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Abstract—Cell-Free (CF) Massive Multiple-Input Multiple-
Output (MaMIMO) is considered one of the leading candidates
for enabling next-generation wireless communication. With the
growing interest in the Internet of Things (IoT), the Grant-
Free (GF) access scheme has emerged as a promising solution
to su port massive device connectivity. The integration of GF
and CF-MaMIMO introduces significant challenges, particularly
in designing_distributed algorithms for activity detection and
pilot contamination mitigation. In this paper, we propose a dis-
tributed algorithm that addresses these challenges. Our method
first employs a component-wise iterative distributed Maximum
Likelihood (ML) approach for activity detection, which considers
both the pilot and data portions of the received signal. This
is followed by a Pseudo-Prior Hybrid Variational Bayes and
Expectation Propagation (PP-VB-EP) algorithm for joint data
detection and channel estimation. Compared to conventional VB-
EP, the proposed PP-VB-EP demonstrates improved convergence
behavior and reduced sensitivity to initialization, especially when
data symbols are drawn from a finite alphabet. The pseudo prior
used in PP-VB-EP acts as an approximated posterior and serves
as a regularization term that prevents the Message Passing (MP)
algorithm from diverging. To compute the pseudo prior in a
distributed fashion, we further develop a distributed version of
the Variable-Level Expectation Propagation (VL-EP) algorithm.

I. INTRODUCTION
Cell-Free (CF) Massive Multiple-Input Multiple-Output
(MaMIMO) has attracted significant attention due to its ability
to leverage the benefits of both MaMIMO and distributed
antenna systems [1], [2]. In CF MaMIMO systems, a large
number of Access Points (APs) are geographically distributed
over a wide area. Although a Central Processing Unit (CPU)
coordinates the system, the information exchange between APs
and the CPU is limited. Consequently, APs are unable to share
their Channel State Information (CSI), which necessitates the
development of distributed algorithms for data detection and
channel estimation [1], [3], [4].
With the sporadic traffic patterns introduced by the Internet of
Things (IoT), the Grant-Free (GF) access scheme has been
proposed as a reliable, low-latency solution [5]. Moreover,
it has been shown that MaMIMO systems are well-suited to
support GF access.
Due to the large coverage area of CF MaMIMO systems
and the absence of cellular boundaries, the number of User
Terminals (UTs) often exceeds the number of available orthog-
onal pilot sequences. This results in the well-known issue of
pilot contamination, which prevents the accurate acquisition of
Channel State Information (CSI) [2]. To address this challenge,
semi-blind approaches—where Access Points (APs) jointly
estimate the channel and detect user symbols—have been in-
vestigated in [6]. However, the joint estimation of CSI and data
leads to an intractable high-dimensional inference problem,
necessitating the use of approximate inference techniques.

A. Prior Works

In [7], a hybrid Variational Bayes and Expectation Propagation
(VB-EP) algorithm was proposed for semi-blind estimation by
minimizing the Bethe Free Energy (BFE) [8]. However, this
method is sensitive to initialization and may diverge away from
the stable point with bad initializations, particularly when user
data are drawn from a finite alphabet.

The Variable-Level EP (VL-EP) algorithm [2] offers improved
robustness when user data follow a Gaussian distribution. It
can be interpreted as an approximate maximum a posteriori
(MAP) estimator for the channel coefficients, due to its
Expectation-Maximization (EM) update mechanism. However,
VL-EP still suffers from divergence when finite alphabet data
are used. Another limitation is that only a centralized version
of this algorithm was proposed in [2]. In contrast to VB-EP,
VL-EP treats multiuser interference as zero-mean noise when
estimating a user’s channel based on the data likelihood, which
results in performance saturation in the high signal-to-noise
ratio (SNR) regime.

To improve convergence, the concept of introducing a pseudo
prior into message-passing (MP)-based algorithms has been
proposed in [9]. A pseudo prior is essentially an approximate
posterior, typically obtained from a simpler algorithm. In MP
algorithms, it is incorporated by multiplying the pseudo prior
with the true prior (or 1, if the parameter is deterministic)
to form an enhanced prior. From this perspective, the pseudo
prior does not introduce new information; rather, it serves as
a regularization term that helps prevent the algorithm from
diverging.

B. Main Contributions

In this paper, we propose a distributed algorithm for activity
detection, channel estimation, and data detection. We observe
that when pilot sequences are mutually orthogonal and the data
symbols have zero mean, the Central Limit Theorem (CLT)
can be applied to enable an approximate ML algorithm for
distributed activity detection. After the activity detection, we
treat the activity indicator as given and perform the bilinear
channel estimation and data detection jointly. During the
bilinear estimation, we leverage the concept of a pseudo prior
to combine the strengths of VL-EP and VB-EP. We use the
results in VL-EP as psedo prior for VB-EP to prevent VB-EP
from drifting away from the critical point.



II. SYSTEM MODEL

We consider a semi-blind uplink signal model comprising L
APs and K single-antenna UTs. Each AP contains [V antennas.
The local system model at the [-th AP is given by

[Yo, Y |=HU[X, X|+[V,: Vi|. D
The received signals at the the I-th AP consists of a pilot part
Y, € CN*P and a data part Y; € CN*T. Each column
h;; of H, represents the uplink channel from UT k to AP I.
The channel h 1% 1s modeled as a zero mean Gaussian random
vector with covariance matrix Sy € CY*¥. The activity
indicator matrix is denoted by U = dlag[ul, ..., uz], which
is an unknown deterministic diagonal matrix with binary
entries. Its diagonal elements form a vector u = vec(U).
The transmitted signal matrix is composed of pilot symbols
X, € CE*F and data symbols X € SX*T' where S denotes
the constellation set. We denote i% as the k-th row of X, and it
represents the data sequence transmitted by user k. The signal
power is denoted as o2. The noise is considered as i.i.d. Gaus-
sian distribution, and thus, vec([V,; Vi]) ~ CN(0,C,)
with C, = 012,1. We denote Y, Y, H, V, and V as global
system paramenter.
A. Orthogonal Pilot sequences
If orthogonal pilot sequences are used, we can first preprocess
the pilot observation by right multiplying it with X7 , which

is the conjugated g-th pilot sequence from the pilot codebook
This results in an equivalent observation 4, ;4

1

prg = 7P 2Ypl pg Z hlkuk +'Up lg (2)
UI
keGy,
2
~ 1 ~ o 1
where v, ;, = UngJqu ~ N(vp,4]0,C3), Cy = Po2

and G, denotes the set of users using the g-th pilot sequence.
We observe that every h FUz occurs only in one group Gg,
and the cross-correlation E[v,, lg'vpl /] is an all-zero matrix
for all g # ¢'. Therefore, the observations ¥, ;, and ¥y, 4
are independent. Denote ﬁ@q as the matrix stacking Vk e

G h ;7 as columns.
III. ITERATIVE ML FOR USER ACTIVITY DETECTION

The method we use for activity detection is based on max-
imum likelihood. Denote the estimated activity indicator as
u = Dlag[U] The likelihood of @ is

(Y, Y,[0) = j p(Y[H, U, X)p(X)

o@D [[pGie g, OyiEax
l g
Before investigating (3), we introduce a useful relation
CN (m;|Ax, C1)CN (x|mgz, Cs)
= CN(x|m3, C3)CN (m;|Amy, C; + AC,AH) @
where
Cz; = (APC'A + o)™ .

m3 = C3(AYCT'm; + C;'my).

This relation can be verified by noticing
D(A+BCD) ' =C DA 'B+C)"'DA ],
det(A + BCD) = det(A)det(C)det(C™' + DA™!'B).

We combine pilot observation and channel prior to get a pilot
based prior p(H @, |&) (even though it is a posterior given
Y,, we can still understand it as prior information as if we
have a blind estimation problem)

’ﬁ(ﬁléghj) = p(ﬁla |Yp7a)mp(gp,lgaﬁl§ "l:\l,)
= CN(ﬂp,lg‘ Z lkv )CN( G, (= ) ©)

_ le
keGgnU(u)

Assume k € ég, ang in later context, we will use the marginal
pilot-based prior p(h;z) which is computed from

J (Fp.ig 0 G, |u)dhl{k #k} =CN (#1410, Cy, ., ja)D(hyz| @)

where

Copula =Cot 2, By
keC, AU (Q)
Dhygla) = p(hygla, Y,) = CN (Byglmg 5, Cpj5)
and
Cy JRra = pr wla — Bg
= (Cy Eﬁ,g‘l )

Now we take data observation into consideration. Rewrite (3),

p(Y,Y,|0) = | [ [CN(§p14/0.Cy, ,,1a)
b ®)
Y| D x@hp)p Hp U)dHdX
keU(a)

where we use CLT to approximate the summation. Suppose
that £ € U(u), and we stack the results from (7) to form

— N
Cg,q = cov[hg] = [Cﬁﬂﬁ]l(l’ )= 0w CR,ja
my cla = E[h ]

©))

[mﬁzlﬁ]l(N) = hgla

The cross correlation between different zz is not important,
since Vk # E/.E[igig] = 0. Denote z;; = X ® hy which
has zero mean and covariance

Cz, = E[EEEg] = oIy ®(C hja T Mh 4

my )] (10)
Therefore, the likelihood can be represented by

p(Y,Y,|0) = p(Y[|Y,, U)p(Y,|0)

N0, Cyry,a) | [CN(@p100,Cg, pa) D
l.g
where
CY‘YP.,’& = C'U + Z Cig- (12)
keU (@)

The log-likelihood of @ is Inp(Y, Yp|ﬁ) ~ L,(u) + Lq(w),



Algorithm 1 Iterative ML
Initialize: i = 1, u = 0
repeat
k=[(—-1) mod K]+ 1
ak = arg maxee{o’l} Ltot((I —
until Convergence

Ez)’a + 6@9)

where
Ly(@) = Y InCN (8p,14/0, Cg, , i)
l.g
= Z — ln[det(Cgpylgm)] — gglgcgilgmgp,lg (13)
l,g
La(@) = InCN (y]0, CY\YP,a)

_ln[det<CY|Yp,ﬂ)] Y Cy|Y ﬁy

Now we try to simplify L,. Consider the large system limit,
ie., L,K,P,T — oo with fixed ratio between every pair. To
have a realistic system, [Y],; and E{|[X]; |} scale with
O(1). Therefore, tr[Esz] scales with O(1/K). This indicates
that the off diagonal blocks of Cp_g + my 5 f @
higher-order perturbations of the blocks on the dlagonal We
neglect the off diagonal blocks by approximating
vl >, mg gmy =0

keU (@)

are

(14)

f a is approximated as a block
d1ag0nal matrlx W1th block size N x N. This entails Ld ~ [
where

T (5 H
Ld(u)zZ —T In |det U-|—ZO' hk\ﬁ+mﬁzzmﬁ,;)
! keU(@)
H 2 H -
- Z Yie [CUJFZ Ux(CHmm + Hzﬂﬁmﬁmlﬁ)] R
t

keU (@)

(15)
where vy;; is the t-th cAolumn of Y;. After the approximation,
compared to Lg(u), Ly(w) not only lowers the complexity,
but also allows a distributed computation.

Combine both L, and approximated Zd and the likelihood
can be finally approximated as

Ligi(u) =Inp(Y,Y,|U) ~ L,(u) + Lq(uw). (16)
The constrained ML is NP-hard. Therefore, we present here
an iterative method as a compromise. During the ¢-th iteration,
we update the uz where k [(i — 1) mod K] + 1 to
maximize (16). We repeat this procedure until convergence.
The complete procedure is outlined in Algorithm 1, where ez
denotes a vector with a one in the k-th position and zeros
elsewhere, and E; = Diag(eg) is its corresponding diagonal

matrix.

IV. DISTRIBUTED VL-EP FOR PSEUDO-PRIOR

With estimated # from previous section, we prune the esti-
mated non-active users

H=HU, H=HU, X=0X; K = (17)

with hg, hjg, x} as the k-th column of H, H; and the k-
th row of X respectively. Furthermore, we use Ey,,, G4 to
denote a pruned version of = Eg,, and G

Distributed VL-EP can be used for pseudo prior of VB-
EP. To estimate the k-th user channel, we consider other
channels as interference and alternating estimate all the chan-
nels, i.e., minimize the negative log pdf —Inp(Y, ¥p.14, hi)
while treat VK’ # k.h, as interference with distribution
CN (hklmgk,’ Cﬁk/) (posterior estimation from previous it-
eration). At each AP, the noise plus interference of received
data y; = vec(Y;) has zero mean and covariance matrix

AHA

Cyy=0Inr+),031r ® (Cy +my ml )=Ir®Cy,,
k' #k '
where
Cs,, = U%IN + Z JQ(CE + mfllkmﬁk) (18)

k'#k

is constant in time since the noise power is constant in time
and we define Cy,, = Cy,,,.

On the other hand, if we look at the pilot part. The noise plus
interference of the received pilot at each AP g, ;, relative to
user k can be modeled as Gaussian with the following mean
and covariance matrix

2

Z My e Ca, i
k'eGy/{k} k'eGy/{k}

mg, . = =Cz + Clvllk/

19)
In order to construct a majorization function, we first look
at the approximated marginal joint pdf (with interference
approximated as Gaussian noise)
(Y, Up,ig, i, xi) = p(Yhi, xp)p(Yp,1g/he)p
= (k) | [ POVl x4)p (G 1 s )p (hure)
l

(hy)p(x)

(20)

The effect term of the majorization function at hy = my is

(2]

em(hk|mﬁ) = 21

- Exk \Y,m};k [h’lp(Y, gp,lga hk7 Xk)]'

The channel hy, is estimated by arg miny, em(hy|my) iter-
atively.

A. Expectation Step

67

To minimize the majorization function (21), we first need to
get the posterior p(x|Y, my, ). Rewrite it into the product of
prior and likelihood
p(xx|Y,myg Jocp(xi) | [ p(Yilxk, my; )
1
We observe that the likelihood of the observation at the [-th
AP, which is proportional to Gaussian distribution:

p(Yi|xy, mﬁlk)OCCN(XHm*Lm Cxir.):

(22)

(23)
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Algorithm 2 VL-EP For Pseudo Prior
1: Initialize: 75,, =
repeat
Cﬂzk’ my by (28)
Buro Ma, . Ca,,, by (18), (19)
Tiges My, DY (24), (26)
until Converge

1, mz,=0

where
Cxyy, = 7%, I may,, = Txlkmhl G Yt
-1 (24)
Tk = (mhlk Cvlk hlk)
Since Cyx,, is a diagonal matrix, we can compute the posterior

statistics of xzj, by one-dimensional integrals. We denote
marginalized version of (22)

P(xge) = fP(XHYl, my )T (kreky (1 #1)

(25)
Cp(Tyt) HCN(xkt|milm s Txir,)
l
without the pseudo-prior, using discrete p(zy¢) may lead to
convergence problem. Therefore, we approximate p(xy:) by
Gaussian CN (744]0,02). As a result, the approximated mean
and variance are

+2 sz ; Mz =

To estimate the posterior m3,,, We denote the posterior mean,
variance and second-order moment as mj,,, Tx,, and 7x,,.

katz xlkmﬂblm (26)

TEe =

B. Maximization Step

Investigate the log pdf inside the expectation in (21). By
neglecting terms that do not contain hyy,

- lnp(Yv :'jp,lgv hy, Xk)

= Z [ @ Iy )hye — o] ™ C;,b [(xk @ Iy)hyy, — i
1

+ (hyk — Ypig + ma,,,l,c)HCf1 hy;,

'Up‘lk( - gpalg + mi}p,lk)

+ thkEgllk h;;. + const.
(27)

Therefore, arg miny,, em(hy,|my;) leads to the updates

—1
th ( Dy, vlk Zrmkt + thk)

mﬂl k Z mz“ 'ulkoylt + Cv Uk (yp)lg mﬁp,lk)}
(28)

The above procedure is illustrated in Algorithm 2. To make
the algorithm robust, we change the order of maximization
step and expectation step.

V. BILINEAR VB-EP

Inspired by [9], we then integrate the pseudo prior from VL-
EP to the prior distribution of h;; and xj, to form a enhanced
prior

ﬁ(hlk) = CN(hlk|mf11k7Cflzk)

: “CN(hlk‘mﬁlk»Cﬁlk)CN(hlkm’ Ehlk)

P(@rt) D (T k) p(Thet)
The additional potentials do not contribute additional infor-
mation, they only serve as regularization to prevent VB-
EP from drifting away from optimal solution. Further-
more, we can define the pilot-based enhanced prior as
p(hig, )ocp(Yp,iglhuc, )p(hig,). If we introduce VE.Zj =
hyx!P and z, = vec(Zy;), we can verify that our current
system model has exactly the same form of [7]. The VB-EP
algorithm aims to find local approximation of the marginal
posterior (also called belief, denoted by b.(-)) with messages
...(+) of their neighboring variables. From [7], these approx-
imations can be written as

by, (Zl{k})OCP(Yl|Zz{k})Hlek;le (Zik)

n Phuis iy, (huk)

keGy
bka (Xk)ocji(xk)l’l’xk;ka (Xk) (30)
(hlk)eymx,lk(xk)ln Hazyp 58, (vec(hypx]))dxy

(29)

bfhlG (hig,) ocpp( (hig,)

b(sh,lk(hlk?)ocuhlk%élk

bs zk(xk)oc,uxk '5zk(Xk:)€Xb5h’lk(hlk) I i (veeChneoci))dbu
x, 2]

bz (Zlk)ocluzzk%le (Zlk’)ﬂzlk;ézk (zwk)

Oinus (Bire) bt foy g, (k) it (D)

bx,, (xk)oc[lu’xk;ka (xk) 1_[ Hoxye ;60 (Xk)]l/L7
l

where we use fz,, fx, fhg, to denote the likelihood of
P(Y1|Zi(ry), the enhanced prior p(xy) and the pilot based
enhanced prior ﬁ(hlgg ). Due to the definition of Z;y, the like-
lihood of Z;;, given h; kx{ is a Dirac delta function. Therefore,
in the equations above, we use d;; to denote p(Zlk|hlkx£).
The messages are the solution system of equations consisting
of the following marginal constraints

Jbélk(zlka hyy, xi.)dzidhyy, = by, (Xk) €)Y
b, (k) = bx, (X1)- (32)

bs, (Zuk, Wk, Xi) = bsy, o, (hik)bs, , (X5)8(Zik —hyexy,).
(33)

and the following moment constraints

By, [0z (2uk)] = B, (62, (21x)] (34)
By, [0z (z1k)] = Eo,,, (02, (21k)] 35)
Ebfhlcg [¢n,, (hur)] = Eoy,,, [0y (hur)] (36)
Eps,, [fn (hug)] = Ep,, | [¢ny, (hur)] (37)

where ¢.(-) denotes the first and second order moments. For



all the factors f and variables 6, we say they are neighboring
to each other if # is an argument of f. The messages describing
the beliefs in (30) are all of the form g,y which can be
interpreted as messages from variable to factor. However,
to make the derivation easier, we define factor to variable
messages fif,9 such that

Ve N©O),por(0) = [] wre0),
'eN(0)/{f}

where N () denotes the neighborhood around 6. As we can
see, group of factor-to-variable messages is isomorphic to
the group of varible-to-factor messages. Therefore, in the
following context, we only describe the iterative update of
factor-to-variable messages which can also be understood as
the feedback messages from the factors.

(38)

VI. ITERATIVE SOLUTION TO VB-EP
By considering (32), we get uf, x, = P(xx). Following a
similar approach, we can get the following non-trivial updates.
A. Update of pf, iz,
By making (34) consistent while keeping all the message
except for fif, .z, = a5, fixed, we can obtain the update
for puy, i
11tz (Zk) = CN (ziklyr = Y Mgy ip, , Cot Y. Cair,)-
k' £k k' £k
(39)
B. Update of Ffrr g, i
The consistency of (36) result to the update of T
Ihy,:6,,, DY considering all the other messages fixed.

beng (HZGQ)OCp(ngg‘ Z hyx, Cy)
keGy

1] P(Bi) gy iz, (Bug); and

keG, (40)

Sbeng (hng)dhl{k’#-k}
Fbus o, (Bik)

MleG_q shug (hy) =

Based on Gaussian reproduction lemma, we have
.uleGg;hlk(hlk) = CN (hjplmy jn,, Cy,ny, ) Phuk) (41)

where the approximated likelihood is captured by

CYp\hlk =C; + Cﬁlk’
k'eGg/{k}
My by, = Uplg — Z mg
K'eGy/{k}
. (42)
~ = -1 -1
(jh”c - (Chzk;fHIGg + Cfllk>
~ = ~ 7]‘ 71 ~
My = Chlk <Chlk§leGg mhlk?szcg + Cﬁlkmhzk>
The message mean and covariance is obtained as
-1
, _ (-1 -1
CleGg§hlk - (CYp|hm + Cflzk) “43)

_ -1 1.
meng;hlk_CleGg shyy (CYp|hlkmYp|th+Cfllkmhlk)

C. Update of 115, %,

According to the consistency (31), the feedback message is
Wy xi (Xk) = HCN(IMmm;xWTélk;xkt), (44)
with t 1
Tousane = [{Cz,k;azk};}NRbaw]_

H 1 (45)
Mk ™ T5Lk;wktmb5h . {Czlk§5lk }tt,N{mzzk;5zk }tJVv

where my,, | and Ry, = Cy,  +my, m,t'éhvlk denote
the mean and correlation matrix of the Gaussian pdf b5, ,, and
the notation {-},,4, n denotes the block entry of size N x N
located in the ¢1-th block row and t»-th block column. From
this point, we can also update the belief by

b5x,lk (Xk)ocu5l,k§xk (Xk)ﬂxkﬂslk (Xk)' (46)

D. Update of 15,,:n,,,
Satisfying
6ty

obtain the update equation for it. The belief bs, ,, in (30)
can be verified as Gaussian since the exponential term is
quadratic. Therefore, the outbound message is computed by

L7 Y (hlk') = b5h,zk(hlk)/uhlk;5lk (hlk)- The mean and co-
variance matrix of the Gaussian message [is,,:h,, are

—1
Csishuy, = (Z[rbaxJk ]t{CZIA-,;51k }tt,lN>

the consistency constraint (37) by treating
Py fe,, @S the only variable and we can
g

47

t

t

mélk;th=C§lk§th<Z[mb5xJk];fk{czlk;(slk}tt’N{mzlkﬂ;lk }t71\> )

where 1y, = By, ,, [xk-x}], my; o= By [xr] with
”.” denoting element-wise product. We update the belief by

b5h,zk (hlk) = CN(hlk|mb5h,m ’ Cb5h,lk)

(43)
OCH8y 1 shy s, (hlk):“hzkiﬁlk (hlk’)'

E. Update of 15,2,

We examine the moments constraint given by (35). Based on
the additional constraint (33), the update equation of fi5,, .2,
can be derived as (s, (200)]
proj|bs,,. (zik
Howszu (Zlk) Hzype;605 (zlk) ’
where the operation ¢(z;;) = proj[p(zix)] projects the distri-
bution p to Gaussian family ¢ of block covariance matrices,
such that the sufficient statistics ¢, (z;;) of p and ¢ are the

same. Thus, the message 5,5, 1S updated by

(49)

Hé1y5218 (Zlk) = CN(Zlk|m5zk;Zlk7 Célk;zlk)
CN(Zlk |mbaz,lk ) Cbéz,zk )

- CN(Zlk|lek;5zmCzlk‘-ﬁlk)’

(50)

with
mbéz,lkz mbéx,lk ® mb‘;h,lk

— di H
Cb5z,zk_ dlag(rbéx,m) ® Cbéh,1k+ Cbéx,lk ® mbéh,Lk mbéh,lk ’



Algorithm 3 VB-EP [7]
1: Initialize: all factor-to-variable messages
2: repeat
3 szl sz T, sz, by (39)
4 CleGH shago meng shy, DY (42)-(43)
5: b6 1 (huk) = pngyeso0 (Muk) s, 5m, (k)
6:
7
8
9

Toisanes Moz, DY (45)
Hx 380 (xk> = ﬁ(xk) Hl/;él 221 38 (xk)
b5x,lk (Xk) = Mxp;60% (Xk)ﬂélk;xk (Xk)
: C51k;hlk’ ms,, .h,, by (47)
10: b5h,lk (hlk) = Hhyp;oik (h”f):ufslk?hlk (hlk)
11 C5Lk;zlk’ My, .z, by (50)
12: until Converge

Algorithm 4 Proposed Method
1: [Initialize U]=Algorithm 1
: (Kv Gga Ehlk) = pmne(K’ GQ’ EHLE)
: [Pseudo Prior]=Algorithm 2
: [VB-EP]=Algorithm 3

AW N

where Cy, |~ = Ep; [(xr — mbéx,zk)(xk — mbéx’lk)H] is
the covariance of the belief bs, ,,. The above procedure is
concluded in Algorithm 3. Finally, by combining all the
previous section together, we sum up the whole algorithm in
Algorithm 4.

VII. SIMULATION RESULTS

We consider an area of size 400 x 400m?. A total of 16
APs are located at coordinates {40% + %h’, Jj € [0,3]}
with a height of 10m. The K = 16 UTs are uniformly
distributed in the area. To evaluate the performance of the
algorithm, we generate 50 UT location setups. Following
the settings in [3], [4], the data symbol power is set to
02 = 14dBm, the noise power to 02 = —96dBm the u; are
generated by uniform distribution. The channel fading model
is defined based on the distance d;; between AP [ and UT
kas o = —30.5 — 36.7log,, (%) dB. We set P = 8
and each orthogonal pilot sequence is randomly assigned to
two users. The data sequence contains 4QAM symbols and
has length 7" = 20. For each UT position setup, we generate
50 block transmissions. Consider three performance metrics,
Channel Normalized Mean Squared Error(CNMSE), Activity
Detection Error Rate (DER) and Symbol Error Rate (SER),
For each metric, we compute the empirical cumulative dis-
tribution function (CDF) across the different position setups.
We compare the proposed PP-VB-EP with the “Joint Activity
Detection, Channel Estimation, and Data Detection based on
expectation propagation” (JACD-EP) presented in [3]. The
Algorithm 1 is able to give a better result compared to previous
work, which verifies the correctness of our approximated log-
likelihood (16). However, since we neglect the estimation error
of U and the fact that VB-EP does not exploit finite alphabet,
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Fig. 1. Comparison between PP-VB-EP and JACD-EP

the estimation of H and X performs slightly worse than the
previous algorithm.

VIII. CONCLUSIONS

We proposed an iterative distributed Maximum Likelihood
(ML) algorithm for activity detection, which simplified the
joint probability density function p(Y,Y,) by leveraging
the CLT and large-system approximations. Building on the
concept of pseudo priors, we introduced PP-VB-EP, which
incorporated a distributed version of the VL-EP algorithm.
Simulation results demonstrated that our proposed classical
iterative distributed ML algorithm outperformed the EP-based
approach in activity detection. However, due to the neglect-
ing of detection errors of user activity, some performance
degradation has been observed in channel estimation and data
detection.
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