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Abstract—This paper explores uplink communication in cell-
free (CF) massive multiple-input multiple-output (MaMIMO)
systems, employing semi-blind transmission structures to mitigate
pilot contamination. We propose a simplified, decentralized
method based on Expectation Propagation (EP) for semi-blind
estimation challenges. By utilizing orthogonal pilots, we pre-
rocess the received signals to establish a simplified equivalent
actorization scheme for the transmission process. Moreover, this
study integrates Central Limit Theory (CLT) with EP, eliminating
the need for new auxiliary variables in the factorization scheme.
We also refine the algorithm by assessing the variable scales
involved. A decentralized approach is proposed to significantly
reduce the computational demands on the Central Processing
Unit (CPU).

I. INTRODUCTION

One of the unique features of Cell-Free (CF) Massive MIMO
(MaMIMO) networks is the absence of traditional cellular
boundaries, which introduces a critical challenge: the potential
for a high number of user terminals (UTs) in a given area
to exceed the length of the pilot sequence. This leads to
the problem of pilot contamination. Addressing this issue,
Semi-Blind approaches [1] have been explored to mitigate
the effects of pilot contamination. In [1], the authors consider
a deterministic approach treating the channel coefficients as
deterministic unknown parameters and delve into the analysis
of the Cramer-Rao bound and identifiability.

In the context of Bayesian inference, the Semi-Blind ap-
proach is modeled as a bilinear inference problem, where the
Access Points (APs) must jointly estimate both the channel
coefficients and the user signals. Message-passing algorithms
play a critical role here. (Loopy) Belief Propagation (BP)
[2] is a widely used method in Bayesian inference. It is an
iterative method exploiting the structure for a given factor-
ization scheme (e.g., joint/posterior distribution) to lower the
computational loads. One of the most potent message-passing
algorithms is Expectation Propagation (EP) [3]. Besides ex-
ploiting the factorization scheme, EP also projects the beliefs
(marginal posterior) to a family of simple distributions. We
can consider BP a special case of EP, in which we assume the
projection destination set to be the set of all distributions.

A centralized iterative algorithm has been explored based on
variable level EP (VL-EP) [4] in which the authors assume
Gaussian input and combine VL-EP with Expectation Maxi-
mization (EM). A more recent development is the distributed
method proposed in [5]. This approach distributes the compu-
tational load at the Central Process Unit (CPU) by enabling
each Access Point (AP) to carry out part of the computation.
In [6], the author introduces Decentralized Generalized Ap-
proximate Message Passing (D-GAMP). This method is a hy-
brid of Consensus Propagation [7] and Approximate Message
Passing (AMP), effectively eliminating the need for CPU.

A. Main Contributions

This paper presents a simplified, decentralized, EP-based
method designed to address the Semi-Blind estimation prob-
lem in communication systems. By utilizing orthogonal pilots,
we are able to decouple the channels for different users
into mutually exclusive groups, which reduces computational
complexity. To further decrease computational demands, we
integrate Expectation Propagation (EP) with Central Limit
Theory (CLT), treating the interference as noise. Drawing in-
spiration from [8], we introduce further simplifications through
scale analysis. Additionally, to lessen the load on the central
processing unit (CPU), we explore a decentralized scheme.

II. SYSTEM MODEL

We consider a semi-blind signal model containing L APs. At
the [-th AP,

Yo Y]=H[X, X[V, V. ()
The received signals are composed of pilot part Y,,; € CN*F
and data part Y; € CV*T. The channels between different
users are considered independent Gaussian i.e. vec(H;) ~
CN(0,E) where B, € CNEXNK jg 3 block diagonal matrix
of K blocks Ep,, € CN*N. The transmitted symbols can
be decomposed as pilot symbols X, € SE*P and data
symbols X € SEXT where S is the constellation set. We
assume that the elements xj; in X follow the categorical
distribution p(zy;). The signal power is denoted as o2. The

noise is considered as i.i.d. Gaussian distribution, and thus,
VCC( [VpJ Vl}) ~ CN(O, 0’1211)

A. Orthogonal Pilot sequences

If orthogonal pilot sequences are used, we can first preprocess
the pilot observation by right multiplying it with @, , which
is the conjugated g-th pilot sequence. This results in an

equivalent observation y,, ;4

* 2
Ypig = Ypi@y, = D Pothu + vy 2
keG,
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where vy, 1, = Vpix, , ~ N(v,4|0, PozoT), Gy denote

the set of users using the g-th pilot sequence. We observe
that every hy; occurs only in one group Gy, and the cross-
correlation E[v, ;5v/f; ] is an all-zero matrix for all g # ¢'.
Therefore, the observations y,,;, and y,, ;. are independent.

With orthogonal pilots, the factorization scheme is derived as

p({ypalg}7{Yl}’{Hl}7Xa {Vl}) (3)
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Fig. 1.
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where H), is a matrix collecting all k € G4, hyy, as its column
vectors, and x.;, denotes the ¢;-th column of X. We will base
our EP (BP) algorithm based on this factorization scheme.

III. EXPECTATION PROPAGATION OVERVIEW

EP approximates the factors in a factorization scheme to sim-
pler ones [9]. With a given factorization, the update algorithm
in EP can be interpreted as message passing of two types of
messages, i.e., the message ftw;p,(6;) from factor node ¥ to
variable node ¢; and the message pg,.w(6;) from variable 6;
to factor W: [10]

O< H ,u<1>9
DA
where by (6;) is the belief of 6; at node W:

bu(6:) o o0 (0) [ 0(6) [[ o0 )

J#i

The notation 8; denotes all elements in € except the i-th one.
The operation proj(p) project a given distribution p into a
target family @ [10], i.e.,

proj(p) = arg néin KLD(plq), (6)

1o,y (0 5 s, (05) o

proj(bu (6:))
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where KLD(pllq) =
divergence.

BP, on the other hand, can be considered a special form of
EP. The only difference between BP and EP is that there is
no projection step in BP. We assume all the messages in this
paper are normalized to 1.

[p(@)IntE Eg) df is the Kullback—Leibler

A. Expectation Propagation on Semi-Blind structure

For simplicity, we denote the factors in the factorization
scheme (3) as

Uy ko= p(wre); Your = p(yu|Hi, 2:0); V3,19= p(Yp,ig, Hig)-
The factor graph for (3) is illustrated in Fig. 1.
IV. MESSAGE PASSING DERIVATIONS

This paper uses EP to estimate channel coefficients h;; and
BP to estimate the data symbols ;. Furthermore, we specify
the projection family of EP in this paper to be Gaussian
distributions with diagonal covariance matrices. Now, we will
examine each factor and derive its outbound message.

The message from ¥y 1, to xx; can be computed directly since
no projection is needed, i.e., ptw, ;52 (Tht) = D(ZTpt)-

A. Message from Vg 14 10 xpy
Following (4)-(5), the extrinsic at node W ;; is updated by
K00 14 (l‘kt) X p(l'kt) H /’(’\I’Q)l/tﬂ:kt (xkt)
1
P g0 (D) o5 prg g, (Bu) T 1wy (i), (D)
t/ £t
where the extrinsic of h;; can be computed as a Gaussian
My 9o 4, (hlk) = CN(hlk‘mhzk;‘l’z,ztvChzk;‘l’z,u) with
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According to the EP rule, the message from Wy ;4 to xy; is

pI'Oj [b‘I’z,lt Tkt (xkt)}
K00 14 (wkt)

where the belief (approximated posterior) at Wy ;, is defined
as b‘I’z,lt;mt (xkt) with

b‘l/z,lt;m-,t ("Ekt)ocl’bikt§‘P2‘Lt(xkt)z/p(ylt|xkthlk} + Z xithli)
The i#k
s g, () H Poyisws g (i) w1, (230 ) AH . €))
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We use the notation x, to denote all the elements in x.; except
the k-th element. The integral (and summation) in (9) can be
considered as a marginalization operation. Furthermore, we
can view the extrinsic messages as hypothetical priors. Due
to CLT, we approximate Zi £k x;:hy; to a Gaussian where
Tip ~ ¥y, (Tit)s Mg ~ fing,;w,,, (hyg) [10]. Therefore, (9)
becomes

b‘Pz,Lz;Ikt (‘rkt) X Hzpp; W2 g4 (xkt)
'//P(ylt|$kthlk + Bkt Mz, (Bikt ) AZikt - oy 0, (Dur ) dhyg,

= CN(Zlkt|mzlkt7CZZkt) with

; ®)

Ty 15w (zkt) X

(10)

where Pz (Zlkt)

Mz, = E M ;0o 1, My ;05 4 (11)
itk
C,,.., = r C +7 m mi!
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where My, vy, Ty 0, and 14w, ,, are the mean, vari-
ance and second-order moment of the normalized message
Ma;e;0s .- By applying the Gaussian reproduction lemma [10]
and the fact that Gaussian distribution integrates to one, the
belief (10) becomes

b‘I”2,Lt§xkt (xkt) X CN(O|ylt_mzlkt_'rk?tmhlk§\p2,lt’

) (12)
CU+CZm+|mkt| Chlk;‘l’z,u) Vs i (The)

Therefore, by BP rules, the outbound message is
120 PRI (xkt) X CN(O‘ylt7mZLm*zktmhlk;‘1’2,Lt7 (13)

Cy +szm+ |x/€t ‘QChlk§\I’2,lt)



B. Message from W 1, to hyy
Based on EP rules (4), the message to hyy is

proj[b‘l’z,zt;hzk(hlk)]

My 9o g, (hlk)
where the belief is defined as

b‘lfz,l,t,hlk(hlk) Z/p(ylt|zxithli)

it ‘ (15)
. H Hhy 3%, 5, (hli):uxm‘l’z,u (xit)dh%

We use h; t(Z) denote all the column vectors in H; except the
k-th column. By using the same approach from (9) to (12),
and separating the terms that contains only xj,; [10] [5], the
belief (15) becomes

b‘I’z‘n;th(hlk)

/L‘I’z.zt;hzk(hlk) X ) (14)

=By, 0 {CNhimg 0 (20e), C oy (@) (10
where mg; | (-) and Gl (+) are defined as

Cpo o, (@) = [12*(Co + Co) T + Ci )7

Mg e (z) = Chit e () [Cﬁli;%,“mhm;wm a17)

H@[2(Cy + Coyy ) I Dhmie _xmzl“] :

where C,, = o2I. The mean my, and covariance Cy, of the
lk
belief distribution (16) are

mﬁlzk = Eb\l’&lt?wkt [mﬂlk\zkt (xkt)]
! = —~
C}A‘%k o qu’?,lt?“’kt [Chlk|7;kt (xkt) (18)
H H
+mg g, (@e)mg g (@) 7] - mgs mg, .

We project the belief at W5 ;; to a Gaussian with diagonal co-
variance matrix proj[by, ,,:n,, ()] = CN(hlk|mﬁl2k7 Cﬁ?k)’
where Cg, is a digonal matrix with the same diagonal

lk
elements as C’ . Finally, the message from W, ;; to hy; is
llc

Py 45hy (hlk) = CN(hlklm‘Pz 13k C‘lfz mhm)

CN(hlk|mh2 ) h2 )
CN(hlk|mhzk Wit Chzk,‘l’z lt)
C. Message form V3,4 to hy

19)

We assume k € G4. The extrinsic at W3 ;, is updated by

My 05, (hlk) X H/’L\II2,lt§hlk (hlk) (20)

t

We denote this extrinsic message as fin,;v,,, (i) =
CN(hlk|mth;q’3,197 Chzk§‘1’3,lg) with

-1
C = Cy!
hlk?“I’S,lg - \pz,[t;hlk
t

—1
M0, = Chzk;‘l’z,lg (E :C\Ilz,lt;hlkm‘l’z,u;hlk) .

t
The belief of h,, at the U3, is

buy 1y (hig) & PYpig, hug) [ p(buk)pimyycwy ,, (ur). 21
keG,

All the factors appearing in (21) are Gaussian pdfs with
diagonal covariance matrices. Therefore, the projection of
by, ,,(hix) results to itself. For simplicity, we define a hy-
pothetical prior gy, |y, for h;; in (21) as

Gy v (hug) = N (hyg[mp, v, Chyyv,) (22)
x p(hlk)uhlk§qj3,lg (hlk)7
where L
Chzk\Yd = ('—‘h + Chu,‘lfs lq)_
(23)
My, Y, = Chlk‘YdChlk;\pfg,lg hy; U3

The message from factor node W3 ;4 to hy, can be derived as

J bwg, (hyg)dhyy
Hhyp; W, lq(hlk)
fp Yp.ig> hug) erG thk\Yd(hlk)dh

Qhy Y (har)

s g (k) o
(24)

p(hyy)

The fraction operation in the second line of (24) can be in-
terpreted as component-wise conditionally-unbiased LMMSE
estimation [11]. Therefore, the message from W3 ;, to hyy is

H“‘I’S,lg;hm (hlk) = CN(hlk|m‘Ps,zg;hzkvCq/s,Lg;th)7 (25)
where -1
2
_ !:l—l O—’U
C‘I’z,lg;hlk = |Zn, T QPI + § Chlk/|Yd
v k'€Gy/{k}
—1
= oy =
My, 05hy, = Shy, 2 I+ E Chlk/ Yy T Shyy
* k'eGgy/{k}
71 E 26
O';%Pyp’lg N My, Yq (26)

K EGy/{k}

V. ASYMPTOTIC BEHAVIORS IN LARGE SYSTEMS

For scalable systems, % = const. while L — oo, we assume

the channel coefficients VI, n, k, E[|hini|?] = O(7), and data
constellation symbols Vs € S,s = O(1),1/s = O(1) to
ensure that the received signal does not tend to infinity as the
system scale tends to infinity. The symbol length is assumed
to be finite, i.e., 7' = O(1). Furthermore, we assume the noise
power scales as 02 = O(1), 0,2 = O(1). For simplicity, we
define big-O-notations with matrix parameters to represent the
element-wise asymptotic behavior, i.e., for matrices A, B of
the same size, we have A = O(B) < Vi, j, [A];; = O([B];j).
Lemma 1. If all the entries in a diagonal matrix D scales
as O(1), and all the entries in a vector m have the scale
O(1/VL), then (D + mm)~' = D~! + B, where all the
elements in B scales as O(1/L).

Proof. This result can be 1mmed1ately obtalned by applying
matrix inversion lemma to (D + mm®)~1, O
Property 1. For invertible matrices A, B, we have (A~! +
B)"'=A(A+B)"'B=B(A +B)'A.

Lemma 2. With proper initialization, in each iteration, Ighe
updates satisfy my ;. = O(1), Cyp,, = O(I) + O(X1-),




Mg, 0, () = O Chyey, (@) = O(F) + O(HE),
my, ;.:hy, = 0(1)’ C‘Ifz,zt;hm = O(I)’ my, ;. hy = O(ﬁ):
C‘I’s,Lg;hm O(%)’ Mh,; s 0, O(%)’ Chm;‘l’z,lt
O(%1). Furthermore, C\;’;lﬁhlk = O(I).

Proof. We prove this lemma by mathematical induction.
Due to a proper initialization, we can assume the messages
My, Wy 5 Chlkﬁ‘% 1to m‘l/2 g C‘1/2 1eihygo My, . 5hys
Wy,,:hy, are initialized wi e above-mentioned scales.
tialized with the ab tioned scal

Then, we assume the lemma holds for the previous iterations
and investigate the updates in the next iteration.

We first look at the update of my 1, Cs,,, which are
updated according to (11). Similar to [12], we assume
that Vi,mg,,.v,, are weakly independent of mp, v, ,,.
Since the elements in the constellation set scale with O(1),
we know mg,,.v,,, = O(1). According to induction as-
sumptions, the extrinsic mean my,,;v,, = O(%) Since
E[mp,,.v,,,] = 0, we use the results from [12] to obtain
Mz, = 2uistk Mwi Vs, ztmhz“‘l’a w = O( ) The covariance
matrix Cy,,, = L-O(1)+0(X1=)+0(1) = O(D+0(X1— LAY
For simplicity, we detiote the élagonal terms of sz in (1 1)
as Dzzm - Zz;ék Txi; Vs, ZtChL“‘I/z w ‘mmm‘llz z:‘ Chlu‘lj2 e
and denote by, = /ey, Itmh”g,z“ Thus, with these
notationsz Czlkf =Dy, + bzlktbzlkt

Now we investigate the update of mg, (z)

, Cr (z) in
. C. . hyp |z
(17). By matrix inversion lemma,

1
_ H
Cﬂlk\xkt (Jf) - Chlk;‘l’z,zt - Chzk;‘l’2,1t |:x|2bzlktbzlkt

—1
+Chlk§‘1’2,lt + (Cv + Dzzm)] Chlk§\112,Lt'

1
>
By Lemma 1, the diagonal elements e, C - (x)e, =
O(1) while the off-diagonal elements scale as

e Cq,, ap, (t)€i = O(g5) with n # 4. By using Property
1, we find the update of mg | in (17) is dominated by
the first term. By neglecting hlgher order infinitesimal terms,
we have mg

lk|96kt
Mp0s = O(ﬁ)
To study the messages my, .y Cw, pihy, WE first investi-
gate the approximated (projected) belief of h;, at ¥y ;;. From
the previous discussion, CL, ~ Ep,, . [Cﬁzk\wk (zre)],
k s t

and thus,

Cﬁ'lzk = Chlk;‘I’z,u

Chlk T (I)C}le;\yz,ltmhmﬁl’z,lt

- Chlk;‘I’Z.lt -F- Chzk%‘l’z,lt’ 27

— 1 H
where F = ZZL’ESb\I’Z,Lt;wkt(m) |;p‘2bzlktbzlkt+Chlk;‘1’2,lt

+52(Co+ Dyyy,)|

are only interested in the diagonal elements of C%Z
Lk

. Thanks to the projection in EP, we
. The n-th
diagonal term reads

[C;jlzk]nn = [Cﬂgk]nn = Think;¥a,ue — Tf%,nk;\lfu,,[F]nn

—1
= Think;¥a,1t + Thznk;‘I’2,zt)

(28)

szblnk;\DZ,lt([F]’Ei
- [([F];”% - + T}:zyllk;‘Pz.zt]71

Since D,,,, contains only non-negative numbers, and due to
the existence of constant diagonal matrix C,, in F', we have
[F]nn, = O(1) and [F];,} = O(1). Substitute (28) into (19),

nn
and we obtain [C‘I’z mhzk]nn = [F]_ = Think;¥a,ie- Thus,

= Think;¥a,16

- Thmk;‘l’z,zt)

-1
C‘Pz iy = O( ) and C\I/2 aeshy
my,, v, ,,, it is straightforward to see my, ,,:n,, =
o).

The message covariance matrices Cy, ,, :h,, and Cn,;w, ,, are
both diagonal matrices. Due to the finite transmission length
assumption 7 = O(1), one can show Cy,,,m, = O(1)
according to (23)-(26), Cu,,.v,,, = O(%) according to (7).
Analog to the analysis of the covariance matrices, we see

= O(T). Since mh’klmh ~
O(J%)

my,, h, = O(1) = O( —) according to (23)-(26) and
Mp,, 0, , = O(%) accordmg to (7). O

VI. SIMPLICATION OF THE MESSAGES

We define beliefs at the variable nodes as

be?kf, (xkt) S8 p(ﬂth) H 20 PRI (mkt)
l

by (k) o oy gy (k) | [ 10w oo (i) (29)
t

Compared to the extrinsic messages in (7), the beliefs in

(29) only differ by one factor. Since Loopy BP is used for

estimating xy;, it has been shown in [8] that we can assume

bwkt (mkt) = Mg Tp g, (xkt)

This work estimates the channel coefficients h;; using EP.

Therefore, a separate analysis from [8] is needed. We in-

vestigate the mean and covariance matrix difference between

b, (hy) and pn,, .9, ,, based on the Lemma 2.

Substitute (7) into (29), and we obtain the belief at h;; as

bhlk (hlk) X Hhyp;¥a e (hlk)u\l’z,zt;hzk (hlk)' (30)

Denote my and C as the mean and covariance matrix of
bn,,, (hyx). From Lemma 2, we have

Chlk?\llzltichlk Chlk,\nglt(Chlk;\I}Zlﬁ»C‘I’Z.lt;hlk)

-1

Mpy 0y, — My = Chm;‘l’z,u (Chzk;‘l’z,zt + C‘Ifz,u;hlk)

: (mhm;‘l’z,lt - m‘I’z,zt;hm)' 3D

It has been shown in the proof of Lemma 2 that the difference
mp,,. v, ,, — My, ,:h, 1S a higher order infinitesimal relative
to my,, v, .. Thus, the quotients (Chlk;‘l’z‘ltfcﬁlk)Cl:le;\Ilz,lt
and (Mp,,;w, ,, —My )./My,;w,, tend to zero as the system
grows larger. Therefore, the difference in (31) are higher order
infinitesimals relative to Cy,,,v,,, and my,, .y, ,,, Tespec-
tively. Therefore, we have by, (hy;,) ~ Physs,, (ig). Based
on the above discussion, we propose to replace the extrinsic
(7) at W4 ;4 by (32) and (33) to reduce complexity further,

o0z, (k) = bny (hig); (32)
M;kt;\pwt(xkt) = bgy, (Tt ). (33)

VII. DECENTRALIZED METHOD
To obtain the belief of xx;, we need to combine the message
from all the AP. We consider the case where all the L AP
are connected, and the AP network has a tree structure. A de-
centralized message-passing method can be used based on the

consensus propagation framework [7]. Define the normalized
message from AP [ to AP I”:

Vi (@) X i, (i) [ v (@),

reN@)/{l'}



Algorithm 1 One Iteration of Decentralized EP

Require. Ehus Yplg » Yits P(Tht), 02, 02, Gy
: Initialize K igihygs By 1@ Ko 1eshys Vlﬁl’('rkt)
2 At all the APs, Vk,t, update b,,, according to (34)
3: for 1=1:L do
4 Vk, update Foby 03,1 based on (20)
5: Vk,t, update 'uhzk;‘llz,n based on (29) and (33)
6 Vk,t, update 4, .., based on (32)
7. Vk, update fiw,,,;n, based on (25)-(26)
8 Vk,t, update jiy, ,,.s,, based on (11)-(13)
9.
10
11:

Tkt

Vk,t, update fiy, ,,;n, based on (17)-(19)
: Vi’ € N(1), k,t, update v, (xy:) based on (35)
end for

where N (I) denotes the set of connected neighbors of AP I.
At convergence, the belief in (29) can be obtained by any AP
l as

By, (0kt) < P(TRt) s i (Trt) [ vt (@e).
VEN(D)

(34)

Therefore, for a decentralized algorithm, we can replace the
update of belief b,,, in (29) by b/,  in (34). After updating
the message pw, ,;x,,, we update the shared message by

H v (k)
TeN()/{U'}
where we use new and old to distinguish the message of
different iterations. One possible ordering method is suggested
in Algorithm 1.

VIII. SIMULATION RESULTS

Our study simulates an environment within a 400 x 400
square meter area, equipped with 16 APs and 8 User Ter-
minals (UTs). Each AP features N = 2 antennas and is
positioned at coordinates (%z %j), i,7 € {0,1,2,3}.
The UTs are uniformly distributed throughout the area. We
denote the distance between each UT k and AP [ as dj.
Channel covariances for each user k at AP [ are modeled
using N x N diagonal matrices, represented as U,lekI where
1010%10(‘7h ) = —30 —36.7logyo(dik)-
All the nelghbonng APs within % meters are connected
and can exchange information of the estimated data symbols.
Furthermore, as illustrated in Algorithm 1, a synchronized
message-exchanging scheme is used.
The length of the orthogonal pilot sequences is set to P = 6
to introduce pilot contamination.
We employ a 4QAM constellation of length 7' = 10 for
signal transmission and assume a noise power of —96 dBm.
The signal-to-noise ratio (SNR) is adjusted by varying the
transmitted power. We base our results on 100 different realiza-
tions, which are illustrated in Figure 2. The normalized mean
squared error (NMSE) of the channel estimates is defined as

NMSE = tr[‘t(I{[{\HIg]” ]
mean of by,, (hy;) defined in (29) and the operation | - |?
defined as |[H|? = HH.

In the VL-EP scenario, we generate data symbols drawn from
ii.d. Gaussian distribution and apply the VL-EP algorithm

new

VST (@ke) o (g o, (Thet) (35)

, where H are synthesized from the

-18 T T T T T T
=4 Proposed Method with Genie Aided Data Symbols
~——&— Proposed Method bl
—©— VL-EP

=== MMSE with Genie Aided Date Symbols

-28

NMSE (dB)

-30

-32

-34

36 I I I I I I I I I I
10 12 14 16 18 20 22 24 26 28 30

SNR (dB)
Fig. 2. NMSE vs SNR

[4] for channel estimation. In the Genie-Aided scenario, we
implement the proposed algorithm as if the data symbols are
known. In the MMSE Genie-Aided scenario, we not only
assume that the transmitted symbols are known, but also that
all the APs jointly estimate the channel coefficients using the
MMSE estimator.
IX. CONCLUSIONS

This paper introduces a simplified, decentralized EP-based
algorithm for bilinear joint estimation. To simplify the fac-
torization scheme, we leverage orthogonal pilots and the CLT.
Through asymptotic analysis, we further refine the message
update scheme within the algorithm. Although originally de-
veloped for an acyclic network of APs, our simulation results
confirm the algorithm’s effectiveness even when the APs are
interconnected in a cyclic network.
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