the proposed measure for the involved
error-correcting codes is the sum rank metric (see e.g. [NUF10, SK20]),
which turns out to be a generalization of both, Hamming metric and rank
metric for linear block codes; for more details on codes in the sum-rank
metric see e.g. [GMPS23, BGLR21]. In this setting, codes are used in
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several time instances, where dependencies between the packages sent in
the different shots should be created and where the overall metric can be
written as the sum of the metrics for the single time instances. This nat-
urally suggests the use of convolutional codes for multishot network cod-
ing and hence, rank metric convolutional codes have been studied in e.g.
[WZSS15, AMPN20, NPS17, MBK16]. When using convolutional codes in
the rank metric, the analogue to the free distance, i.e. the classical minimum
distance in the Hamming metric, is already called sum rank distance as the
structure of convolutional codes inherently connects the encoding of differ-
ent time instants and calculating distances in general involves forming a sum
of distances corresponding to different time instants. The same is true if one
considers column distances in the rank metric (see e.g. [MBK16, NPRS17]),
which are the crucial measure for low-delay applications.

In this paper, we propose an even more general point of view by in-
troducing the generalized sum rank distance for convolutional codes, which
is a generalization of the Hamming metric and the (sum) rank metric for
convolutional codes as well as a generalization of the sum rank metric for
block codes. The use of codes in this new metric for multishot network
coding allows to split the amount of information sent at one time instant
into smaller packages of arbitrary and different sizes. We show a general-
ized Singleton bound for convolutional codes in the generalized sum rank
metric and present constructions for codes that reach this bound. For these
constructions we make use of rank metric convolutional codes that reach
the Singleton bound in the usual (sum) rank metric. Moreover, we consider
column distances in the generalized sum rank metric, show upper bounds for
these distances and provide constructions for convolutional codes that are
optimal with respect to these bounds. Furthermore, we improve upon ex-
isting constructions for rank metric convolutional codes via showing how to
obtain rank metric convolutional codes with optimal column distances from
certain MRD block codes. In [MPN20, Definition 12] a generalized sum
rank metric (that is just called sum rank metric there) has already been
defined for vector rank metric convolutional codes. However, in [MPN20]
these codes are not studied in detail but are mainly used for the construction
of so-called partial MDP codes. Also in this paper, we take a different point
of view by considering matrix convolutional codes in the generalized sum
rank metric, which leads to upper bounds for sum rank column distances
that are much more involved than and differ from the bounds presented in
[MPN20, Proposition 4].

2 Preliminaries

The following definition generalizes Hamming metric and rank metric for
block codes. To this end we set F := Fn1×m1

q × · · · × Fnt×mt
q .
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Definition 1. Let t,mj , nj ∈ N, j = 1, . . . , t, ψ : Fn1m1+···+ntmt
q → F ,

v = (v1 · · · vt) 7→ (V1, . . . , Vt), vj = (v
(j)
1,1, . . . , v

(j)
1,mj

, . . . , v
(j)
nj ,1

, . . . , v
(j)
nj ,mj ) ∈

Fnjmj
q , Vj = (v

(j)
i,ℓ ) ∈ Fnj×mj

q . A sum rank metric block code C is
the image of a monomorphism φ = ψ ◦ γ for some monomorphism γ :

Fk
q → Fn1m1+···+ntmt

q , i.e. there exists a matrix G ∈ Fk×(n1m1+···+ntmt)
q ,

called a generator matrix of C, such that γ(u) = uG = v. For A =
(A1, . . . , At), B = (B1, . . . , Bt) ∈ F , the sum rank distance is defined as

dSR(A,B) = wtSR(A−B) =
t∑

j=1

wtR(Aj −Bj) =
t∑

j=1

rank(Aj −Bj)

and the (minimum) sum rank distance of C is

dSR(C) = min
A,B∈C,A̸=B

dSR(A,B) = min
C∈C\{0}

wtSR(C).

The following theorem generalizes the Singleton bound for Hamming
metric and rank metric block codes.

Theorem 1 ([BGLR21]). Let C ⊆ Fn1×m1
q × · · · × Fnt×mt

q be a sum rank
metric code with |C| ≥ 2 and dSR(C) = d. Let ℓ be the unique integer

satisfying 0 ≤ d− 1−
t∑

i=ℓ+1

ni ≤ nℓ − 1. Then, dim(C) ≤
ℓ∑

i=1
mini −mℓ(d−

1 −
t∑

i=ℓ+1

ni). Codes reaching equality in this bound are called Maximum

Sum Rank Distance (MSRD) block codes. For t = 1 such codes are
called Maximum Rank Distance (MRD).

Next, we generalize Definition 1 to the setting of convolutional codes. In
this way, we also get a generalization of both Hamming metric and rank-
metric convolutional codes. We define R := Fq[D]n1×m1 × · · · × Fq[D]nt×mt .

Definition 2. Let t,mj , nj ∈ N, j = 1, . . . , t, ψ : Fq[D]n1m1+···+ntmt → R,
v(D) = (v1(D) · · · vt(D)) 7→ (V1(D), . . . , Vt(D)),

vj(D) = (v
(j)
1,1(D), . . . , v

(j)
1,mj

(D), . . . , v
(j)
nj ,1

(D), . . . , v
(j)
nj ,mj (D)) ∈ Fq[D]njmj ,

Vj(D) = (v
(j)
i,ℓ (D)) ∈ Fq[D]nj×mj . A sum rank metric convolutional

code C is the image of a monomorphism φ = ψ ◦ γ for some monomor-
phism γ : Fk

q [D] → Fq[D]n1m1+···+ntmt, i.e. there is a matrix G(D) ∈
Fq[D]k×(n1m1+···+ntmt) with full rank, called a generator matrix of C, such
that γ(u(D)) = u(D)G(D) = v(D). For

A(D) = (A1(D), . . . , At(D)) = (
∑
i∈N

A1,iD
i, . . . ,

∑
i∈N

At,iD
i) ∈ R

B(D) = (B1(D), . . . , Bt(D)) = (
∑
i∈N

B1,iD
i, . . . ,

∑
i∈N

Bt,iD
i) ∈ R
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the generalized sum rank distance is defined as

dSR(A(D), B(D))=wtSR(A(D)−B(D))

=

t∑
j=1

wtR(Aj(D)−Bj(D))=

t∑
j=1

∑
i∈N

rank(Aj,i −Bj,i)

and the (minimum) generalized sum rank distance of C is

dSR(C) = min
A(D),B(D)∈C,
A(D)̸=B(D)

dSR(A(D), B(D)) =: min
C(D)∈C\{0}

wtSR(C(D)).

If we set t = 1 in the previous definition, we obtain a rank metric con-
volutional code, whose associated distance dR has been called sum rank
distance, see [NPRV17]. If we set nj = m1 = 1 for j = 1, . . . , t, we get
a convolutional code in the Hamming metric dH . As (sum rank metric)
convolutional codes are Fq[D]k-submodules of Fq[D]n, in the following, we
introduce some properties of polynomial matrices and polynomial modules.

Definition 3. Let G(D) =
∑µ

i=0GiD
i ∈ Fq[D]k×n with Gµ ̸= 0 and k ≤ n.

For each i = 1, . . . , k, the i-th row degree νi of G(D) is the largest degree
of any entry in row i of G(D). The external degree of G(D) is the sum
of its row degrees. The internal degree of G(D) is the maximal degree
of its k × k minors. If its external and internal degree are equal, G(D) is
called a minimal generator matrix of the convolutional code it generates.
The degree δ of a convolutional code C is defined as the external degree of a
minimal generator matrix of C. We call such a code an (n, k, δ) convolutional
code. A convolutional code C ⊂ R in the generalized sum rank-metric is
denoted as (n1 ×m1, . . . , nt ×mt, k, δ) convolutional code.

Definition 4. A convolutional code C is called non-catastrophic if any of
its generator matrices G(D) is left prime, i.e. if rk(G(λ)) = k for all λ ∈ Fq,
where Fq denotes the algebraic closure of Fq.

Note that non-catastrophic convolutional codes are delay-free, i.e. G0

has full rank. A convolutional code admits a parity-check matrix if and only
if it is non-catastrophic [VY97]. In the rest of this section, we introduce
column distances in the Hamming metric and in the rank metric.

Definition 5. For j ∈ N0, the j-th column distance of a convolutional
code C (in the Hamming metric) is defined as

dcj(C) := min {wtH(v0, . . . , vj) | v(D) = v0 + v1D + · · · ∈ C and v0 ̸= 0} .

Theorem 2. [GLRS06] Let C be an (n, k, δ) delay-free convolutional code.
For j ∈ N0, d

c
j(C) ≤ (n−k)(j+1)+1. Moreover, if dcj(C) = (n−k)(j+1)+1

for some j ∈ N0, then d
c
i (C) = (n− k)(i+ 1) + 1, for i ≤ j.
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Definition 6 ([NPRS17]). For j ∈ N0, the j-th column rank distance of
a (n×m, k, δ) non-catastrophic rank metric convolutional code is

dcrj (C) = min{wtR(V (D)|[0,j]) | V (D) ∈ C and V0 ̸= 0}

where V (D) =
∑
i∈N0

ViD
i and V (D)|[0,j] =

j∑
i=0

ViD
i.

Theorem 3 ([NPRS17]). Let C be an (n ×m, k, δ) non-catastrophic rank
metric convolutional code. Then,

dcrj (C) ≤ j

(
n−

⌊
k

m

⌋)
+ n−

⌊
k − 1

m

⌋
. (1)

Theorem 4 ([NPRS17]). Let C be an (n × m, k, δ) non-catastrophic rank
metric convolutional code. If dcrj (C) reaches the upper bound (1), then dcri (C)
reaches this bound for all i ≤ j.

Definition 7. If the bound in (1) is achieved for j = µ, then we call the code
Memory Maximum Sum Rank (m-MSR). If this bound is achieved for

L =

n
⌊
δ
k

⌋
+

⌊
δ−k(⌊ δ

k⌋+1)

m

⌋
+ ⌊k−1

m ⌋+ 1

n−
⌊
k
m

⌋
 ,

we call the code Maximal Rank Profile (MRP). Note that it can be shown
with simple calculations that j = L is the largest integer for which the bound
in (1) can be achieved. Note that this integer L has already been calculated
in [NPRS17]. However, in that paper the formula contains a mistake which
we corrected here.

3 Generalized Singleton bound for sum rank met-
ric convolutional codes

In this section, we present a Singleton-like bound for convolutional codes
in the generalized sum rank metric, which implies the Singleton bound for
rank metric convolutional codes and Hamming metric convolutional codes.

Theorem 5. Let C be an (n1 ×m1, . . . , nt ×mt, k, δ) sum rank metric con-
volutional code. Let α ∈ {1, . . . , t} be the maximum value such that(⌊

δ

k

⌋
+ 1

)
k − δ − 1 ≥ n1m1 + · · ·+ nα−1mα−1 (2)

and n = n1 + · · ·+ nt. Then,

dSR(C) ≤ n

⌊
δ

k

⌋
+

t∑
j=α

nj −

⌊
(
⌊
δ
k

⌋
+ 1)k − δ − 1−

∑α−1
j=1 njmj

mα

⌋
.
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Proof. Let G(D) be a minimal generator matrix of C with row degrees
ν0 ≥ · · · ≥ νk−ℓ−1 > νk−ℓ = · · · = νk−1 = νmin. Consider now u(D) =
u = (0, . . . , 0, uk−ℓ, . . . , uk−1) ∈ Fk

q \ {0}. Then, v(D) = u(D)G(D) has de-
gree at most νmin. As v0 = (v0,1, . . . , v0,

∑t
j=1 njmj

) = uG(0), we can select

uk−ℓ, . . . , uk−1 such that v0,1 = · · · = v0,ℓ−1 = 0. This means that for

V (D) = ψ(v(D)) = (V1(D), . . . , Vt(D)) =

(∑
i∈N

V1,iD
i, . . . ,

∑
i∈N

Vt,iD
i

)
,

the β − 1 matrices V1,0, . . . , Vβ−1,0 are zero where β is the maximum value

such that ℓ− 1 ≥
∑β−1

j=1 njmj . Also, the first

⌊
ℓ−1−

∑β−1
j=1 njmj

mβ

⌋
rows of Vβ,0

are zero. So we get

rank(Vi,0) ≤


0 for i = 1, . . . , β − 1

nβ −
⌊
ℓ−1−

∑β−1
j=1 njmj

mβ

⌋
for i = β

ni for i = β + 1, . . . , t

.

With this we can calculate

wtSR(V (D)) =
t∑

j=1

νmin∑
i=0

rank(Vj,i) =

t∑
j=1

νmin∑
i=1

rank(Vj,i) +

t∑
j=1

rank(Vj,0)

≤ νmin

t∑
j=1

nj + nβ −

⌊
ℓ− 1−

∑β−1
j=1 njmj

mβ

⌋
+

t∑
j=β+1

nj .

This bound is maximal for νmin =
⌊
δ
k

⌋
and ℓ = (

⌊
δ
k

⌋
+1)k− δ which implies

α = β and

wtSR(V (D)) ≤ n

⌊
δ

k

⌋
+

t∑
j=α

nj −

⌊
(
⌊
δ
k

⌋
+ 1)k − δ − 1−

∑α−1
j=1 njmj

mα

⌋
.

If a code attains the upper bound from the previous theorem we call it
Maximum Sum Rank Distance (MSRD) convolutional code.

Remark 1. A rank metric convolutional code is a sum rank metric convo-
lutional code with t = 1. This implies n1 = n, m1 = m, and for α as in (2),
one always has α = 1. With these values, Theorem 5 simplifies to

dR(C) ≤ n

(⌊
δ

k

⌋
+ 1

)
−

⌈
(
⌊
δ
k

⌋
+ 1)k − δ

m

⌉
+ 1,

which is exactly the Singleton bound for rank metric convolutional codes from
[NPRV17]. Convolutional codes that reach this upper bound are called MRD
convolutional codes. In [NPRV16], it has been shown that such codes have
generic row degrees, i.e. k

⌈
δ
k

⌉
−δ row degrees are equal to ⌊ δk⌋ and the other

row degrees are equal to ⌈ δk⌉.
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Remark 2. A Hamming metric convolutional code is a sum rank metric
convolutional code with ni = mi = 1 for i = 1, . . . , t. This implies t = n and
α− 1 =

(
⌊ δk⌋+ 1

)
k − δ − 1. With these values, Theorem 5 simplifies to

dH(C) ≤ n

⌊
δ

k

⌋
+ n− α+ 1 = (n− k)

(⌊
δ

k

⌋
+ 1

)
+ δ + 1,

which is exactly the generalized Singleton bound from [RS99].

4 Construction of MSRD Convolutional Codes

In this section, we will present constructions for convolutional codes that
reach the upper bound of Theorem 5 for α = 1. In the following theorem,
we show how to obtain an MSRD convolutional code for general t ∈ N from
several MRD convolutional codes.

Theorem 6. For j = 1, . . . , t, let Gj(D) ∈ Fq[D]k×njmj be minimal gener-
ator matrices of (nj ×mj , k, δ) MRD convolutional codes Cj with dR(Cj) =
nj(
⌊
δ
k

⌋
+1) and with row degrees in non-increasing order. Let C be the sum

rank metric convolutional code generated by G(D) =
(
G1(D) . . . Gt(D)

)
.

If α = 1, then C is an (n1 ×m1, . . . , nt ×mt, k, δ) MSRD code.

Proof. As G(D) is a minimal generator matrix with the same row degrees
as the Gj(D), the degree of C is δ. From Theorem 5 with α = 1 we get

dSR(C) ≤ n

(⌊
δ

k

⌋
+ 1

)
−

⌊(⌊
δ
k

⌋
+ 1
)
k − δ − 1

m1

⌋
. (3)

Since C1 is MRD and has minimum distance n1
(⌊

δ
k

⌋
+ 1
)
, we get

dR(C1) = n1

(⌊
δ

k

⌋
+ 1

)
−

⌊(⌊
δ
k

⌋
+ 1
)
k − δ − 1

m1

⌋
= n1

(⌊
δ

k

⌋
+ 1

)

and hence,

⌊
(⌊ δ

k⌋+1)k−δ−1

m1

⌋
= 0. Thus, the upper bound (3) simplifies to

dSR(C) ≤ n
(⌊

δ
k

⌋
+ 1
)
. We now show that C reaches this upper bound. For

each 0 ̸= u(D) ∈ Fq[D]k, we obtain

V (D) = ψ(v(D)) =
(
ψ(u(D)G1(D)) . . . ψ(u(D)Gt(D))

)
.

Since ψ(u(D)Gj(D)) is a nonzero codeword of Cj , we have

wtSR(V (D)) ≥
t∑

j=1

wtR(ψ(u(D)Gj(D))) ≥
t∑

j=1

nj

(⌊
δ

k

⌋
+ 1

)
.
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Combining the previous theorem with a construction for MRD convolu-
tional codes from [NPRV17], we obtain the following construction for MSRD
convolutional codes.

Theorem 7. For an arbitrary finite field Fq, consider Aj ∈ Fmj×mj
q with

an irreducible characteristic polynomial and any full row rank matrix Xj ∈
Fnj×mj
q for all j = 1, . . . , t. Assume that mj ≥ nj and mj ≥ δ + k hold for

all j = 1, . . . , t. For 0 ≤ i ≤
⌊
δ
k

⌋
, let

Gi =


ψ−1(X1A

ki
1 , . . . , XtA

ki
t )

ψ−1(X1A
ki+1
1 , . . . , XtA

ki+1
t )

...

ψ−1(X1A
ki+k−1
1 , . . . , XtA

ki+k−1
t )

 ,

G⌊ δ
k⌋+1 =


ψ−1(X1A

k⌊ δ
k⌋+k

1 , . . . , XtA
k⌊ δ

k⌋+k

t )
...

ψ−1(X1A
k+δ−1
1 , . . . , XtA

k+δ−1
t )

0(k⌈ δ
k⌉−δ)×n

 .

Then, the matrix G(D) =
⌊ δ

k⌋+1∑
i=0

GiD
i ∈ Fq[D]k×

∑t
j=1 njmj is the generator

matrix of an MSRD (n1 ×m1, . . . nt ×mt, k, δ) convolutional code.

Remark 3. In [NPSV24], the authors modify the construction for MRD
convolutional codes from [NPRV17] that we use in the previous theorem a
little to enable larger values for δ. This allows to obtain a similar improve-
ment in our construction for MSRD convolutional codes but for reasons of
space we skip the corresponding details here.

5 Generalized sum rank column distance

In this section, we generalize the notions of column distance and column
rank distance for convolutional codes. However, before doing so, we present
a new construction for convolutional codes that are m-MSR and MRP since
there are not many constructions for convolutional codes with optimal rank
column distance available. Moreover, the following theorem shows how to
obtain m-MSR and MRP codes from MRD block codes, a strategy that
will be used later in this section to obtain convolutional codes with optimal
column rank distances from MSRD block codes.

Theorem 8. Assume
⌊
k
m

⌋
=
⌊
k−1
m

⌋
. Let D ⊆ Fn×m

q be an MRD block code

with rank distance dR(D) = n −
⌊
k
m

⌋
, i.e. dim(D) = m(n − dR(D) + 1) =

m(
⌊
k
m

⌋
+ 1), and we can choose a basis {A1, . . . , Am(⌊ k

m⌋+1)} of D. Set

8



Gi =


ψ−1(Aik+1)
ψ−1(Aik+2)

...
ψ−1(A(i+1)k)

 for i = 0, . . . , j ≤

⌊
m(
⌊
k
m

⌋
+ 1)

k

⌋
− 1,

and G(D) =
∑
i∈N0

GiD
i. Let C be the (n×m, k, kj) rank metric convolutional

code with generator matrix G(D). Then, dcrj (C) achieves the bound from
Theorem 3. Moreover, C is an m-MSR and an MRP code.

Proof. Let u = (u0, . . . , uj) ∈ Fk(j+1)
q , ui = (ui,1, . . . , ui,k) for i = 0, . . . , j,

vi = u0Gi + u1Gi−1 + . . . , uiG0, Vi = ψ(vi) =
∑k

ℓ=1 u0,ℓAik+ℓ + · · · +∑k
ℓ=1 ui,ℓAℓ. Hence, for u0 ̸= 0, each Vi is a non-trivial linear combina-

tion of A1, . . . , Am(⌊ k
m⌋+1), i.e. a codeword of D. Since dR(D) = n −

⌊
k
m

⌋
,

one has rank(Vi) ≥ n −
⌊
k
m

⌋
for i = 0, . . . , j and thus, wtR(V (D)|[0,j]) =

(j + 1)(n−
⌊
k
m

⌋
). By calculations it follows that C m-MSR and MRP.

Remark 4. If
⌊
k
m

⌋
=
⌊
k−1
m

⌋
is not true, then m | k and one gets a construc-

tion for m-MSR convolutional codes (over large finite fields) from [MBK16].

Definition 8. The j-th column sum rank distance of a non-catastrophic
(n1 ×m1, . . . , nt ×mt, k, δ) sum rank metric convolutional code is

dcsrj (C) = min{wtSR(V (D)|[0,j]) | V (D) ∈ C and V0 ̸= 0}, for j ∈ N0,

where V (D) =
∑
i∈N0

(V1,i, . . . , Vt,i)D
i and V (D)|[0,j] =

j∑
i=0

(V1,i, . . . , Vt,i)D
i.

Theorem 9. Let C be an (n1 ×m1, . . . , nt ×mt, k, δ) non-catastrophic sum
rank metric convolutional code. Let β1, β2 ∈ {1, . . . , t} be the maximal values

such that k − 1−
∑β1−1

i=1 nimi ≥ 0 and k −
∑β2−1

i=1 nimi ≥ 0. Then,

dcsrj (C) ≤
t∑

i=β1

ni−

⌊
k−1−

∑β1−1
i=1 nimi

mβ1

⌋
+j

 t∑
i=β2

ni−

⌊
k −

∑β2−1
i=1 nimi

mβ2

⌋ . (4)

Proof. Let G(D) =
∑
i∈N0

GiD
i be a generator matrix of C. As G(D) is left

prime, we can assume, without loss of generality, that the first k columns of
G0 are linearly independent. We proceed via induction with respect to j.

For j = 0, we choose u0 ∈ Fk
q \ {0} such that v0 = u0G0 has the

first k − 1 entries equal to zero, so wtH(v0) ≤
t∑

ℓ=1

nℓmℓ − k + 1. Then,

for (V1,0, . . . , Vt,0) = ψ(v0), we have that V1,0, . . . , Vβ1−1,0 are zero and

the first

⌊
k−1−

∑β1−1
i=1 nimi

mβ1

⌋
rows of Vβ1,0 are equal to zero. So we get
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wtSR(V0) ≤
t∑

i=β1

ni−
⌊
k−1−

∑β1−1
i=1 nimi

mβ1

⌋
. Assume now that the upper bound

holds for j. Let u(D) ∈ Fq[D]k, v(D) = u(D)G(D), V (D) = ψ(v(D)) =∑
i∈N

(Vi,1, . . . , Vi,t)D
i ∈ C be such that wtSR(V (D)|[0,j]) = dcsrj (C). Choose

uj+1 so that vj+1 = uj+1G0 + uj−1G1 + · · ·+ u0Gj+1 has the first k entries
equal to zero. This means that the matrices Vj+1,1, . . . , Vj+1,β2−1 are zero

and the first

⌊
k−

∑β2−1
i=1 nimi

mβ2

⌋
rows of Vj+1,β2 are equal to zero and we get

dcsrj+1(C) ≤ wtSR(V (D)|[0,j+1]) = dcsrj (C) +
t∑

ℓ=1

rank(Vj+1,ℓ)

≤
t∑

i=β1

ni −

⌊
k − 1−

∑β1−1
i=1 nimi

mβ1

⌋
+ (j + 1)

 t∑
i=β2

ni −

⌊
k −

∑β2−1
i=1 nimi

mβ2

⌋ .

Remark 5. The previous Theorem generalizes the bound of Theorem 3 as
t = 1 implies β1 = β2 = 1, and the bound of Theorem 2 as ni = mi = 1 for
i = 1, . . . , t implies t = n, β1 = k, β2 = k + 1.

Theorem 2 and Theorem 4 can be easily generalized as follows.

Theorem 10. Let C be an (n1×m1, . . . , nt×mt, k, δ) non-catastrophic sum
rank metric convolutional code. If dcsrj reaches the upper bound (4), then
dcsri reaches this bound for all i ≤ j.

The following theorem can be shown in a similar way as Theorem 8.

Theorem 11. Assume β := β1 = β2,

⌊
k−1−

∑β−1
i=1 nimi

mβ

⌋
=

⌊
k−

∑β−1
i=1 nimi

mβ

⌋
.

Let D ⊆ F be an MSRD sum rank metric block code with distance dSR(D) =
t∑

i=β

ni−
⌊
k−

∑β−1
i=1 nimi

mβ

⌋
and dim(D) =

β−1∑
i=1

mini+mβ

(⌊
k−

∑β−1
i=1 nimi

mβ

⌋
+ 1

)
.

Choose a basis {(A1,1, . . . , At,1), . . . , (A1,dim(D), . . . , At,dim(D))} of D and let

Gi =

 ψ−1(A1,ik+1, . . . , At,ik+1)
...

ψ−1(A1,(i+1)k, . . . , At,(i+1)k)

 for i = 0, . . . , j ≤
⌊
dim(D)

k

⌋
− 1

and G(D) =
∑
i∈N0

GiD
i. Let C be the (n1 ×m1, . . . , nt ×mt, k, kj) sum rank

metric convolutional code we obtain from G(D). Then, C achieves the bound
(4) for all i = 0, . . . , j.

With the preceding theorem we obtain convolutional codes with optimal
column sum rank distances from MSRD block codes over the same field;
constructions for MSRD block codes can be found in e.g. [MP24, BGLR21].

Even if the constructions of optimal codes in the (generalized) sum rank
metric presented in this paper have restricted code parameters, they all can
be defined over arbitrary (small) finite fields.
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