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Abstract—The multi-user linearly separable distributed com-
puting framework enables parallel processing via a sparse matrix
factorization F = DE, where F describes users’ requests, a γ-
sparse E defines task allocation across N servers, and a δ-sparse
D specifies connectivity between N servers and K users as well as
decoding. This approach achieves significant parallelization gains
with low communication and computation costs by decomposing
the users’ request matrix into structured sparse components.
However, its linear nature also raises data secrecy concerns.

We adopt an information-theoretic secrecy framework requir-
ing that each user learns nothing more than its own requested
function. Our main results provide (i) a necessary condition
stating that for each user k observing αk server responses, the
common randomness visible to that user must span a subspace
of dimension greater than αk − 1, and (ii) a necessary and
sufficient condition requiring that removing from D the columns
corresponding to the servers observed by a user leaves a matrix
of rank at least K − 1. Based on these conditions, we design
a general, cost-preserving secrecy-enforcing transformation valid
over both finite and real fields, obtained by appending to E
a basis of Null(D) and carefully injecting shared randomness.
This scheme preserves communication and computation costs,
guarantees perfect information-theoretic secrecy over finite fields,
and in the real case yields an explicit mutual-information bound
that can be made arbitrarily small by increasing the variance of
Gaussian common randomness.

I. INTRODUCTION

Distributed data analytics increasingly operate across ad-
ministrative and trust boundaries, where multiple users are
authorized to compute functions of shared datasets while the
underlying data must remain confidential. Prominent exam-
ples arise in multi-tenant cloud services, federated learning,
healthcare analytics, financial risk assessment, and smart-grid
monitoring. In these systems, users request distinct linear
functionals of the same data, yet any information beyond the
authorized computation may lead to severe privacy breaches.

A subtle but fundamental challenge arises even in purely
linear workflows. While linear functions are among the sim-
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plest classes of computations, the ability to recover additional
unintended linear combinations can enable strong inference
attacks through aggregation, side information, or repeated
queries. This issue persists in both discrete computations
over GF(q) and real-valued computations over R, where
privacy guarantees based on computational hardness may fail
due to auxiliary information or numerical precision. These
considerations motivate an information-theoretic treatment of
secrecy that provides unconditional guarantees independent of
computational assumptions.

Linearly Separable Computation: We restrict attention to
linearly separable distributed computing schemes, in which
each user’s requested function can be expressed as a linear
combination of intermediate computations performed indepen-
dently at the servers. Each user k ∈ [K] requests a linear
combination of the messages, ⟨fk,w⟩, where fk ∈ FL is the
request vector of user k, and w = [W1, . . . ,WL]

T denotes
the message vector (subfunction outputs) computed across the
various servers. For F = [f1, . . . , fK ]T ∈ FK×L denote the
users’ request matrix, linear separability requires that F admits
a factorization F = DE, where E = [e1, . . . , eN ]T ∈ FN×L

specifies the linear computations assigned to the servers and
D = [d1, . . . ,dK ]T ∈ FK×N specifies the linear aggregation
performed by the users. Server n computes An = eTnw, while
user k recovers its desired value as dT

kA = fTk w, where
A = [A1, . . . , AN ]T. This algebraic structure encompasses
a broad class of distributed inference and analytics tasks and
enables a precise characterization of correctness, efficiency [1],
and as we will see here, information-theoretic secrecy as well.

Related Works: Distributed computing systems are con-
strained by limited computation and communication resources,
leading to a fundamental communication–computation tradeoff
studied in [2]–[5]. Coding techniques have been widely used
to reduce communication load and mitigate stragglers in linear
computation settings [6]–[10]. In particular, single- and multi-
user linearly separable models have been extensively stud-
ied, yielding near-optimal communication and computation
schemes under various task assignment structures [1], [11]–
[16]. However, these works primarily focus on efficiency and
do not address whether the decoding structure itself may lead
to unintended information leakage.

Data secrecy has been studied in related areas such as
private function retrieval and secure computation [17]–[20],
secret sharing and its multi-user extensions [21]–[24], and
private access control [25], [26]. More closely related is [27],



which studies information-theoretic secrecy in linearly sepa-
rable computation for single-user settings and specific data
assignment structures. Despite these advances, an information-
theoretic characterization of data secrecy based on the struc-
ture of the decoding process has not yet been fully established.
This work addresses this gap in multi-user linearly separable
computation by identifying structural conditions ensuring that
each user learns only its intended output without additional
information leakage, regardless of the underlying field.

Our Contributions: We propose (i) Per-user necessary
secrecy condition: If user k observes wH(d

T
k )

1 server re-
sponses, and the common randomness visible to that user
spans a subspace of dimension less than wH(d

T
k ) − 1, data

secrecy cannot be guaranteed. This condition implies the
access constraint wH(d

T
k ) ≤ N − K + 1 and yields the

universal converse δ ≤ 1− K−1
N on the communication cost.

(ii) Decoding-matrix-only secrecy criterion: Data secrecy
holds if and only if, for each user k, removing from D the
columns corresponding to the servers observed by that user
reduces the rank by at most one. (iii) Cost-preserving secure
transformation: Given any admissible (possibly non-secure)
factorization F = DE, we construct a secure scheme by ap-
pending to E any basis of Null(D) and injecting shared com-
mon randomness. Over GF(q), perfect information-theoretic
secrecy (zero leakage) is guaranteed. Over R, data secrecy
is achieved by turning every unintended decoding direction
into a channel with low signal to noise ratio. Correctness
is preserved, and both communication and computation costs
remain unchanged under the standard cost model.

Unlike existing secure coded-computing constructions tai-
lored to specific encodings or secret-sharing schemes [6]–
[10], [20], [22], our work provides necessary and sufficient
structural conditions on the decoding matrix and a universal,
cost-preserving transformation that enforces secrecy for any
admissible linearly separable multi-user scheme.

II. SYSTEM MODEL

As illustrated in Fig. 1, we consider an (N,K,L)
secure multi-user distributed computing system consisting
of N servers, K users, and L independent messages
W1,W2, . . . ,WL, coordinated by a master node. Suppose
N ≥ K,L ≥ K, and for each l ∈ [L], the message
Wl = fl(Dl) is the output of a function fl(·) that is generally
a non-linear and computationally hard function of input data
Dl. Furthermore, the master node serves as an orchestrator,
coordinating the interactions between the users and the servers.

In our setting, each user k ∈ [K] requests an inde-
pendent linear combination ⟨fk,w⟩ of the message vector
w = [W1, . . . ,WL]

T, where fk ∈ FL is the request vector
defining the request of user k. These users’ request vectors
are assumed to be independent of the messages, i.e.,

I(f1, f2, . . . , fK ;w) = 0. (1)

1For a vector x, the Hamming weight wH(x) is defined as the number of
nonzero components of x.
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Fig. 1: System model of secure multi-user linearly-separable
distributed computing

The messages are independent and identically distributed —
either uniformly over GF(q) or according to N (0, σ2

w) in the
real-valued case — yielding

H(w) =

L∑
i=1

H(Wi) = LH(W1). (2)

Following the notation in [1], upon receiving the users’
request vectors f1, f2, . . . , fK , the master node constructs full-
rank request matrix F = [f1, f2, . . . , fK ]T ∈ FK×L, and per-
forms a matrix factorization F = DE. This factorization yields
the encoding matrix E = [e1, e2, . . . , eN ]T ∈ FN×L specifies
the computation tasks assigned to the servers, where eTn corre-
sponds to server n ∈ [N ]. This factorization also specifies full-
rank decoding matrix D = [d1,d2, . . . ,dK ]T ∈ FK×N which
determines how each user aggregates the servers’ responses,
with dT

k denoting the aggregation vector of user k.
Each server n ∈ [N ] receives eTn and a broadcast sched-

ule τn from the master node, and computes a deterministic
function of a subset of messages Wn ⊆ W = {W1, . . . ,WL},
possibly using shared independent common randomness C =
{C1, C2, . . . , Cm}. This randomness is shared among the
servers, is independent of the messages, and is used to
guarantee data secrecy. Naturally, for each server n, we have

H(An | Wn, C, en) = 0. (3)

Server n broadcasts its response An = eTnw to the users
specified by τn.

2 Each user k ∈ [K] receives the set of
responses Ak = {An : n ∈ Sup(dT

k )}, from a subset of
servers indexes by the support Sup(dT

k ) ⊆ [N ] of their own
decoding vector dT

k . Each user k must be able to recover its

2Our framework imposes a one-shot constraint: each server is allowed to
send only one linear combination, called a response to its assigned users.



requested linear combination using dT
k . This requirement is

captured by the following correctness condition:

H(⟨fk,w⟩ | Ak,dk, fk) = 0. (4)

Furthermore, user k must learn nothing about the messages
more than its requested linear combination. This is formalized
by the data secrecy constraint. In case of GF(q), we require

I(W;Ak, fk | ⟨fk,w⟩) = 0, (5)

while for real-valued computations, data secrecy is satisfied if
for any ε > 0, there exists a variance σ2

c for the i.i.d. Gaussian
common random variables with Ci ∼ N (0, σ2

c ), such that,

I(W;Ak, fk | ⟨fk,w⟩) ≤ ε. (6)

We briefly summarize that an (N,K,L) secure distributed
computing scheme entails the users’ request vectors {fk}Kk=1,
the servers’ encoding vectors {en}Nn=1, the users’ decoding
vectors {dk}Kk=1, and the shared common randomness C.

Finally, the communication cost is defined as

δ =

∑N
n=1 |τn|
KN

=

∑K
k=1 wH(d

T
k )

KN
, (7)

while the computation cost is defined as

γ =
maxl∈[L] wH(E(:, l))

N
, (8)

where, for each l ∈ [L], wH(E(:, l)) denotes the number of
servers that compute the message Wl.

Definition 1. A pair (γ, δ) is said to be feasible if there exists
a secure distributed computing scheme with computation cost
γ and communication cost δ that satisfies the correctness and
data secrecy constraints in (4) and either (5) or (6), depending
on the computation field.3

Example 1. Consider an (N = 6,K = 4, L = 5) multi-
user linearly separable distributed computing system with N =
6 servers, K = 4 users, and L = 5 independent messages
W1,W2, . . . ,W5. Each user k ∈ [4] requests an independent
linear combination ⟨fk,w⟩ of the messages, where here f1 =
[3, 0,−3, 4,−1]T, f2 = [0, 0, 2, 6, 1]T, f3 = [0, 3, 1, 3, 1]T, and
f4 = [3, 3, 6, 1, 1]T.

After forming the request matrix

F =


3 0 −3 4 −1
0 0 2 6 1
0 3 1 3 1
3 3 6 1 1

 ,

the master node performs matrix factorization F = DE, where

D =


2 1 −1 0 0 0
0 1 1 1 0 0
0 0 1 0 3 0
0 0 0 1 1 1

 , E =


1 0 0 2 0
1 0 −2 3 0
0 0 1 3 1
−1 0 3 0 0
0 1 0 0 0
4 2 3 1 1

 .

3In this paper, we exclude the trivial case in which each user can directly
access specific components of the common randomness C via a link to the
master node, which would trivially guarantee data secrecy in the multi-user
distributed computing problem.

TABLE I: Server-side computations in Example 1.

Server Computed linear combination An = eTnw Broadcast set τn
1 W1 + 2W4 {1}
2 W1 − 2W3 + 3W4 {1, 2}
3 W3 + 3W4 +W5 {1, 2, 3}
4 −W1 + 3W3 {2, 4}
5 W2 {3, 4}
6 4W1 + 2W2 + 3W3 +W4 +W5 {4}

TABLE II: User-side aggregation in Example 1.

User Accessed servers Sup(dT
k) Computation dT

kA

1 {1, 2, 3} 2A1 +A2 −A3

2 {2, 3, 4} A2 +A3 +A4

3 {3, 5} A3 + 3A5

4 {4, 5, 6} A4 +A5 +A6

Based on E = [e1, . . . , e6]
T and D = [d1, . . . ,d4]

T, the
master node assigns computation tasks and broadcast sets
{τn}6n=1 to the servers. In particular, each server n computes
An = eTnw and broadcasts it to users in τn, as summarized
in Table I, and each user k ∈ [4] accesses servers in Sup(dT

k )
and computes dT

kA = dT
kEw, with A = [A1, A2, . . . , A6]

T,
as shown in Table II.

Each user k ∈ [4] can correctly recover its desired linear
combination since dT

kA = dT
kEw = fTk w. Using (7) and

(8), resulting communication and computation costs are δ =∑N
n=1 |τn|
KN = 11

24 , γ =
maxl∈[L] wH(E(:,l))

N = 4
6 .

In Example 1, each user k ∈ [4] has access to a set of
responses Ak. Specifically, A1 = {W1 + 2W4, W1 − 2W3 +
3W4, W3+3W4+W5},A2 = {W1−2W3+3W4, W3+3W4+
W5, −W1 + 3W3},A3 = {W3 + 3W4 + W5, W2},A4 =
{−W1 + 3W3, W2, 4W1 + 2W2 + 3W3 + W4 + W5}. The
collection Ak generally spans a subspace of dimension greater
than one. Consequently, user k may form additional linear
combinations beyond its request from Span(Ak), which raises
the question of whether one can provably guarantee that each
user can recover exactly one authorized linear functional of
the data, and no other additional information. This question is
addressed in the following.

III. MAIN RESULTS

Lemma 1 establishes a necessary condition for data secrecy,
leading to a converse bound on the communication cost δ in
Theorem 1. Theorem 2 provides a necessary and sufficient
condition for data secrecy over both R and GF(q).

As one would expect, the solution uses common randomness
with the common randomness coefficient matrix C that collects
the coefficients used by the servers. For each user k ∈ [K]
connected to the Sup(dT

k ) servers, let C(Sup(dT
k ), :) denote

the submatrix formed by the rows of C corresponding to the
servers. Moreover, assume that the submatrix E(Sup(dT

k ), :)
has full rank.4 Lemma 1 provides a necessary condition on

4This is a mild non-degeneracy condition on E. Without it, some server
responses carry redundant message mixtures.



C(Sup(dT
k ), :) to guarantee data secrecy.

Lemma 1. In any multi-user linearly separable distributed
computing scenario, where each user k ∈ [K] is connected
to wH(d

T
k ) servers, if

Rank
(
C(Sup(dT

k ), :)
)
< wH(d

T
k )− 1, (9)

then data secrecy cannot be guaranteed for user k.
Proof: User k observes wH(d

T
k ) linear combinations of

the messages and the common randomness. Data secrecy
requires that no additional information about the messages be
revealed. This is possible only if at most one degree of free-
dom remains after canceling the common randomness, which
implies Rank

(
C(Sup(dT

k ), :)
)
< wH(d

T
k )−1. A detailed proof

is given in Appendix A of [28].

Theorem 1. Consider any (N,K,L) multi-user linearly sep-
arable distributed computing scheme with N ≥ K. If the
communication cost satisfies

δ > 1− K − 1

N
,

then there exists at least one user that can obtain information
beyond its requested linear combination.

Proof: Using Lemma 1, we can derive the converse bound
wH(d

T
k ) > N − K + 1, which limits the number of servers

accessible to user k over which data secrecy is impossible.
The result follows by applying Lemma 1 to all K users and
using (7). A detailed proof is given in Appendix B of [28].

Remark 1. Consider an (N,K,L) scheme with N ≥ K and
L = K in the fully decentralized case F = DIN and E = IN .
Each server n computes Wn = fn(Dn), giving γ = 1

N and
D = F, generally with δ > 1− K−1

N . Thus, at least one user
can infer more than its requested function, showing that limited
servers’ computational capabilities prevents data secrecy.

The following theorem, valid over R and GF(q), gives a
necessary and sufficient condition on D for data secrecy. Let
D(:, Sup(dT

k )) denote the submatrix formed by the columns
indexed by Sup(dT

k ), and define DRed,k ≜ D\D(:, Sup(dT
k ))

to denote the submatrix obtained by removing these columns.
Let λmax and λmin denote the maximum and minimum
eigenvalues.

Theorem 2. A multi-user linearly separable distributed com-
puting scheme can provide data secrecy if and only if

Rank
(
D \D(:,Sup(dT

k ))
)
≥ K − 1, (10)

for every user k. For the case of GF(q), this entails zero infor-
mation leakage, while in the case of the reals, the information
leakage to the user k ∈ [K] is upper bounded as

I(W;Ak, fk | ⟨fk,w⟩) ≤ wH(d
T
k )− 1

2
log

(
1 +Mk

σ2
w

σ2
c

)
,

(11)

where Mk =
λmax(XkX

T
k)

λmin(YkYT
k)
, Xk := E(Sk, :), and Yk :=

C(Sk, :), with Sk denoting the index set of a maximal linearly
independent subset of server responses in C(Sup(dT

k ), :).

Proof: The proof contains two parts: the converse proof
of (10) is provided in Appendix C of [28]. The achievable
scheme that induces data secrecy when (10) holds is provided
in Section IV. The proof of the real-valued leakage bound
in (11) is given in Appendix D of [28].

Remark 2. The bound in (11) admits a Gaussian subchan-
nel interpretation. Each observed response is a mixture of
message (signal) and randomness (noise), with σ2

wXkX
T
k and

σ2
cYkY

T
k capturing their respective contributions. The ratio

Mk =
λmax(XkX

T
k)

λmin(YkYT
k)

acts as an effective signal-to-noise ratio,
while wH(d

T
k ) − 1 represents the number of independent

observations available for leakage. Thus, the total leakage
scales like the sum-rate of parallel Gaussian subchannels, and
increasing σ2

c suppresses leakage in the real-field setting.

IV. ACHIEVABLE ALGORITHM

This section presents the core idea for achieving data
secrecy in multi-user linearly separable distributed computing,
along with a general achievable scheme, and finally character-
izes decoding matrices D that satisfy Theorem 2.

A. Example scheme

Example 2. Consider the (N = 6,K = 4, L = 5) multi-user
distributed computing scenario as described in Example 1.

Step 1: Verifying the sufficient condition. For user k ∈ [4],
the reduced matrices DRed,k are given by

DRed,1 =


0 0 0
1 0 0
0 3 0
1 1 1

 , DRed,2 =


2 0 0
0 0 0
0 3 0
0 1 1

 ,

DRed,3 =


2 1 0 0
0 1 1 0
0 0 0 0
0 0 1 1

 , DRed,4 =


2 1 −1
0 1 1
0 0 1
0 0 0

 .

For all k ∈ [4], we have Rank(DRed,k) = 3 = K − 1, and
hence the condition of Theorem 2 is satisfied. Therefore, data
secrecy can be induced in this scheme.

Step 2: Computing a basis for Null(D).
The null space of D is given by Null(D) =
Span

{
(−7, 8,−6,−2, 2, 0)T, (−1, 2, 0,−2, 0, 2)T

}
.

Step 3: Constructing the augmented encoding matrix.
Using the above basis vectors, construct C (such that the
columns of C span Null(D)), then form Ẽ = [E,C], yielding

Ẽ =


1 0 0 2 0 −7 −1
1 0 −2 3 0 8 2
0 0 1 3 1 −6 0
−1 0 3 0 0 −2 −2
0 1 0 0 0 2 0
4 2 3 1 1 0 2

 . (12)

Step 4: Generating augmented message vector. Create
random datasets C1 and C2, which are formed to be indepen-
dent shared random variables uniformly distributed with the



TABLE III: Server-side computations in Example 2.

Server Computed linear combination An = ẽTnw̃ Broadcast set τn
1 W1 + 2W4 − 7C1 − C2 {1}
2 W1 − 2W3 + 3W4 + 8C1 + 2C2 {1, 2}
3 W3 + 3W4 +W5 − 6C1 {1, 2, 3}
4 −W1 + 3W3 − 2C1 − 2C2 {2, 4}
5 W2 + 2C1 {3, 4}
6 4W1 + 2W2 + 3W3 +W4 +W5 + 2C2 {4}

same entropy as the messages. This results to an augmented
message vector w̃ = [W1,W2, . . . ,W5, C1, C2]

T.
Step 5: Generating secured responses. Each server n

computes An = ẽTnw̃, and transmits An to all users in τn.
These server-side computations are summarized in Table III.
Step 6: Computing requested linear combinations. Each

user k ∈ [4], computes dT
kA, with A = [A1, . . . , A6]

T, to
recover its requested linear combination. These computations
are similar to Example 1, and are summarized in Table II.

Analysis. We verify that both the correctness condition (4)
and the data secrecy condition (5) are satisfied. Detailed proofs
are provided in [28], while the general-case arguments are
presented in Section IV-B.

Finally, the communication and computation costs remain
the same as in Example 1. In particular, γ = 2

3 and δ =
11
24 ≤ 1− K−1

N = 1
2 , as required by Theorem 1. Note that γ is

defined based on the computation tasks assigned to the servers
and depends on E, not on the augmented matrix Ẽ. Therefore,
the pair (γ, δ) is feasible for the proposed scheme.5

B. General scheme

Let us assume a known request matrix F ∈ FK×L, an exist-
ing (potentially non-secure) scheme defined by the encoding
matrix E ∈ FN×L, and the decoding matrix D ∈ FK×N . We
now focus on describing the procedure that transforms any
admissible scheme into a scheme with data secrecy.

Step 1: Given the decomposition F = DE, the master
node checks whether D satisfies the condition in (10). If the
condition is not satisfied, a different factorization is chosen.

Step 2: The master node computes a basis for Null(D).
Step 3: The master node arranges the basis vectors of

Null(D) as columns of a matrix C and constructs the aug-
mented encoding matrix Ẽ = [E,C] = [ẽ1, ẽ2, . . . , ẽN ]T.

Step 4: Using shared common randomness C, the servers
generate the independent random datasets C1, C2, . . . , CN−K ,
which are common across the servers. In the case of operating
over R, these are distributed as Ci ∼ N (0, σ2

c ) for some
sufficiently large σ2

c , and in the case of GF(q), these are
chosen with uniform distribution to match the entropy of
the original output messages. The augmented message vector
w̃ = [W1, . . . ,WL, C1, . . . , CN−K ]T is formed.

Step 5: Each server n ∈ [N ] computes An = ẽTnw̃, and
transmits the result to all users in τn.

5This example can also be considered over R; in that case, Ci ∼ N (0, σ2
c ),

and σ2
c can be chosen sufficiently large.

Step 6: Each user k ∈ [K] computes dT
kA, with A =

[A1, . . . , AN ]T, to recover its requested linear combination.
Correctness: From Steps 1–3, DẼ = D[E,C] = [F,0],

since DE = F and each column of C lies in Null(D). Hence,
the correctness condition in (4) holds.

Data Secrecy: We proceed by contradiction. Suppose that
there exists a user k ∈ [K] who can recover two linearly
independent message-bearing linear combinations ⟨fk,w⟩ and
⟨f̃k,w⟩. Since the submatrix E(Sup(dT

k ), :) has full rank,
any decoding vector that cancels the common randomness
necessarily produces distinct nonzero linear combination of the
messages. So, there exist two linearly independent decoding
vectors aTk and ãTk that cancel the randomness and yield
nonzero linear combinations of the messages, i.e., ⟨fk,w⟩ =
aTkEw ̸= ãTkEw = ⟨f̃k,w⟩, and aTkCc = ãTkCc = 0.

Since C has full-rank, both decoding vectors belong
to the row span of the decoding matrix, i.e., aTk , ã

T
k ∈

Span{dT
1 ,d

T
2 , . . . ,d

T
K}. Hence, there exist linearly indepen-

dent vectors bk, b̃k ∈ FK such that aTk = bT
kD, ãTk = b̃T

kD.
Moreover, since both decoding vectors are supported only on
the servers accessible to user k, we have Sup(aTk ), Sup(ã

T
k ) ⊆

Sup(dT
k ). Thus, bT

kDRed,k = 0T, b̃T
kDRed,k = 0T. Since bT

k

and b̃T
k are linearly independent, the null space of DRed,k has

dimension at least two, implying Rank
(
DRed,k

)
≤ K − 2.

This contradicts the rank condition in (10), which is verified in
Step 1 of the construction. Therefore, no user can recover more
than a single linear combination of the messages, and the data
secrecy requirement in (5) is satisfied. When computations are
performed over R, the information-theoretic leakage bound
in (11) applies, as proved in Appendix D of [28].

This completes the achievable proof of Theorem 2.

C. Some forms of the decoding matrix D

To induce data secrecy, the decoding matrix D must satisfy
the condition stated in Theorem 2. Several non-trivial classes
of matrices naturally satisfy this condition. We highlight a few
representative examples. (i) Systematic form D = [IK | P]:
Here, D is a K × N matrix, where IK denotes the K × K
identity matrix. In GF(q), D can be interpreted as the parity-
check matrix of a systematic linear code. As before, each
column E(:, i) may then be viewed as a lowest-weight coset
leader corresponding to the syndrome F(:, i) [1], correspond-
ing to the same code. Interestingly, the aforementioned basis
vectors of Null(D) naturally form the generator matrix of the
linear code whose parity-check matrix is D. Consequently, the
common randomness matrix can be chosen as C = [−PT |
IN−K ]T. This tells us that any decoding matrix D can be
transformed into its systematic form (with a possible change
in γ, δ) in order to guarantee the structural secrecy condition
of Theorem 2. (ii) Cyclic code structure: The matrix D is the
generator matrix of a cyclic code in circulant form. In this case,
the corresponding parity-check matrix is also circulant. (iii)
Identity matrix D = I: Here, D is a K×K identity matrix.
Each user directly receives their requested linear combination
from a single assigned server.
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