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Abstract

This deliverable reports the results achieved within Task 4.1 of the CellFree6G project, with
a primary focus on semi-blind signal processing techniques for uplink cell-free massive multiple-
input multiple-output (CF-MaMIMO) systems with single-antenna access points (APs). The
objective of this task is to develop low-complexity Bayesian algorithms for joint channel es-
timation and data detection (JCD), while accounting for pilot contamination and scalability
constraints anticipated in future 6G networks.

In the time-frame of Task 4.1, we formulated the semi-blind JCD problem as a bilin-
ear Bayesian inference task and addressed it using an expectation propagation (EP)–based
framework. A novel factorization of the joint posterior distribution of channel coefficients
and transmitted data symbols is introduced, enabling efficient message-passing updates with
polynomial computational complexity. The proposed bilinear-EP JCD algorithm allows for it-
erative refinement of channel and data estimates and effectively captures the coupling between
estimation and detection.

The message-passing formulation naturally supports both centralized and distributed im-
plementations. Consequently, the proposed methodology can be evaluated under either pro-
cessing architecture and enables performance benchmarking in centralized settings while re-
mains compatible with distributed realizations that are further considered in subsequent
project activities. Simulation results demonstrate that the proposed approach significantly
outperforms state-of-the-art EP-based and linear MMSE baselines in terms of symbol error
rate and channel estimation accuracy, particularly in challenging pilot-contaminated scenarios.

Overall, the results presented in this deliverable establish a solid algorithmic foundation
for semi-blind Bayesian processing in CF-MaMIMO systems and provide key building blocks
for the distributed architectures addressed in later stages of the CellFree6G project.
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1 Introduction

Cell-free massive multiple-input multiple-output (CF-MaMIMO) networks enable primary goals
for sixth generation (6G) wireless communication systems, such as ubiquitous coverage with uni-
form quality of service (QoS) and ultra-high-rate, energy-efficient data transmission [3–6]. In
CF-MaMIMO systems, a large number of geographically distributed access points (APs) are jointly
serving a much smaller number of user equipments (UEs). The joint processing is coordinated by
one or multiple central processing units (CPUs) which are connected to the APs via fronthaul
links. The geographically distributed nature of CF-MaMIMO networks enhances the attractive
properties of centralized MaMIMO systems by reducing the average minimum distance between
APs and UEs. This allows CF-MaMIMO networks to provide uniform high data rates over the
coverage area and high energy efficiency. However, in contrast to centralized MaMIMO, chan-
nel hardening and favorable propagation do not generally hold [7–10]. Thus, the low-complexity
matched filter, which provides near-optimal detection performance in MaMIMO systems [11], is
not effective for CF-MaMIMO systems, and optimal joint signal processing at the centralized CPU
is not computationally affordable. Similarly, existing pilot decontamination solutions for central-
ized MaMIMO [12–16] are not effective. Thus, the quest for low-complexity detection techniques
with performance approaching that of centralized joint optimal processing schemes is still an open
challenge as well as the search of effective pilot decontamination methods.

Distributed processing at the APs can efficiently reduce computational complexity at the CPU,
see e.g., the extensive analysis in [17, 18] and [19], whereas semi-blind channel estimation has
shown to combat effectively pilot contamination (PC) [14–16]. Therefore, in this work, we propose
a distributed semi-blind joint channel estimation and data detection (JCD) algorithm based on
expectation propagation (EP) which exhibits a low complexity.

EP is an approximate inference technique which iteratively finds a tractable approximation of
factorized probability distributions by projecting each factor onto an exponential family [20, 21].
EP was already applied for data detection in previous works. In [22], the authors proposed a
low-complexity EP-based MIMO detector while assuming perfect channel state information (CSI)
and a Gaussian approximation for the posterior distribution of data symbols. In [23], the authors
extended the EP-detection algorithm proposed in [22] to imperfect CSI by embedding channel
estimation errors in the EP formulation.

The EP method was also applied to blind channel estimation and noncoherent detection. In [24],
the authors presented a blind channel estimation algorithm for multi-cell MaMIMO systems.
In [25], a noncoherent multi-user detection scheme was proposed for the single-input multiple-
output (SIMO) multiple access channel (MAC). In both schemes, the approximated channel and
symbol distributions were chosen to be multivariate Gaussian and multinoulli distributions, respec-
tively. In [24], the proposed approximate joint posterior distribution of channels and transmitted
symbols resulted in two decoupled EP-based schemes for channel estimation and data detection
but, because of the high complexity of the EP-based symbol detection, only EP-based channel
estimation was retained for practical system implementations followed by conventional linear sym-
bol detectors. The decoupling between channel estimation and symbol detection implied that the
EP-based channel estimation could only exploit prior statistical knowledge on the transmitted sym-
bols but not their deterministic imperfect knowledge. In [25], the proposed approximate posterior
distribution factorization yielded a factor tree with a branch per user. The detection scheme was
derived by applying message-passing rules for EP on this tree. The resulting algorithm could be
applied to both pilot-assisted and pilot-free communications. However, the complexity of the pro-
posed algorithm was exponential in the product of the number of channel uses and the logarithm
of the symbol constellation set cardinality and, hence, it was not affordable for practical high data
rate systems.

The EP framework was also used to develop decentralized detection schemes for MaMIMO
systems in [19, 26–28]. In these works, the computational complexity was reduced compared to
centralized schemes by processing the signals received by antenna sub-arrays locally via EP mes-
sage passing and then combining the messages from sub-arrays at the CPU. The posterior data
symbol distributions were approximated by multivariate Gaussians and perfect CSI knowledge was
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assumed. In [19], the authors reduced message sizes by utilizing averaging. In [26], the decentral-
ized MaMIMO receiver embedded both detection and decoding and the extrinsic information from
the decoder was utilized as a priori information for the EP-based detector. In [27], the authors
introduced a pre-processing based on QR-factorization and a variance compensation scheme in
the decentralized detector of [26]. In [28], two decentralized EP detection approaches were pro-
posed, the first based on user grouping and, thus, group-wise joint detection, and the second on a
daisy-chain architecture.

EP-based receivers were also applied in CF-MaMIMO systems. The authors of [29] utilized
a centralized EP-based detector with Gaussian data approximations which incorporates channel
estimation errors as in [23]. The channel estimation error accounted for PC and general estimation
errors due to noise. In [30], the authors proposed a distributed EP detector for CF-MaMIMO based
on the decentralized subarray-based detector in [19]. The aforementioned approach was extended to
an iterative channel estimation and data detection (ICD) scheme in [31]. Here, the data detection
was based on EP and the iterative algorithm took into account the channel estimation errors. The
channel estimation was based on minimum mean squared error (MMSE) estimation with detected
data symbols as additional pilots.

In this work, we propose a new distributed algorithm for JCD in CF-MaMIMO systems. Our
contributions can be summarized as follows:

• We develop a novel message-passing algorithm for a bilinear inference problem arising in JCD.
The inference is based on the approximate EP method and assumes general multivariate
Gaussian and multinoulli distributions for the posterior distributions of the AP channels and
data symbols, respectively, as in [25]. In contrast to the approximate posterior distributions of
[24,25], the factorization of the proposed approximate posterior joint distribution for channels
and data symbols allows for an alternating refinement of channel and data estimates and a
distributed implementation of the algorithm with local processing at the APs. Furthermore,
the inclusion of single-user soft-input soft-output (SISO) decoders is straightforward. Finally,
the algorithm can automatically take into account the effect of PC.

• We show that the proposed bilinear-EP JCD algorithm has polynomial complexity in sys-
tem parameters and bridges the complexity gap between algorithms based on EP that
approximate the posterior distribution of data with a Gaussian distribution such as, e.g.,
[19, 22,24,26–32] and those that assume more precise categorical distributions [25].

• We consider four baseline schemes, namely a centralized linear MMSE detector, the detector
in [30] assuming perfect CSI, the ICD algorithm in [31], and a modified version of the proposed
JCD algorithm with perfect channel knowledge which provides a lower bound to the symbol
error rate (SER). Our simulation results show the superior performance of our approach
compared to the first three baseline algorithms.

It is worth noting that the appealing features of the proposed algorithm stem from the choice
of the factorization of the approximate joint posterior distribution and the way to take into ac-
count the interplay between the two sets of variables, i.e., channel coefficients and data symbols.
This method can be applied to other bilinear inference problems such as gain calibration, matrix
factorization and compressed matrix sensing [33].

This delivarable is organized as follows. In Section 2, we introduce the CF-MaMIMO system
model. In Section 3, we review the EP algorithm and its application on graphs. Based on this theo-
retical framework, we develop the bilinear-EP JCD algorithm in Section 4. Then, in Section 4.8, we
present numerical results which show the superior performance of the proposed algorithm. Finally,
some conclusions are drawn.

Notation: Lower case, bold lower case, and bold upper case letters, e.g., x,x,X, represent
scalars, vectors, and matrices, respectively. IN is the identity matrix of dimension N . {xl,k,t} =⋃

l,k,t xl,k,t denotes the collection of all variables obtained by varying the possible indices. A\B is
the set complement operator between two sets A,B. δ(·) is the Dirac delta function. The indicator
function 1x∈S takes value 1 if the condition in the subscript is satisfied and zero otherwise, e.g.
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element x is in the set S. The operator vec(X) maps the matrix X onto the vector obtained
by stacking the columns of X on top of one another. ⊗ is the Kronecker product between two
matrices. Ep(x){·} stands for the expectation operator with respect to the probability distribution

p(x) and Ê{·} stands for the empirical expectation operator. We denote by π(·) and N (x;µ,C)
the categorical distribution and the circularly symmetric Gaussian distribution of complex-valued
vectors x with mean vector µ and covariance matrix C, respectively. The notation x ∼ p indicates
that the random variable x follows the distribution p.

2 System Model

We consider a communication system in the uplink transmission that consists of L APs and K
single-antenna UEs. Each AP is equipped with N co-located antennas. Each user sends a signal
vector xk = [xT

p;k,x
T
k ]

T consisting of a P -dimensional pilot vector xp;k ∈ CP and a T -dimensional

data vector xk ∈ ST where S is the employed constellation set. We combine pilot and data vectors
of all users in the signal matrix X = [x1,x2, ...,xK ]T ∈ CK×(P+T ). The matrix X can also be
expressed as X = [Xp,X] where Xp and X are matrices consisting of the pilot and data vectors
of all users, respectively. The equivalent complex baseband received signal at AP l ∈ {1, ..., L} is
given by

Y l = [Yp;l,Yl] = Hl[Xp,X] +Nl, (1)

where Y l ∈ CN×(P+T ) denotes a matrix whose element yl,i,j is the received signal at antenna

i of AP l during the j-th channel use. Here, Yp;l and Yl are the components of the matrix Y l

corresponding to the pilot matrixXp and the data matrixX, respectively. Hl ∈ CN×K is the block
Rayleigh fading channel matrix whose element hl,n,k is the coefficient of the channel between user
k and antenna n at AP l, which is assumed to be constant during P +T consecutive channel uses,
and Nl ∈ CN×(P+T ) is a matrix whose element nl,i,j is the additive white Gaussian noise (AWGN)
at antenna i during the j-th channel use at the l-th AP. Therefore, both channel and additive noise
are zero mean complex Gaussian vectors with covariance matrices Ξl ∈ CNK×NK and σ2IN(P+T ),
respectively, i.e., vec(Hl) ∼ N (0,Ξl) and vec(Nl) ∼ N (0, σ2IN(P+T )). Furthermore, we assume
that the channels of different users are uncorrelated. Thus, the covariance matrix Ξl is a block
diagonal matrix of K blocks Ξkl ∈ CN×N .

3 Expectation Propagation on Graphs

In the following, we associate a factor graph to the factorized true distribution and describe a
message-passing scheme that results from the local computation of the approximate factors on the
factor graph nodes. More details on the derivation of the message-passing update rules can be
found in [25,34,35].

We aim at computing an approximation of a joint probability distribution which is assumed to
be factorizable as follows

p(x) =
∏
α

Ψα(xα), (2)

where xα is a sub-vector of x, i.e., xα ⊆ x, and
⋃

α xα = x. The approximation p̂(x) of the joint
distribution reflects the same factorized form,

p̂(x) =
1

Z
·
∏
α

p̂α(xα), (3)

where Z is a normalization constant and p̂ is constrained to lie within the exponential family F .
Furthermore, we assume that the approximation can be fully factorized as follows

p̂(x) =
∏
β

p̂β(xβ), (4)
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with  

Figure 1: Illustration of the EP message-passing update rules.

where the sub-vectors xβ contain elements which always occur together in a factor. The sub-vectors
xβ are not overlapping, i.e., xβ ∩ xβ′ = ∅ ∀β ̸= β′. Furthermore, we have

⋃
β xβ = x. Therefore,

the sub-vectors xβ define a partition of x. Additionally, it holds for all sub-vectors xβ and xα

that the sub-vector xβ either lies fully within xα, i.e., xβ ⊆ xα, or they are completely disjoint,
i.e., xβ ∩ xα = ∅.

The factorization described above induces a representation of the joint distribution by a factor
graph with factor nodes associated to functions Ψα and variable nodes associated to sub-vectors xβ .
An edge exists between factor node Ψα and variable node xβ if xβ ⊆ xα. We define the neighbor
set Nα of factor node Ψα as the set of indices β of all variable nodes xβ that are connected to Ψα,
i.e., Nα = {β |xβ ⊆ xα}. Similarly, we define the neighbor set Nβ of variable node xβ as the set
of indices α of all factor nodes Ψα that are connected to xβ , i.e., Nβ = {α |xβ ⊆ xα}.

Since the approximation p̂ lies within the exponential family F , the approximate factors p̂α
and p̂β belong also to F . The assumption of the fully-factorized approximation in (4) yields the
following factorizations for the approximate factors,

p̂α(xα) =
∏

β∈Nα

mΨα;xβ
(xβ), (5)

p̂β(xβ) =
1

Zβ

∏
α∈Nβ

mΨα;xβ
(xβ), (6)

where Zβ is a normalization constant and mΨα;xβ
(xβ) is interpreted as a message from the factor

node Ψα to the variable node xβ also belonging to the specified exponential family. Thus, we can
update the approximate factors, and therefore also the approximate joint distribution p̂(x), by
exchanging and updating messages on a factor graph.

The EP algorithm is an iterative algorithm. Hence, we denote the messages during iteration i as

m(i). At first, we initialize all the factor-to-variable messages m
(0)
Ψα;xβ

(xβ). For initialization, prior
statistical knowledge or, if not available, uninformative distributions can be used. A particular
example is discussed in section 4. Then, the variable-to-factor messages and the factor-to-variable
messages are updated, respectively, as follows,

m
(i−1)
xβ ;Ψα

(xβ) ∝
∏

α′∈Nβ\α

m
(i−1)
Ψα′ ;xβ

(xβ), (7)

m
(i)
Ψα;xβ

(xβ) ∝
proj

{
q
(i−1)
Ψα;xβ

(xβ)
}

m
(i−1)
xβ ;Ψα

(xβ)
, (8)

where the distribution q
(i−1)
Ψα;xβ

(xβ) in (8) is given by

q
(i−1)
Ψα;xβ

(xβ) =
1

Z̃α

∫
Ψα(xα)

∏
β′∈Nα

m
(i−1)
xβ′ ;Ψα

(xβ′) dxα\xβ . (9)
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Here, Z̃α is a normalization constant and proj{·} denotes the projection operator defined as

proj{f(x)} = argmin
g(x)∈F

DKL(f(x)||g(x)), (10)

where DKL(f(x)||g(x)) is the Kullback-Leibler (KL) divergence between f and g and F is an
exponential family distribution. The message-passing update rules (7) and (8) are illustrated in
Fig. 1.

4 Bilinear-EP JCD [1]

4.1 Factorization and Messages

In the following, we derive an EP-based algorithm for semi-blind JCD which we call bilinear-EP
JCD. In this section, we focus on data signals since the received pilot signals are utilized to
characterize the a priori channel distribution. Inspired by [25], we propose a novel factorization of
the joint posterior distribution of data and channel. We decompose (1) in T vector relations, one
for each channel use t, as follows

ylt =

K∑
k=1

xkthlk + nlt, (11)

where hlk is the k-th column, ylt and nlt are the t-th column and xkt is the element in row k and
column t of the matrices Hl, Yl, Nl and X respectively. Furthermore, we define

zlkt := xkthlk. (12)

We can factorize the posterior density function using Bayes theorem as follows

p{xkt},{zlkt},{hlk}|{ylt},{Yp;l}

∝ p{xkt},{zlkt},{hlk},{ylt},{Yp;l}

= p{ylt}|{zlkt}p{zlkt}|{xkt},{hlk}p{xkt}p{hlk|Yp;l}, (13)

where the last equality follows from (11) and (12). We further assume that the a priori channel
distributions are independent across users k and APs l. Then, exploiting the independence of
the noise across time t and APs l, the independence of the data symbols {xkt}, and (12), we can
factorize (13) as follows

p{xkt},{zlkt},{hlk}|{ylt},{Yp;l}

∝
L∏

l=1

[
T∏

t=1

(
pylt|zl1t,...,zlKt

K∏
k=1

pzlkt|xkt,hlk

)]

×
K∏

k=1

L∏
l=1

phlk|Yp;l

K∏
k=1

T∏
t=1

pxkt
,

(14)

For the probability distributions in (14) we adopt the following compact notation

Ψ0,lt := pylt|zl1t,...,zlKt
,

Ψ1,lkt := pzlkt|xkt,hlk
,

Ψ2,lk := phlk|Yp;l
,

Ψ3,kt := pxkt
.
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The factor graph induced by the factorization in (14) is illustrated in Fig. 2 and contains cycles.
According to the system model in (1) the true factors are given by

Ψ0,lt = N (ylt;

K∑
k=1

zlkt, σ
2IN ),

Ψ1,lkt = δ(zlkt − xkthlk),

Ψ2,lk = N (hlk,µlk;MMSE,Clk;MMSE),

Ψ3,kt =
1

|S|
1xkt∈S ,

where we assume uniform prior distributions pxkt
for data symbols and Ψ2,lk is given by the

pilot-based Bayesian MMSE channel estimate of the channel Hl as follows

pHl|Yp;l
= N

(
vec(Hl);

1

σ2
CAH

p vec(Yp;l),C

)
with C :=

(
Ξ−1

l + 1
σ2A

H
p Ap

)−1
and Ap := (XT

p ⊗ IN ). Due to the independence of the chan-

nels among different users, we have µlk;MMSE =
[

1
σ2CAH

p vec(Yp;l)
]
(k−1)N+1:kN

and Clk;MMSE =

C(k−1)N+1:kN,(k−1)N+1:kN .We choose the approximate factor-to-variable messages to be distributed
as

mΨ0,lt;zlkt
= N (zlkt;µΨ0,lt;zlkt

,CΨ0,lt;zlkt
),

mΨ1,lkt;zlkt
= N (zlkt;µΨ1,lkt;zlkt

,CΨ1,lkt;zlkt
),

mΨ1,lkt;xkt
= π1lkt(xkt),

mΨ1,lkt;hlk
= N (hlk,µΨ1,lkt;hlk

,CΨ1,lkt;hlk
),

mΨ2,lk;hlk
= N (hlk,µΨ2,lk;hlk

,CΨ2,lk;hlk
),

mΨ3,kt;xkt
= π3kt(xkt).

Please note that the dimensions of the parameters of all factor-to-variable messages are given
by the type of distribution and the dimensions of the variable represented. The variable-to-factor
messages are just multiplications of factor-to-variable messages and are used to compute the update
of the factor-to-variable messages. Due to space limitation, we present the derivation only for some
of the messages in the Appendix. Other messages that are not explicitly derived can be obtained
by applying the rules presented in Section 3.

4.2 Initialization and Scheduling

All messages with the exception of the constant messages representing a priori knowledge are
initialized as uninformative distributions, i.e., for Gaussian messages the diagonal entries of the
covariance matrices are set to infinity and uniform probability mass functions (PMFs) are utilized
for categorical messages. In our implementation, all Gaussian messages are parameterized by the
precision matrix Λ = C−1 and the mean vector γ = Λµ. Uninformative Gaussian messages are
initialized by all-zero precision matrices.

The scheduling is given in Algorithm 1. The first message to be computed in each iteration
is mΨ1,lt;zlkt

. In the first iteration, it is computed based on the CSI from the Bayesian MMSE
estimation together with the constant data prior to generate a first estimate of zlkt. During this
step, the initialized uninformed message mΨ1,lt;zlkt

is updated to contain information. Note that
the messages mΨ2,lk;hlk

≡ Ψ2,lk and mΨ3,kt;xkt
≡ Ψ3,kt represent the a priori distributions on data

and the Bayesian MMSE channel estimates, respectively, and are not modified by the message
passing algorithm. Hence, they are not included in the scheduling.

For our simulations, we used parallel scheduling, i.e., the updates of the messages in the inner-
most for-loops are done independently suitable for efficient implementations.
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Figure 2: Factor graph of bilinear-EP JCD for distributed CF-MaMIMO.

Algorithm 1 bilinear-EP JCD Scheduling

Require: Initialized Messages
for number of iterations I do
for all APs l, UEs k and symbol times t do
Update mΨ1,lkt;zlkt

end for
for all APs l, UEs k and symbol times t do
Update mΨ0,lt;zlkt

end for
for all APs l, UEs k and symbol times t do
Update mΨ1,lkt;hlk

end for
for all APs l, UEs k and symbol times t do
Update mΨ1,lkt;xkt

end for
end for

9
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4.3 Update Rules

In this section, we provide expressions to update the messages that appear in Algorithm 1. Ac-
cording to (8), the inputs to update a factor-to-variable message are always variable-to-factor
messages. Each variable-to-factor message is computed by applying (7). As an example, we derive
the variable-to-factor message forwarded from variable node hlk to factor node Ψ1,lkt as follows

mhlk;Ψ1,lkt
= N (hlk;µhlk;Ψ1,lkt

,Chlk;Ψ1,lkt
)

∝ mΨ2,lk;hlk

∏
t̸̃=t

mΨ1,lkt̃;hlk
.

Since mhlk;Ψ1,lkt
is a Gaussian distribution, its computation reduces to determine its covariance

and mean. By applying the Gaussian multiplication lemma [25], we obtain

Chlk;Ψ1,lkt
=

C−1
Ψ2,lk;hlk

+
∑
t̸̃=t

C−1
Ψ1,lkt̃;hlk

−1

, (15)

µhlk;Ψ1,lkt
= Chlk;Ψ1,lkt

(
C−1

Ψ2,lk;hlk
µΨ2,lk;hlk

+
∑
t̸̃=t

C−1
Ψ1,lkt̃;hlk

µΨ1,lkt̃;hlk

)
.

(16)

All other variable-to-factor messages can be computed analogously.
In the following we provide the rules to update factor-to-variable messages based on the incoming
variable-to-factor messages.
Update of mΨ1,lkt;zlkt

= N (zlkt;µΨ1,lkt;zlkt
,CΨ1,lkt;zlkt

). The covariance and mean are given by

CΨ1,lkt;zlkt
=
(
Σ−1

lkt −C−1
zlkt;Ψ1,lkt

)−1

, (17)

µΨ1,lkt;zlkt
= CΨ1,lkt;zlkt

(
Σ−1

lktẑlkt

−C−1
zlkt;Ψ1,lkt

µzlkt;Ψ1,lkt

)
,

(18)

where

ẑlkt =
∑

x′
kt∈S

ω(x′
kt)µ̃(x

′
kt), (19)

Σlkt =
∑

x′
kt∈S

ω(x′
kt)
(
µ̃(x′

kt)µ̃(x
′
kt)

H + C̃(x′
kt)
)

− ẑlktẑ
H
lkt,

(20)

ω(xkt) =
ω̃(xkt)∑

x′
kt∈S ω̃(x′

kt)
, (21)

10
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with ω̃(xkt) defined in (37). Finally,

C̃(xkt) =

(
C−1

zlkt;Ψ1,lkt
+

C−1
hlk;Ψ1,lkt

|xkt|2

)−1

, (22)

µ̃(xkt) = C̃(xkt)

(
C−1

zlkt;Ψ1,lkt
µzlkt;Ψ1,lkt

+
C−1

hlk;Ψ1,lkt

|xkt|2
xktµhlk;Ψ1,lkt

)
.

(23)

Update of mΨ0,lt;zlkt
= N (zlkt;µΨ0,lt;zlkt

,CΨ0,lt;zlkt
). The covariance and mean are given by

CΨ0,lt;zlkt
= σ2IN +

∑
j ̸=k

CΨ1,ljt;zljt
,

µΨ0,lt;zlkt
= ylt −

∑
j ̸=k

µΨ1,ljt;zljt
.

Update of mΨ1,lkt;hlk
= N (hlk;µΨ1,lkt;hlk

,CΨ1,lkt;hlk
). The covariance and mean are given by

CΨ1,lkt;hlk
=
(
Σ̂−1

lkt −C−1
hlk;Ψ1,lkt

)−1

, (24)

µΨ1,lkt;hlk
= CΨ1,lkt;hlk

(
Σ̂−1

lktĥlk−C−1
hlk;Ψ1,lkt

µhlk;Ψ1,lkt

)
, (25)

where

ĥlk =
∑

x′
kt∈S

ω(x′
kt)µ̄(x

′
kt), (26)

Σ̂lkt =
∑

x′
kt∈S

ω(x′
kt)
(
µ̄(x′

kt)µ̄(x
′
kt)

H + C̄(x′
kt)
)
− ĥlkĥ

H
lk. (27)

The factor ω(xkt) is defined in (21). Finally,

C̄(xkt) =
(
C−1

hlk;Ψ1,lkt
+ |xkt|2C−1

zlkt;Ψ1,lkt

)−1

, (28)

µ̄(xkt) = C̄(xkt)

(
|xkt|2

C−1
zlkt;Ψ1,lkt

xkt
µzlkt;Ψ1,lkt

+C−1
hlk;Ψ1,lkt

µhlk;Ψ1,lkt

)
. (29)

Update of mΨ1,lkt;xkt
= π1,lkt(xkt). The probabilities of the categorical distribution are given by

mΨ1,lkt;xkt
=

γ̃(xkt)∑
x′
kt∈S γ̃(x′

kt)
(30)

with

γ̃(xkt) := N (0;µzlkt;Ψ1,lkt
− xktµhlk;Ψ1,lkt

,

Czlkt;Ψ1,lkt
+ |xkt|2Chlk;Ψ1,lkt

).

11
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4.4 Inference

The desired estimates can be obtained computing the distributions p̂xkt
and p̂hlk

as follows

x̂kt = argmax
xkt∈S

p̂xkt
= argmax

xkt∈S
mΨ3,kt;xkt

L∏
l=1

mΨ1,lkt;xkt

and

ĥlk = argmax
hlk∈CN

p̂hlk
= argmax

hlk∈CN

mΨ2,lk;hlk

T∏
t=1

mΨ1,lkt;hlk

= argmax
hlk∈CN

N (hlk;µtot;h,Ctot;h)

= µtot;h,

where

Ctot;h =

(
C−1

Ψ2,lk;hlk
+

T∑
t=1

C−1
Ψ1,lkt;hlk

)−1

,

µtot;h = Ctot;h

(
C−1

Ψ2,lk;hlk
µΨ2,lk;hlk

+

T∑
t=1

C−1
Ψ1,lkt;hlk

µΨ1,lkt;hlk

)

are obtained by applying the Gaussian multiplication lemma [25]. Interestingly, the availability of

the posterior distributions allows us to determine the reliability of the estimates x̂kt and ĥlk.

4.5 Algorithm Stability

Each parameter of a distribution is iteratively computed by a soft update [22], i.e., given the old
parameters θ(i−1), the new parameters θ(i) are computed according to the message-passing rules
and then updated as

θ(i) ← η θ(i) + (1− η)θ(i−1),

where η ∈ [0, 1] is the soft update parameter. Additionally, the computation of some messages,
e.g., (17) may lead to precision matrices with negative eigenvalues. Inspired by [25], we set to zero
the negative eigenvalues to assure positive semi-definiteness as required for Gaussian distributions.

4.6 Analysis of Fronthaul Load

In this section we discuss a distributed implementation of the bilinear-EP JCD with special atten-
tion to the messages exchanged through the fronthaul. As apparent from (49) in the Appendix,
AP l requires the messages mΨ1,l̃kt;xkt

from the other APs l̃ ̸= l. The data prior mΨ3,kt;xkt
≡ Ψ3,kt

is assumed to be uninformative and thus not needed. The messages are exchanged via the CPU
which computes, based on the incoming messages from all APs, the following message

mxkt;tot ∝
L∏

l=1

mΨ1,lkt;xkt
, (31)

12
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and then forwards them to the APs. Then, AP l can remove its own message from the incoming
message from the CPU to obtain the desired message as in (49) , i.e.,

mxkt;Ψ1,lkt
∝ mxkt;tot

mΨ1,lkt;xkt

.

In the following, we quantify the fronthaul load for the communication between APs and CPU
in terms of number of messages per iteration. Each AP transmits KT messages mΨ1,lkt;xkt

to the
CPU. Additionally, the message mxkt;tot is transmitted to each AP totalling LKT messages to be
transmitted.

4.7 Computational Complexity

The order of computational complexity at the APs is mainly determined by the computation of
inverse matrices of dimension N . Then, we focus on the messages which require matrix inversion
and present the highest computational complexity, namely, messages mΨ1,lkt;zlkt

and mΨ1,lkt;hlk
.

Their order of complexity can be obtained from (22) and (37). We can observe thatKT |A| weighted
sums of covariance matrices per AP need to be inverted where A := {a ∈ R+ | a = |x|2, x ∈ S}
denotes the set of distinct amplitudes in the signal constellation set S. Therefore, at the AP, the
complexity order per iteration is O(KT |A|N3). The computation of the message mxkt;tot in (31)
at the CPU requires the multiplication of real-valued scalars of order O(LKT |S|). Therefore, the
order of the computational complexity at the CPU is O(LKT |S|) per iteration of the bilinear-EP
JCD algorithm. The total computational complexity that takes into account the processing in each
AP and at the CPU is then given by O

(
LKT (|S|+ |A|N3)

)
.

4.8 Simulation Results

4.8.1 Setting

In this section we present the setting that we utilized for our simulation. We consider a square
surface with 400m side length and position L = 16 APs on a rectangular grid, i.e., on the points of
set {(i× 400

3 m, j × 400
3 m) | i, j ∈ {0, 1, 2, 3}} as in [17]. Each AP is equipped with N = 1 antenna.

The K = 8 UEs are uniformly randomly distributed over the square surface. Each UE transmits
with a power of p = 14dBm and at each AP the received signal is impaired by an additive white
noise with variance v = −96 dBm . The diagonal elements of the channel covariance matrix Ξl are
determined by the distance between the UE k and AP l using the fading model in [17], i.e., for UE
k and for all co-located antennas n at AP l

[Ξl]nk,nk[dB] = −30.5− 36.7 log10

(
dkl
1m

)
,

where dkl is the distance between UE k and AP l. The pilot sequences are orthogonal, specifically,
Xp = I, P = K. The variability of the scenario is captured by sampling 300 realizations of the
positions of the UEs. In each position we perform 104 transmissions with different small-scale
fading realizations. In each transmission, T ∈ {10, 100} symbols are sent per UE. We use 4-QAM
as modulation scheme. Our numerical results are obtained with I = 10 iterations and we use
η = 0.7 as soft update parameter.

4.8.2 Performance evaluation and complexity analysis

In this section we present our simulation results and discuss the performance-complexity trade-
off. As usual in the investigation of CF-MaMIMO to analyze the QoS distribution, we study the
performance of the proposed algorithm in terms of the empirical cumulative distribution functions
(CDFs) of the symbol error rate SER := Ê{1x̸̂=x} for detection and normalized mean squared

error (NMSE) defined as NMSE := Ê
{

∥ĥ−h∥2

∥h∥2

}
for channel estimation.

13
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Table 1: Computational complexity of distributed and centralized algorithms

Algorithm Complexity at AP Complexity at CPU Total Complexity

bilinear-EP JCD O(KT |A|N3) O(LKT |S|) O
(
LKT (|S|+ |A|N3)

)
He et al. ICD O

(
TKN2 + (T + P )3N3

)
O(TK2) O

(
L(TKN2 + (T + P )3N3) + TK2

)
Ngo et al. - - O

(
K6|S|T )

)
Centralized MMSE - - O

(
K
(
LN3 +K2 + LNT + |S|T

))

The samples for the empirical CDFs of the SER and NMSE are obtained per each large-
scale channel fading and UE realization and per each large-scale channel fading, AP and UE
realization, respectively, by averaging the instantaneous values corresponding to different small-
scale realizations. Additionally, in the CDF of the NMSE we omit weak channels, i.e., channels
where the received power is lower than the noise variance to avoid to take into account errors on
weak and insignificant channels. In our simulation, we consider four baseline schemes, namely,
the detector in [30] assuming perfect CSI, the ICD algorithm in [31], which is also a semi-blind
algorithm based on EP with polynomial complexity order, a modified version of our proposed
bilinear-EP JCD algorithm with perfect channel knowledge which provides a lower bound to the
SER, and a centralized conventional receiver based on a Bayesian MMSE channel estimation
algorithm and a subsequent linear MMSE filter for data detection.

Next, we compare the computational complexity order of the proposed bilinear-EP algorithm
with the baseline EP algorithm in [31], a non-coherent centralized EP algorithm proposed in [25],
and the baseline centralized approach based on linear MMSE filters for both channel estimation
and detection. The results are summarized in Table 1. Notably, the proposed bilinear-EP JCD
algorithm and the algorithm in [31] have linear and cubic (quadratic) complexity order in T (K),
respectively. Thus, the proposed algorithm is more efficient for long data sequences and a large
number of UEs. However in our approach, the highest order term N3 scales linearly with the
number of UEs K. As the bilinear-EP JCD algorithm, the non-coherent centralized EP algorithm
in [25] adopts an exact categorical distribution for data. When it is used for uncoded transmission,
as in the proposed approach, its complexity order is given by O

(
K6|S|T )

)
. Due to its exponential

complexity in the length of the symbol sequence length T , the required computational efforts
are prohibitive for a comparative study of the algorithm performance. Essentially, the algorithm
in [25] approximates a maximum a posteriori (MAP) decoder whereas our algorithm approximates
a MAP detector. It is worth noting that the extension of proposed bilinear-EP JCD algorithm with
a decoder is straightforward through the use of loopy belief propagation which is known to have
polynomial complexity as well. In contrast to the other algorithms, the conventional centralized
MMSE algorithm is not iterative in nature and, thus, a fair comparison with the other receivers
which require multiple iterations is not straightforward.

In the following, we analyze the performance. Fig. 3 shows the empirical CDF of the SER of
the proposed bilinear-EP JCD for T = {10, 100} and the above mentioned baselines. For both
values of T the proposed bilinear-EP algorithm outperforms the ICD algorithm in [31] by more
than one order of magnitude, while the complexity of bilinear-EP is only linear in T and not
cubic. Our approach also outperforms the EP-based detector in [30] with perfect CSI and the
centralized MMSE approach. The gap in performance with the second baseline approach indicates
that the Gaussian approximation of the data symbol distribution and the averaging of the messages
in [30, 31] determine a degradation of performance. We observe an improvement of the CDF of
the SER obtained with our bilinear-EP JCD algorithm when the length of the transmitted data
symbols increases from T = 10 to T = 100. The performance of our modified algorithm obtained
assuming perfect CSI shows that there is room for further improvement. Fig. 4 shows the CDF
of the NMSE. We observe an improvement of the NMSE by more than an order of magnitude of
our proposed algorithm compared to the ICD scheme in [31]. Additionally, the performance of our
channel estimation also improves when T increases.
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Figure 3: CDF of SER for L = 16,K = 8, N = 1.
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Figure 4: CDF of NMSE for L = 16,K = 8, N = 1.

mhlk;Ψ1,lkt

(
zlkt
xkt

)
=

1

πNdet
(
Chlk;Ψ1,lkt

) · exp(−(zlkt
xkt
− µhlk;Ψ1,lkt

)H

C−1
hlk;Ψ1,lkt

(
zlkt
xkt
− µhlk;Ψ1,lkt

))
= |xkt|2NN (zlkt;xktµhlk;Ψ1,lkt

, |xkt|2Chlk;Ψ1,lkt

(36)

mzlkt;Ψ1,lkt
(zlkt)mxkt;Ψ1,lkt

(xkt)N (zlkt;xktµhlk;Ψ1,lkt
, |xkt|2Chlk;Ψ1,lkt

)

= N (zlkt; µ̃(xkt), C̃(xkt)) ·mxkt;Ψ1,lkt
(xkt)N (0;µzlkt;Ψ1,lkt

− xktµhlk;Ψ1,lkt
,Czlkt;Ψ1,lkt

+ |xkt|2Chlk;Ψ1,lkt
)︸ ︷︷ ︸

:=ω̃(xkt)

(37)

mzlkt;Ψ1,lkt
(xkthlk) =

1

πNdet
(
Czlkt;Ψ1,lkt

) · exp(− (xkthlkt − µzlkt;Ψ1,lkt

)H
C−1

zlkt;Ψ1,lkt

(
xkthlk − µzlkt;Ψ1,lkt

))
=

1

|xkt|2N
N (hlk;

µzlkt;Ψ1,lkt

xkt
,
Czlkt;Ψ1,lkt

|xkt|2
)

(38)
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Algorithm 2 Modified Bilinear-EP Algorithm

Input: Pilot matrixXp, transmit power σ2
x, received signalY, noise variance σ2

n, prior distribution
p̃hl,k

(hl,k) ≡ (µ̃hl,k
, C̃hl,k

).

Output: Estimated channels ĥl,k and data x̂d
kt.

1: ∀k, l, t: Initialize all messages uninformatively except
µΨhl,k

;hl,k
= µhl,k;Ψzl,kt

= µ̃hl,k
,

CΨhl,k
;hl,k

= Chl,k;Ψzl,kt
= C̃hl,k

,

µΨzl,kt
;zl,kt

=

{
µ̃hl,k

xp
kt for t ≤ Tp

0 for t > Tp

,

CΨzl,kt
;zl,kt

=

{
C̃hl,k

|xp
kt|2 for t ≤ Tp(

C̃hl,k
++µ̃hl,k

µ̃H
hl,k

)
σ2
x for t > Tp

.

2: for i = 1 to imax do
3: ∀k, l, t: Update mΨyl,t

;zl,kt
via (32), (33).

4: ∀k, l, t > Tp: Update mΨzl,kt
;xkt

via (34).

5: ∀k, l, t > Tp: Update mxkt;Ψzl,kt
via (35).

6: ∀k, l, t: Update mΨzl,kt
;hl,k

via (36), (37).

7: ∀k, l, t: Update mhl,k;Ψzl,kt
via (38), (39).

8: ∀k, l, t: Update mΨzl,kt
;zl,kt

via (40), (41).

9: end for
10: return ĥl,k calculated via (42) ∀k, l.
11: return x̂d

kt calculated via (43) ∀k, t.

5 Improving Performance under Pilot Contamination [2]

In this section, we propose a novel JCD algorithm based on EP, specifically designed to enhance
robustness against PC in CF-MaMIMO systems. The algorithm builds upon the bilinear-EP
algorithm presented in Section 4 and incorporates a modified scheduling and message passing for
bilinear structure to effectively exploit the inherent structure of the received data signals and
suppress the impact of PC. We evaluate the proposed method against state-of-the-art Bayesian
learning algorithms and demonstrate superior detection and estimation performance, particularly
under severe PC. This thorough analysis of PC was not conducted in prior work. Our analysis
further considers both contamination caused by non-orthogonal sequences and by the reuse of
identical orthogonal sequences, revealing that Bayesian methods exhibit greater robustness when
non-orthogonal pilots with low correlation are used. This insight motivates the introduction of a
novel metric tailored to quantify PC and assess its impact on iterative JCD algorithms.

5.1 Modified Bilinear-EP Algorithm

The modified bilinear-EP algorithm is summarized in Algorithm 2. Compared to the EP algo-
rithm presented in Section 4, it contains additional and augmented message updates. To be more
precise, the updates of the messages mΨyl,t

;zl,kt
, mΨzl,kt

;hl,k
, mhl,k;Ψzl,kt

, and mΨzl,kt
;zl,kt

are now

also considered for t ≤ Tp i.e., for the pilot part as well. Furthermore, the update of the message
mhl,k;Ψzl,kt

is enhanced by taking into account the additional information from t ≤ Tp. To make

this more clear, we describe the scheduling, initialization, and message updates in the following.
Note that many of the message updates presented below are equal to the message updates pre-
sented in the previous section. However, we recapitulate all the message updates to enable a clear
presentation of the modified algorithm.

The bilinear-EP algorithm models the variables xkt with categorical distributions, while zl,kt
and hl,k are modeled as multivariate complex Gaussian distributions. Accordingly, EP message-
passing update rules are applied to the factor graph in Fig. 5. We present the message scheduling
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Figure 5: Factor graph for bilinear-EP with T := Tp + 1. The numbered red dashed arrows show
the message update scheduling according to Algorithm 2.

and the final update rules. The derivations are analog to those presented in Appendix A. Note
that the mean vector µ and the covariance matrix C of a Gaussian random variable are equiva-
lently represented by the natural parameters γ =C−1µ and Λ=C−1. In the following, we will
interchangeably use both these representations without explicitly stating the transformation, i.e.,
if µΨα;xβ

and CΨα;xβ
are computed, then γΨα;xβ

and ΛΨα;xβ
are automatically given and vice

versa.
The message initialization is performed as follows: parameters describing the messagesmΨhl,k

;hl,k
,

mhl,k;Ψzl,kt
, andmΨzl,kt

;zl,kt
∀k, l, t are initialized per Algorithm 2. All other messages are initialized

in an uninformative way.
The messages mΨyl,t

;zl,kt
∀k, l, t are updated first, in which each AP performs interference

cancellation on the received signal using the current knowledge of the auxiliary variables zl,kt,

µΨyl,t
;zl,kt

= yl,t −
∑
k′ ̸=k

µΨz
l,k′t

;zl,k′t , (32)

CΨyl,t
;zl,kt

= σ2
nIN +

∑
k′ ̸=k

CΨz
l,k′t

;zl,k′t . (33)

The updated information on the variables zl,kt at each AP l is used to refine the local beliefs
on the data symbols xkt, which are subsequently shared with the CPU. This is done by updating
the message mΨzl,kt

;xkt
∀k, l, t > Tp,

πΨzl,kt
;xkt

(xkt) ∝ θ(xkt), (34)

17



CellFree6G Deliverable 4.1

with

θ(xkt) = CN (0|µΨyl,t
;zl,kt

− µhl,k;Ψzl,kt
xkt,

CΨyl,t
;zl,kt

+Chl,k;Ψzl,kt
|xkt|2).

Next, the messages mxkt;Ψzl,kt
∀k, l, t > Tp are updated by aggregating the data symbol beliefs

from all APs at the CPU, which then sends the following refined beliefs back to the APs,

πxkt;Ψzl,kt
(xkt) ∝

∏
l′ ̸=l

πΨz
l′,kt

;xkt
(xkt). (35)

The updated beliefs on the symbols xkt at each AP are then used to refine the channel estimates
hl,k. This refinement is achieved through the update of the message mΨzl,kt

;hl,k
∀k, l, t, given by

ΛΨzl,kt
;hl,k

= Λ̂1l,kt
−Λhl,k;Ψzl,kt

, (36)

γΨzl,kt
;hl,k

= γ̂1l,kt
− γhl,k;Ψzl,kt

, (37)

with µ̂1l,kt
=

µ̌l,kt(x
p
kt)

xp
kt

, Ĉ1l,kt
=

Čl,kt(x
p
kt)

|xp
kt|2

for t ≤ Tp and

µ̂1l,kt
=

1

Zl,kt

∑
xkt∈X

πxkt;Ψzl,kt
(xkt) ·

θ(xkt)

xkt
· µ̌l,kt(xkt),

Ĉ1l,kt
=

1

Zl,kt

∑
xkt∈X

πxkt;Ψzl,kt
(xkt) ·

θ(xkt)

|xkt|2
·
(
Čl,kt(xkt)

+ µ̌l,kt(xkt) · µ̌H
l,kt(xkt)

)
− µ̂l,ktµ̂

H
l,kt,

for t > Tp with

Zl,kt =
∑

xkt∈X
πxkt;Ψzl,kt

(xkt) · θ(xkt),

Λ̌l,kt(xkt) = ΛΨyl,t
;zl,kt

+Λhl,k;Ψzl,kt
|xkt|−2,

γ̌l,kt(xkt) = γΨyl,t
;zl,kt

+ γhl,k;Ψzl,kt

xkt

|xkt|2
.

Then, the messages mhl,k;Ψzl,kt
∀k, l, t are updated yielding new estimates of hl,k by combining

the information acquired across all time slots with the prior channel information,

Λhl,k;Ψzl,kt
= ΛΨhl,k

;hl,k
+
∑
t′ ̸=t

ΛΨz
l,kt′

;hl,k
, (38)

γhl,k;Ψzl,kt
= γΨhl,k

;hl,k
+
∑
t′ ̸=t

γΨz
l,kt′

;hl,k
. (39)

The messages mΨzl,kt
;zl,kt

∀k, l, t are updated last in an EP iteration, generating refined esti-

mates of the variables zl,kt which are then utilized for interference cancellation in the next iteration,

ΛΨzl,kt
;zl,kt

= Λ̂2l,kt
−ΛΨyl,t

;zl,kt
, (40)

γΨzl,kt
;zl,kt

= γ̂2l,kt
− γΨyl,t

;zl,kt
, (41)
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with µ̂2l,kt
= µ̌l,kt(x

p
kt), Ĉ2l,kt

=Čl,kt(x
p
kt) for t ≤ Tp and

µ̂2l,kt
=

1

Zl,kt

∑
xkt∈X

πxkt;Ψzl,kt
(xkt) · θ(xkt) · µ̌l,kt(xkt),

Ĉ2l,kt
=

1

Zl,kt

∑
xkt∈X

πxkt;Ψzl,kt
(xkt) · θ(xkt) ·

(
Čl,kt(xkt)

+ µ̌l,kt(xkt) · µ̌H
l,kt(xkt)

)
− µ̂1l,kt

µ̂H
1l,kt

,

for t > Tp with Zl,kt, Λ̌l,kt(xkt), and γ̌l,kt(xkt) as given before.
After performing the final EP iteration, the channel and data estimates are computed as follows,

ĥl,k = Λ̂−1
hl,k

γ̂hl,k
, (42)

x̂d
kt = argmax

xd
kt∈X

p̂xkt
(xd

kt), (43)

with

Λ̂hl,k
= ΛΨhl,k

;hl,k
+

T∑
t=1

ΛΨzl,kt
;hl,k

, (44)

γ̂hl,k
= γΨhl,k

;hl,k
+

T∑
t=1

γΨzl,kt
;hl,k

, (45)

and the approximated posterior data distribution

p̂xkt
(xd

kt) ∝
L∏

l=1

πΨzl,kt
;xkt

(xd
kt). (46)

We note that damping is applied to factor-to-variable messages using a damping parameter
η∈ [0, 1] to improve the stability of the bilinear-EP algorithm [1], i.e., each updated parameter is
computed as a convex combination of its previous and newly computed values. Furthermore, the
parameters of the messages mΨzl,kt

;hl,k
and mΨzl,kt

;zl,kt
in line 6 and 8 of Algorithm 2 are updated

only if the corresponding covariance/precision matrices obtained by (36) and (40), respectively, are
symmetric positive definite. Otherwise, the parameters from the previous iteration are retained.

5.2 Quantifying Pilot Contamination

In this section, we introduce a metric to quantify PC in CF-MaMIMO networks. The level of
PC is influenced by the choice of the pilot matrix Xp and the resulting correlations between
pilot sequences. Mutual coherence, which measures the similarity between pilot sequences, was
used in [36] for pilot design to mitigate PC. However, due to the distributed architecture of
CF-MaMIMO, user signals can often be separated spatially, especially when the users are far apart,
resulting in negligible interference. Therefore, the spatial power profiles of all UEs, captured by the
large-scale fading coefficients (LSFCs) ξl,k, are also critical for characterizing PC. This motivates
us to develop a new PC metric which is particularly suited for JCD in distributed systems. Inspired
by the NMSE of the pilot-based MMSE channel estimator, we define the PC metric ck for UE k as

ck = min
l

[(
diag(ξl,1, . . . , ξl,K)

−1
+XpXpHσ−2

n

)−1
]
k,k

ξl,k
, (47)

where diag(·) denotes a diagonal matrix with its inputs on the main diagonal. The rationale for
taking the minimum value over all APs is that a strong, low-contamination link to any single AP
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Figure 6: CDF of ck for different pilot sequences.

is sufficient for reliable channel estimation and successful data detection. This reliable information
can be used to cancel the interference caused by the corresponding UE and, hence, iteratively
remove PC. This concept was formalized in [37] where sufficient and necessary conditions for
semi-blind identifiability were established.

5.3 Extended Simulation Results

In this section, we present Monte Carlo simulation results for the modified bilinear-EP algorithm
and several state-of-the-art benchmark algorithms. We consider a network spanning an area of
400 × 400m2 comprising L = 16 single-antenna APs, i.e., N = 1, placed on a regular grid at
coordinates {(50+ i·100, 50+ j·100)m | i, j∈{0, 1, 2, 3}} and placed at a height of 10m. A total of
K = 8 UEs are placed uniformly at random ground locations and transmit Tp = 4 pilot symbols
and Td ∈ {10, 30} 4-quadrature amplitude modulation (QAM) uncoded data symbols. The values
of K and Tp are chosen such that PC occurs and the complexity of the simulations is not too
high. In practice, longer channel coherence times allow for an increase in the number of pilot
symbols Tp but also for an increase in the number of UEs K, especially when the number of AP
antennas LN is increased as well, such that PC still occurs in these more practical cases and needs
to be mitigated. We consider two different choices of pilot sequences, referred to as Hadamard
and discrete Fourier transform (DFT) pilots. For Hadamard pilots, Tp orthogonal Hadamard pilot
sequences are considered and shared among the K UEs. For DFT pilots, the pilot matrix Xp is
obtained by truncating a K ×K DFT matrix to the first Tp columns, resulting in non-orthogonal
sequences. Hence, in our simulations, the set of Hadamard pilots consists of four orthogonal
pilot sequences, each of which is shared between two users. In contrast, the set of DFT pilots
consists of eight unique but non-orthogonal pilot sequences. The receiver noise power at each AP
is set to σ2

n = −96 dBm. The LSFCs are obtained using the 3GPP urban microcell model which
incorporates correlated shadow fading [17].

The first set of results pertains to the PC metric introduced in (47) and evaluated over 105

independent large-scale fading realizations. The CDF of the PC metric ck is illustrated in Fig. 6.
It can be observed that the non-orthogonal DFT pilots result in lower PC than the orthogonal
Hadamard pilots which are reused among the UEs.

In the following, we show the channel estimation and data detection performance in terms of
the NMSE of the channel estimates and the SER. We compare the proposed modified bilinear-EP
algorithm with the bilinear-EP algorithm in [1], the variational Bayes, belief propagation, and ex-
pectation propagation (VB-EP) algorithm presented in [38], and different MMSE estimators. For
channel estimation, we consider the pilot-based MMSE estimator and the genie-aided MMSE esti-
mator with perfect knowledge of the transmitted data symbols. For symbol detection, we employ
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Figure 7: SER versus transmit power.

the centralized MMSE MIMO detector with CSI obtained by the pilot-based MMSE estimator and
with perfect CSI. Note that the MMSE detector with pilot-based CSI serves as an upper perfor-
mance bound for any linear detection scheme with imperfect CSI, including those proposed in [39]
and [17]. Both of the bilinear-EP algorithms execute 20 iterations for JCD, whereas the VB-EP
algorithm runs for 40 iterations. All iterative algorithms use a damping parameter of η = 0.5. In
the following figures, solid and dashed lines distinguish between different pilot sequences or data
lengths, while colors and markers indicate the respective algorithms.

The next set of results present the NMSE and the SER as functions of the UE transmit power

σ2
x. The NMSE of the channel matrix estimate Ĥ is defined as NMSE := E

{
||H−Ĥ||2F
||H||2F

}
, and

the SER is obtained by averaging across all UEs, i.e., SER := E
{∑

k

∑
t 1xd

kt ̸=x̂d
kt
/(KTd)

}
. The

expectation operator in both definitions is computed with respect to the channel realizations. In
our simulation results, the performance is obtained by averaging 104 block transmissions where each
block transmission corresponds to an independent realization of the UE positions. The SER results
are shown in Fig. 7. It can be observed that the proposed bilinear-EP algorithm outperforms the
linear MMSE detector as well as the bilinear-EP algorithm in [1] and the VB-EP algorithm in [38].
Systems adopting non-orthogonal DFT pilots show significantly better performance compared to
those using orthogonal Hadamard pilots. Additionally, the performance gain from increasing the
number of data symbols from Td = 10 to Td = 30 is more pronounced for DFT pilots. The
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Figure 9: NMSE versus iterations for Td = 10 and σ2
x = 16dBm.

VB-EP algorithm, being designed for orthogonal pilots, is not applicable to systems adopting
the proposed DFT pilots. The proposed bilinear-EP algorithm offers greater flexibility in the
design of pilot sequences, which represents an additional advantage. Fig. 8 illustrates the NMSE
performance as a function of the transmit power for the same settings discussed above. The
proposed bilinear-EP algorithm, when used with non-orthogonal DFT pilot sequences, closely
approaches the performance of the genie-aided MMSE estimator, a bound which is not attained
with orthogonal Hadamard pilot sequences. Fig. 9 shows the convergence behavior of the iterative
algorithms. The bilinear-EP algorithm converges significantly faster than the VB-EP algorithm.
As the bilinear-EP algorithm is executed for only 20 iterations, the result for iteration number 20
is extended to all following iterations to enable direct comparison with the benchmark algorithms.

For the following set of results, the UE transmit power is fixed to σ2
x = 16dBm and the

performance is assessed in terms of the CDFs of the NMSE and the SER per user, i.e., NMSEk :=

E
{

||hk−ĥk||2
||hk||2

}
and SERk := E

{∑
t 1xd

kt ̸=x̂d
kt
/Td

}
. Here, 1000 independent realizations of the UE

positions are considered which results in 1000 ·K = 8000 data points for the CDF. For each UE
positioning realization, the performance is averaged over 1000 independent block transmissions,
accounting for small-scale fading and noise realizations. The corresponding results are illustrated in
Figs. 10 and 11. The CDFs show that the proposed modified bilinear-EP algorithm outperforms the
benchmark schemes. Furthermore, the algorithms applied to systems utilizing non-orthogonal DFT
pilots show greater performance gains from increased data lengths, especially when considering the
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95%-likely performance.
For the final set of results, the exact same setup as before is used with the UE-based performance

metrics now evaluated as a function of the PC metric ck. The results are averaged over UEs
experiencing a similar level of PC quantified by ck. Fig. 12 presents the corresponding results for
the SER. It can be observed that as ck increases, the performance degrades which validates ck as
an appropriate PC metric. Combined with the observations from Fig. 6, it explains the superior
average performance of DFT pilots over Hadamard pilots in previous results. Furthermore, the
proposed algorithm consistently achieves the best performance for a given level of PC. These
results further show that the JCD schemes applied to systems using DFT pilots are more effective
at mitigating PC for a given level of PC ck.

6 Further Performance Analysis

In this section, we further investigate the performance under PC and how to reduce the fronthaul
load for the bilinear-EP algorithm. In order to control the level of PC, we introduce a minimum
distance constraint between UEs. The fronthaul load is reduced by performing multiple local
iterations at the APs before sharing information with the CPU via the fronthaul. More details on
these approaches are provided in the following.
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Figure 13: Network realization with different minimum UE distance constraints d.

6.1 Minimum User Distance Constraint

PC occurs due to the use of non-orthogonal pilot sequences. The level of PC is determined by
the correlation between the different pilot sequences. However, in a distributed architecture as
in CF-MaMIMO networks, the level of PC also depends on the distance between APs and UEs.
Two UEs which are close to each other will cause strong interference, resulting in strong PC. This
was partly analyzed in Section 5.2. In the following, we investigate how the geographical distance
between UEs affect the system performance. For this, we introduce a minimum UE separation
distance d, i.e., two UEs are always at least d meters apart from each other. This is illustrated in
Fig. 13 for three different values of d. Here, the network area of 400× 400m is shown with the AP
and UE positions. The circles around the UEs visualizes the minimum UE distance constraint.

In the following, the same simulation parameters are considered as in Section 5.3 except that
T = 18 and Tp ∈ {4, 8} depending on the scenario with and without PC, respectively. For Tp = 4,
random binary phase-shift-keying (BPSK) pilot sequences are transmitted by the UEs, whereas
for Tp = 8 orthogonal pilot sequences are used. The minimum UE distance constraint is set to
d ∈ {0, 40, 80}m. Figs. 14 and 15 show the effect of the user distance constraints on the system
performance. In scenarios without PC, the performance remains consistent regardless of the user
distance. However, in systems affected by PC, increasing the distance between users leads to an
improvement in performance for both algorithms. This improvement is more pronounced for the
bilinear-EP algorithm compared to the MMSE data detector which shows the effective exploitation
of geographical UE separation for pilot decontamination.
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Figure 14: CDF of SER with minimum distance constraint between UEs.

Figure 15: CDF of NMSE with minimum distance constraint between UEs.

6.2 Reduced Fronthaul Load

Distributed signal processing algorithms in CF-MaMIMO systems aim to enable scalability and re-
duce the computational load on the CPU by allowing APs to locally process received signals before
forwarding information to the CPU. However, this approach presents significant challenges. A ma-
jor issue is the frequent usage of fronthaul links, as messages are iteratively exchanged between the
APs and the CPU for JCD via the bilinear-EP algorithm. This iterative communication increases
fronthaul load, particularly when many iterations are needed for improved performance. Hence,
developing efficient scheduling strategies that optimize the balance between local and centralized
processing is crucial for addressing these issues and ensuring the scalability and practicality of
CF-MaMIMO for future wireless networks.

The proposed modified scheduling for the bilinear-EP algorithm introduces an alternative fron-
thaul communication strategy to reduce the fronthaul load by selectively enabling message ex-
changes between APs and the CPU. In the original bilinear-EP algorithm, fronthaul communica-
tion occurs during every EP iteration, i.e., the number of fronthaul uses nfh is equal to the number
of EP iterations imax, which can be demanding in terms of fronthaul capacity. The proposed strat-
egy reduces the fronthaul load by allowing fronthaul communication only at specific EP iterations,
determined by the scheduling rule

round

(
i · imax

nfh

)
, i ∈ {1, 2, . . . , nfh}. (48)

25



CellFree6G Deliverable 4.1

Figure 16: CDF of SER with reduced fronthaul load.

Figure 17: CDF of NMSE with reduced fronthaul load.

In this modified framework, the scheduling of messages the mΨzl,kt
;xkt

(from APs to CPU) and

mxkt;Ψzl,kt
(from CPU to APs) is adjusted. When the fronthaul communication is disabled, updated

information is not exchanged; instead, the algorithm relies on values from the previous iteration.
This selective communication reduces computational complexity at the CPU and fronthaul usage
while maintaining effective iterative refinement of channel and data estimates, ensuring a balance
between system performance and efficiency.

For the following simulations, the same parameters are used as in Section 5.3 with altered
Td = 14 and random BPSK pilot sequences of length Tp = 4. Furthermore, we set the number
of EP iterations to imax = 30 and vary the number of fronthaul uses nfh. The simulation results
are shown in Figs. 16 and 17. The bilinear-EP algorithm outperforms the centralized MMSE data
detector, even with a small number of fronthaul uses since the MMSE data detector relies solely on
the initial channel estimates for data detection, while bilinear-EP refines estimates through iterative
processing. Furthermore, it can be observed that the bilinear-EP algorithm with nfh = 10 fronthaul
uses already performs as good as with exhaustive fronthaul communication nfh = imax = 30, i.e.,
reducing the fronthaul load by 67% with negligible performance degradation. This shows the
efficacy of the proposed fronthaul scheduling scheme and the general possibility to reduce the
fronthaul load for iterative distributed algorithms.
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7 Conclusion

In this work, we considered a CF-MaMIMO system and tackled the quest of low-complexity JCD
with near-optimal performance and robustness to PC. We derived a blind or semi-blind distributed
JCD algorithm by formulating the problem in the framework of bilinear inference and obtaining
the solution as an unfolding of a message passing algorithm incorporating EP-rules over a factor
graph. The appealing features of the proposed algorithm stem from our choice of the approximate
posterior joint distribution of data symbols and channels. Our simulation results show that the
proposed scheme significantly outperforms the selected baseline schemes based on the detector
in [30], which assumes perfect CSI, and the ICD algorithm in [31]. Additionally, bilinear-EP JCD
has polynomial computational complexity and allows for straightforward embedding of state-of-the
art SISO decoders, such that the decoding complexity can also be kept of polynomial order. This
enables further investigations on the rate that can be achieved using our proposed JCD algorithm.
Furthermore, we extensively investigated the performance under PC and proposed corresponding
modifications. It consistently outperformed optimal linear detectors in [39] and [17] and state-
of-the-art JCD algorithms. We also compared systems employing orthogonal and non-orthogonal
pilots and showed that non-orthogonal sequences provided significant performance gains. Addi-
tionally, we introduced a new metric to quantify the impact of PC on iterative JCD algorithms
and demonstrated its relevance and consistency. Then, we further analyzed the performance of
the proposed bilinear-EP algorithm under minimum UE distance constraints, which effects the
level of PC in the network, and under reduced fronthaul capabilities. The results showed that
the algorithm can effectively exploit the geographical UE separation for pilot decontamination and
that a reduction of the fronthaul load is feasible with negligible performance degradation.

A Derivation of Factor-to-Variable Messages

In this section, we derive some of the factor-to-variable messages. When it does not cause ambiguity,
we adopt the following abbreviated notation mΨ1,lkt;zlkt

= mΨ1,lkt;zlkt
(zlkt).

Derivation of message mΨ1,lkt;xkt

Message mΨ1,lkt;xkt
is obtained by applying (8) and (9). This computation requires the knowledge

of messages from variable nodes to factor nodes, namely, mhlk;Ψ1,lkt
, mzlkt;Ψ1,lkt

, and mxkt;Ψ1,lkt

as we can evince from the factor graph in Fig. 2. In the following, we derive these messages by
applying (7). Thus, we obtain mhlk;Ψ1,lkt

(hlk) ∝ mΨ2,lk;hlk

∏
t̸̃=t mΨ1,lkt̃;hlk

which is a Gaussian
distribution with covariance matrix and mean given by (15) and (16), respectively. As product
of Gaussian distributions, the mean and covariance matrix above are obtained by applying the
Gaussian multiplication lemma, see, e.g., [25]. Similarly, we derive the other variable-to-factor
messages as mzlkt;Ψ1,lkt

= mΨ0,lt;zlkt
and

mxkt;Ψ1,lkt
∝ mΨ3,kt;xkt

∏
l̃ ̸=l

mΨ1,l̃kt;xkt
(49)

which is a categorical distribution. We normalize it as follows

mxkt;Ψ1,lkt
(xkt) =

mΨ3,kt;xkt
(xkt)

∏
l̃ ̸=l mΨ1,l̃kt;xkt

(xkt)∑
xkt∈S mΨ3,kt;xkt

(xkt)
∏

l̃ ̸=l mΨ1,l̃kt;xkt
(xkt)

. (50)
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By utilizing the variable-to-factor messages impinging on the factor node Ψ1,lkt computed above,
we apply (9) to obtain the distribution before projection as follows

qΨ1,lkt;xkt
∝
∫

δ(zlkt − xkthlk)

×mhlk;Ψ1,lkt
mzlkt;Ψ1,lkt

dzlktdhlkmxkt;Ψ1,lkt
.

∝
∫

1

|xkt|2N
mhlk;Ψ1,lkt

(
zlkt
xkt

)
×mzlkt;Ψ1,lkt

(zlkt)dzlktmxkt;Ψ1,lkt
, (51)

where the last expression is derived by applying the sifting property of the Dirac delta function,

see, e.g., [40]. Then, the factor mhlk;Ψ1,lkt

(
zlkt

xkt

)
in (51) can be rewritten as shown in (36) at the

top of the page. Therefore, using the Gaussian multiplication lemma we obtain

qΨ1,lkt;xkt
∝
∫
N (zlkt;xktµhlk;Ψ1,lkt

, |xkt|2Chlk;Ψ1,lkt
)

×mzlkt;Ψ1,lkt
(zlkt)dzlkt ·mxkt;Ψ1,lkt

∝ N (0;µzlkt;Ψ1,lkt
− xktµhlk;Ψ1,lkt

,Czlkt;Ψ1,lkt

+ |xkt|2Chlk;Ψ1,lkt
) ·mxkt;Ψ1,lkt

.

Next, we observe that qΨ1,lkt;xkt
is already a categorical distribution in the exponential fam-

ily. Then, the projection operator in (8) leaves its argument unchanged, i.e., proj{qΨ1,lkt;xkt
} =

qΨ1,lkt;xkt
. Finally, by applying (8), we obtain the message mΨ1,lkt;xkt

which is given in (30).

Derivation of message mΨ1,lkt;zlkt

For the derivation of message mΨ1,lkt;zlkt
we consider again factor node Ψ1,lkt in Fig. 2. Thus,

the same variable-to-factor messages computed above are necessary to determine qΨ1,lkt;zlkt
. The

distribution before projection onto the family of exponential functions is

qΨ1,lkt;zlkt
∝
∫

δ(zlkt − xkthlk)

×mhlk;Ψ1,lkt
mzlkt;Ψ1,lkt

mxkt;Ψ1,lkt
dxktdhlk.

∝
∫

1

|xkt|2N
mhlk;Ψ1,lkt

(
zlkt
xkt

)
×mzlkt;Ψ1,lkt

(zlkt)mxkt;Ψ1,lkt
dxkt

∝
∑

x′
kt∈S

mzlkt;Ψ1,lkt
(zlkt)

1

|x′
kt|2N

×mhlk;Ψ1,lkt

(
zlkt
x′
kt

)
mxkt;Ψ1,lkt

(x′
kt)

∝
∑

x′
kt∈S

ω̃(x′
kt)N (zlkt; µ̃(xkt), C̃(xkt)) (30)

We observe that qΨ1,lkt;zlkt
is a Gaussian mixture in |S| components with the parameters C̃(xkt) and

µ̃(xkt) which depend on the specific value xkt and are defined in (22) and (23), respectively, which
is obtained by applying again (36) and then the Gaussian multiplication lemma. Additionally,
each component of the Gaussian mixture distribution is weighted by the unnormalized factor
ω̃(xkt) given in (37) at the top of the page. Then, as in (9) we have to project the Gaussian
mixture distribution onto the family of Gaussian distributions, i.e., we need to determine the
Gaussian distribution N (zlkt; ẑlkt,Σlkt) := proj{qΨ1,lkt;zlkt

} whose moments are matched to the
distribution qΨ1,lkt;zlkt

. Denoting with ω(xkt) the normalized weights obtained from ω̃(xkt) given
in (21), the parameters ẑlkt and Σlkt of the moment matched distribution are shown in (19) and
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(20), respectively. Finally, we have

mΨ1,lkt;zlkt
∝

proj{qΨ1,lkt;zlkt
}

mzlkt;Ψ1,lkt

=
N (zlkt; ẑlkt,Σlkt)

mzlkt;Ψ1,lkt

.

The parameters CΨ1,lkt;zlkt
and µΨ1,lkt;zlkt

of the updated message are then given by the Gaussian
multiplication lemma shown in (17) and (18), respectively.

Derivation of message mΨ1,lkt;hlk

Lastly, the only message left associated with factor node Ψ1,lkt is mΨ1,lkt;hlk
. Analogously to the

derivation discussed before we have for the distribution to be projected

qΨ1,lkt;hlkt=
∝
∫

δ(zlkt − xkthlk)

×mhlk;Ψ1,lkt
mzlkt;Ψ1,lkt

mxkt;Ψ1,lkt
dxktdzlkt.

∝
∫

mhlk;Ψ1,lkt
(hlk)

×mzlkt;Ψ1,lkt
(xkthlk)mxkt;Ψ1,lkt

dxkt

∝
∑

x′
kt∈S

mhlk;Ψ1,lk
(hlk)

×mzlkt;Ψ1,lkt
(x′

kthlk)mxkt;Ψ1,lkt
(x′

kt)

∝
∑

x′
kt∈S

mxkt;Ψ1,lkt
(x′

kt)

×N (hlk;µhlk;Ψ1,lkt
,Chlk;Ψ1,lkt

)

× 1

|x′
kt|2N

N (hlk;
µzlkt;Ψ1,lkt

x′
kt

,
Chlk;Ψ1,lkt

|x′
kt|2

)

∝
∑

x′
kt∈S

ω̃(x′
kt)N (hlk; µ̄(xkt), C̄(xkt)).

This is a Gaussian mixture in |S| components as well with the parameters C̄(xkt) and µ̄(xkt)
which depend on the specific value xkt and are defined in (28) and (29), respectively, which is
obtained by applying the Gaussian multiplication lemma. Additionally, each component of the
Gaussian mixture distribution is weighted by the unnormalized factor ω̃(xkt) given in (37). We

need to project this down onto the Gaussian distribution N (hlk; ĥlk, Σ̂lkt) := proj{qΨ1,lkt;hlk
}

whose moments are matched to the distribution qΨ1,lkt;hlk
. The parameters ĥlk and Σ̂lk of the

moment matched distribution are shown in (26) and (27), respectively. Finally, we have

mΨ1,lkt;hlk
∝

proj{qΨ1,lkt;hlk
}

mhlk;Ψ1,lkt

=
N (hlk; ĥlk, Σ̂lk)

mhlk;Ψ1,lkt

.

The parameters CΨ1,lkt;hlk
and µΨ1,lkt;hlk

of the updated message are then given by the Gaussian
multiplication lemma shown in (24) and (25), respectively.

Derivation of message mΨ0,lt;zlkt

The product of variable messages entering the node Ψ0,lt is

K∏
k′=1

mzlkt;Ψ0,lt
=

K∏
k′=1

mΨ1,lkt;zlkt
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Therefore, we have for the distribution to be projected

qΨ0,lt;zlkt
=

∫ K∏
k′=1

mΨ1,lk′t;zlk′t

×N (ylt;

K∑
k′=1

zlk′t, σ
2IN )

K∏
k̃=1,k̃ ̸=k

dzlk̃t

= mΨ1,lkt;zlkt

∫ K∏
k′=1,k′ ̸=k

mΨ1,lk′t;zlk′t

×N (ylt;

K∑
k′=1

zlk′t, σ
2IN )

K∏
k̃=1,k̃ ̸=k

dzlk̃t

By repeatedly applying the Gaussian multiplication lemma on the functions being integrated, we
obtain

qΨ0,lt;zlkt
∝ mΨ1,lkt;zlkt

×N (zlkt;ylt −
K∑

k̃=1,k̃ ̸=k

µΨ1,lkt;zlkt
,

σ2IN +

K∑
k̃=1,k̃ ̸=k

CΨ1,lkt;zlkt
)

Since qΨ0,lt;zlkt
, as a product of two Gaussians is already Gaussian and thus of the desired distri-

bution, no further projection onto a Gaussian is necessary and we obtain the the updated message
by

mΨ0,lt;zlkt
∝

qΨ0,lt;zlkt

mΨ1,lkt;zlkt

= N (zlkt;ylt −
K∑

k̃=1,k̃ ̸=k

µΨ1,lkt;zlkt
,

σ2IN +
K∑

k̃=1,k̃ ̸=k

CΨ1,lkt;zlkt
).

This concludes the update of all desired factor-to-variable messages.
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