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Efficient Distributed Randomized Iterative Detection
for Decentralized XL-MIMO Systems
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Abstract—With the rapid scaling up of system dimensions,
distributed signal detection based on decentralized baseband
architectures has become an important problem in extremely
large-scale MIMO (XL-MIMO). In this paper, to reduce the
complexity cost of distributed detections for XL-MIMO, the
efficient distributed randomized iterative detection (EDRID) al-
gorithm is proposed. First of all, by removing the computationally
expensive calculation of matrix pseudoinverse, the randomized
iteration in EDRID is still able to exponentially converge into
a close range around the target least squares (LS) solution
but with significant complexity reduction. Then, to overcome
the convergence bias of EDRID, we adopt a dynamic step-size
strategy into EDRID to ensure its exact convergence to the LS
solution. Theoretical analysis demonstrates that the proposed
EDRID with dynamic step-size not only returns the LS solution
with arbitrary accuracy for sufficient iterations, but also features
the global convergence for different practical scenarios. Finally, to
obtain further improvements in both convergence and efficiency,
the technique of conditional sampling is also introduced to
EDRID, making it a low-complexity, flexible, scalable detection
choice for XL-MIMO systems.

Index Terms—Distributed signal detection, decentralized base-
band detection, XL-MIMO detection, low-complexity detection,
distributed MIMO systems.

1. INTRODUCTION

ULTIPLE-INPUT multiple-output (MIMO) has estab-
lished itself as a foundational technology for beyond
fifth-generation (B5G) and sixth-generation (6G) wireless net-
works, owing to its significant potential to enhance spectral
efficiency, improve energy efficiency, and increase transmission
reliability [1], [2], [3], [4], [5]. However, as conventional linear
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detection schemes aggregate data from base station (BS) an-
tennas to central processing unit (CPU), scaling to hundreds or
even thousands of antennas imposes pressing challenges upon
the uplink signal detection due to the increased complexity
and bandwidth demands. This ignites the intensive interests
in distributed signal detection under decentralized baseband
processing architectures [6], [7], [8], [9]. In such architectures,
signal processing tasks are partitioned and executed locally
across multiple distributed units (DUs), thus achieving lower
complexity, latency and interconnection data bandwidth. There-
fore, many distributed signal detection schemes tailored for
decentralized baseband architectures have been given for the
uplink MIMO systems [10], [11], [12], [13], [14], [15], [16],
[17], [18].

In particular, the decentralized baseband processing (DBP)
architecture is given in [10] to facilitate the distributed signal
detection in massive MIMO systems. By partitioning the an-
tenna array of BS into DUs, parts of channel estimation and
signal detection can be performed locally to extract the con-
sensus information, and then a central fusion node aggregates
all the consensus data to generate the final detection result.
From it, methods like alternating direction method of multipli-
ers (ADMM) and conjugate gradient (CG) have been employed
for the distributed detection [11]. To get rid of the consen-
sus information exchange between DUs, partially decentralized
(PD) and fully decentralized (FD) feedforward architectures are
presented respectively [12], [13], [14]. FD still utilizes the local
detection in DU, and each DU releases its detection results to
a feedforward fusion for the further decision. Apart from the
local detection in DU, PD only provides the local preprocessing
results and leaves the signal detection to the central unit. Based
on them, several methods have also been proposed to alleviate
the baseband obstacles in both computational complexity and
interconnection data bandwidth [15], [16].

In [19], the conventional recursive algorithms are adopted
into distributed signal detection based on the daisy-chain de-
centralized architecture. In this architecture, each DU sequen-
tially processes the detection estimates received from its pre-
decessor using its local observations, and then forwards the
updated estimates unidirectionally to the subsequent DU [20],
[21], [22]. This naturally aligns with the iterative nature of
recursive methods, enabling a pipelined detection mechanism
that features low interconnection bandwidth requirements and
excellent scalability. Besides the daisy-chain topology, other
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decentralized topologies such as ring, star and tree have also
been considered for the distributed detection. For instance, in
[23], a decentralized Newton (DN) method is developed based
on ring and star topologies, aiming for low-complexity dis-
tributed detection. However, to fully exploit the benefit of chan-
nel hardening, it only works when the number of antennas per
DU is significantly larger than that of the user side, rendering
its application rather limited in practice. In addition, message
passing (MP) algorithms have also been explored within de-
centralized frameworks, where the log-likelihood ratio (LLR)
information are computed as the priori information among DUs
[24], [25]. Other distributed detection solutions for massive
MIMO can be found in [26], [27], [28], [29], [30].

In [31], the strategy of randomized iteration is introduced
into distributed detections, and a perspective distributed de-
tection scheme named as multi-step conditional randomized
block Kaczmarz (MCRBK) is proposed. It not only overcomes
the convergence issue of the traditional Kaczmarz method, but
also enjoys the great flexibility and scalability to suit various
decentralized topologies and distributed systems. Nevertheless,
although its extensions to extremely large-scale MIMO (XL-
MIMO) and cell-free (CF) MIMO have been discussed in [31],
further complexity reduction of it is still heavily desired to alle-
viate the complexity burden, especially as the system dimension
of MIMO rapidly scales up in 6G [32], [33], [34], [35], [36],
[371, [38], [39], [40], [41]. For this reason, in this paper, we
upgrade the randomized iteration for distributed detection to a
much more efficient version, which leads to the proposed effi-
cient distributed randomized iterative detection (EDRID) algo-
rithm. In particular, compared to the computational complexity
2¢°K + ¢® + 2¢K (q is the number of antennas in each DU and
K represents the total number of antennas at the user side) of
each iteration (index by t) in MCRBK, by removing the com-
putation of matrix pseudoinverse from randomized iterations,
the computational complexity of each iteration (index by ¢) in
EDRID is reduced to 2¢ K, leading to huge complexity reduc-
tion. Meanwhile, we also demonstrate that the proposed EDRID
algorithm still enjoys the exponential and global convergence
to the least squares (LS) solution, making it a perspective dis-
tributed detection solution for 6G. To summarize, we advance
the researches on the distributed detection for decentralized XL-
MIMO systems on the following fronts.

e First of all, EDRID algorithm is presented to remove the
computationally expensive matrix pseudoinverse from ran-
domized iterations. With the derived step-size, we demon-
strate that EDRID converges exponentially to a close range
around the LS solution x*. Benefiting from it, the com-
plexity order of the distributed randomized iterations is
reduced from O(K¢?t) to O(Kqt), which significantly
alleviates the complexity hurdle of distributed MIMO
systems.

e Secondly, to guarantee the exact exponential convergence
to the LS solution x*, adaptive step-size is employed in
EDRID for the further performance improvement. Ac-
cording to theoretical analysis, we demonstrate that the
target solution x* can be returned by EDRID in arbi-
trary accuracy with the increase of iterations. Thanks to
it, remarkable complexity reduction can be realized by

IEEE TRANSACTIONS ON SIGNAL PROCESSING, VOL. 74, 2026

the proposed EDRID algorithm but still with competitive
detection performance.

e Thirdly, the usage of conditional sampling is leveraged
into EDRID, which is further enhanced via multi-step
conditional sampling. By taking the previous multiple
sampling results into account, the randomized iteration
of EDRID becomes gradually deterministic. This makes
EDRID applicable to different topologies of decentralized
MIMO systems with enhanced iteration convergence and
efficiency.

To sum up, in Table I we compare the new contributions of
EDRID to the related literature, where N represents the antenna
number at BS. For a fair comparison, in Table I the index & of
ADMM, CG, CD indicates the number of processing iterations
at each DU while k£ in DN, MCRBK and EDRID represents
the number of iteration loops of the ring topology, namely,
t = rk. Overall, benefiting from the low-complexity, flexility
and scalability, the proposed EDRID algorithm turns out to be
a perspective solution for various decentralized MIMO systems
including XL-MIMO, cell-free MIMO and so on.

The organization of this paper is as follows. Section II briefly
introduces the system model of the uplink MIMO detection and
reviews the state of the art of the distributed detection methods.
In Section III, EDRID algorithm is proposed for significant
complexity reduction of the distributed randomized iterations,
followed by the theoretical analysis of its convergence. To fur-
ther ensure the exact convergence to the LS solution, adaptive
step-size is introduced into EDRID in Section IV. In Section V,
both the iteration convergence and efficiency of EDRID are
improved by the usage of multi-step conditional sampling,
and its applications to decentralized MIMO systems are also
discussed. In Section VI, simulation results about EDRID for
signal detection in XL-MIMO systems are illustrated. Finally,
Section VII concludes the paper.

Notation: Matrices and column vectors are denoted by upper
and lowercase boldface letters, and the conjugate transpose,
inverse, pseudoinverse of a matrix B by B, B!, and BT,
respectively. We use b; for the ith column of the matrix B, b; ;
for the entry in the ith row and jth column of the matrix B. || - ||
denotes the Euclidean norm of a matrix (i.e., || - ||2) and || - || »
is the standard Frobenius norm. I is the identity matrix and
Tr(-) denotes the matrix trace. Apin(+) and Apax () represent the
minimum and maximum eigenvalues of a matrix while oy, (+)
and opmax (+) indicate the minimum and maximum singular val-
ues of a matrix. In this paper, the computational complexity is
measured by the number of complex multiplications while the
interconnection data bandwidth is evaluated by the matrix size
of the conveyed data.

II. PRELIMINARY

In this section, the linear signal detection for XL-MIMO
systems is reviewed, followed by the background of distributed
detection schemes.

A. Uplink Linear Signal Detection

We consider the signal detection in XL-MIMO systems,
where all the user equipments (UEs) are located in the far field
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Computational Flexible number of Global Decentralized
Complexity antennas in each DU Convergence Architecture
ADMM [10] O(K3r + K?r - k) v X DBP
CG [11] O(K?N + K?2r - k) v X DBP
FD-MMSE [16] O(K?3 - r) v X FD
PD-MMSE [12] O(K?N) v X PD
CD [15] O(KN - k) v X FD
DN [23] O(K?N + K?2r - k) X X Ring, Star
RLS [19] O(K?2N) X (limit to 1) v Daisy-chain
SGD [20] O(KN) X (limit to 1) X Daisy-chain
ASGD [21] O(KN) X (limit to 1) X Daisy-chain
SDK [42] O(KN - k) X (limit to 1) X Daisy-chain
O(Kq? -t Daisy-chain
MCRBK [31] (i.e., (’()(I%Nq) k)) v v Ring, }étar, etc.
. Kq - Daisy-chain
EDRID (this work) (i.e.,%([g Nt-) k)) v v Rinz,s}ét(;\r,aetc.

of the base station (BS) antenna array. The BS is equipped
with N antennas and UEs with K antennas in total are served
simultaneously, N > K. Let x € X¥ be the signal transmitted
from UEs, where the ¢-th element of x (i.e., x;) is a symbol in
the QAM constellation X'. Given the full column rank channel
matrix H € CV*X | the received signal y € CV of a generic
subcarrier in an OFDMA system can be written as'

y=Hx+n, @))]

where n is AWGN noise vector with elements obeying
CN(0,02). Note that a full column rank channel matrix H
is a default configuration for MIMO detection?, otherwise the
solution for x will not be unique.

To restore the transmitted signal x in (1), the two most
common approaches for linear detection are zero forcing (ZF)
and minimum mean-square error (MMSE) (i.e., X, and Xymse)
with

x,s = (HTH) " 'H"y )
and
Xmmse = (HTH + 021) ' H'y, 3)

where the final decisions X, and Xpmse are determined by
quantizing x,¢ and Xpymse to the set of modulation constellation
XK e,

Szzf = |—Xsz Q€ XK and immse = |—XmmseJ QE XK~ 4)

Clearly, x,¢ in (2) essentially accounts for the least squares (LS)
solution of the problem

x = arg min |[Hx — y|2. 5)

xeCK

"Here for simplicity we focus on the frequency-flat model, but the scheme
can be easily generalized to the frequency selective case.

For example, any two UEs can not have the same channel responses in
scale, e.g., h; # ahj, ais a constant.

For notational simplicity, throughout the context, we apply x*
to represent x,; = H'y and define the error vector e =y —
Hx* € CV. Note that x* can be easily extended to the detection
result of MMSE by replacing H and y with H = [H; 0,1 ] and
y =1y 0x].

It has been demonstrated in [43] that if N > K the channel
matrix H will become near orthogonal as a benefit of favorable
propagation, which implies that the detection performance of
ZF or MMSE is close to the maximum likelihood (ML) detec-
tion performance.

B. Distributed MIMO Detection Methods

Generally, in distributed MIMO detection, the received signal
y at BS is partitioned into r blocks of ¢ antennas each (i.e.,
N =rq),

H
] (6)
with y,; € C4. This corresponds to dividing the channel matrix
H into r stacked vertically blocks, namely,

y=[yiyes.. v ory= [yl yi. ...y

H=[H;H,;...;H,]or H=[HIHY .. B ()

where H; € C?*¥ is the channel matrix at the i-th group of
antennas. Accordingly, these groups of antennas are connected
to different DUs, which obey the following setup

yi:H¢x+ni,i:1,2,...,r (8)

with n = [nff nf’ ... nl] " Clearly, built on (8), signal de-
tections in either cell-free MIMO systems [44] or decentral-
ized XL-MIMO systems [45] can be well performed in a dis-
tributed fashion. Here, for a better illustration, the submatrix
Ig,. € C9*N of the identity matrix I € CV*¥ is introduced,
where Q; ={(i —1)g+1,...,iq}, 1 <i<r is a the subset
with |Q;| = ¢. According to Q;, it is clear to see that

Hi = IQi7:H7 Yi= IQi,:Yv n; = IQi,:n- (9)
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Based on (8), different decentralized baseband architectures
can be designed such that the DUs exchange messages and
converge to an estimate of X that somehow “pulls together”
all the separate observations in (8). For example, besides DBP
[10], decentralized architectures like ring [23], daisy-chain [19],
and fully decentralized (FD) [16], also employ the same DU
model as in (8), together with the CPU to accomplish signal
detection. Based on this, distributed iterative methods such as
CG, ADMM, and DN have been proposed to solve the detection
problem in a decentralized manner.

In [31], based on the classic Kaczmarz method, some ran-
domized iterative methods are introduced into the distritbuted
detection of MIMO systems. Specifically, in the randomized
block Kaczmarz (RBK) algorithm, the detected signal x is
updated via random iterations

xt=xt71 ¢ HI(Yz ~Hx'™), (10)

where at each iteration (indexed by ?) the index 1 <i <7 (i.e.,
the index set Q;) is randomly sampled from a designed discrete
distribution p(4), i.e., ¢ ~ p(7). According to (10), DUs can work
in a cooperative way for refining the detected signal. To improve
both convergence and efficiency, the technique of conditional
sampling with respect to the index ¢ is then employed. This fur-
ther leads to the iterations of multi-step conditional randomized
block Kaczmarz (MCRBK) algorithm

x! =x""! + o H (y; — Hix'™1), (11)

where o > 0 denotes the step-size of each iteration.

As demonstrated in [31], with a proper choice of o the dis-
tributed detection based on MCRBK exponentially converges to
the linear detection solution (i.e., ZF or MMSE). Meanwhile,
MCRBK also enjoys the global convergence. This means its
exponential convergence always holds without extra conditions
or requirements, making it well fitted to different cases of
interest. From (11), the computational complexity of MCRBK
is 2¢°K + ¢ + 2qK.

III. Low-COMPLEXITY RANDOMIZED ITERATIVE ALGORITHM
FOR DISTRIBUTED DETECTION

Typically, as shown in (10) and (11), the iterations of RBK
and MCRBK require the computation of the pseudoinverse of
the submatrix H;, resulting in the considerable complexity bur-
den to the distributed detection. To this end, we now introduce
the efficient distributed randomized iterative detection (EDRID)
algorithm, which effectively avoids the matrix pseudoinverse in
its iteration updates.

In particular, the iteration of the proposed EDRID algorithm
is given by

xt =x""1 4+ oaH (y; - Hix'™1), (12)

where o > 0 stands for the step-size and the index 1 <7 <ris

randomly selected according to a uniform distribution p(%), i.e.,
) 1

pli) 2 p(Q) = . (13)

Clearly, different from the iteration in (10) or (11), the matrix
pseudoinverse has been removed from the iteration in (12). To
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be more specific, the total complexity per iteration in (12) is
2q K, which is much smaller than those in (10) or (11).

Theorem 1: As for decentralized MIMO detection, with uni-
form sampling probability p(i) = %, the randomized iterations
based on (12) converges by

1— t
Bl —x 2] < 4 - x P et a4)
for any given x, if the step-size o satisfies
0<a< 2 (15)
o< —
A;lax’
where
)‘:;13x = 11273%{7 )\maX<Hf{Hi)7 (16)
1
BEL—=(2a — oMo )omin(H) < 1, (17)
T
1= E[|H{'Lo, .(y—HH'y)|]. (18)

Proof: To start with, according to (12), it follows that

x! —x* =x""1 - x* + oH (y; - Hx'™). (19)

From (19), we have that

It [ = o [P + 20! HHH (y Hx! )

+ o |H (y;—Hx""1)|*. (20)

Then, by applying Hx" = HH'y, the following holds
IH (y; — Hx)|? = [H{ Lo, .(y — Hx"™)]?
=|H{To, .(y + Hx" ~ HH'y — Hx""")|

<|HIH (! = x| + [H' T, . (y—HHTy)|%. 21)

Moreover, the term || HF H; (x!~! — x*)||? in (21) can be upper
bounded as

B (= )2 = (0 — )M (HEHL 2 = )

(a)
< Amax (HTHG) (! —x*) TH{TH, (x! —x)
S )\* (Xt_l—X*)HH,fIHZ‘ (Xt—l_x*)

max

(22)

with A\f, = maxi<;<, Amax (HFH;). Here, the inequality (a)
comes from the fact that for symmetric positive semidefinite
matrix HZH;, the matrix Ap.x(HFH,)H/H, — (HfH,)?
is also positive semidefinite (see Appendix A for the proof of
this fact). Therefore, for any non-zero vector z, it follows that

2! Mo HIH,)HIH,; — (HITH)?z>0, (23)
which accounts for
2 (HPH,)%z < 27 M\ (HPH,)H H, 2. (24)

Based on (20), (21) and (22), we obtain

[f =¥ <[l = x* [P 2a(x" T —x) THY (v - Hix")
+ OZQ}‘;;ax(Xtil 7X*)HHZHH1' (thlix*)

+a?|H g, .(y—HH'y)|”. (25)
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Next, based on the sampling probability p(7) in (13), by taking
the expectation on both sides, we have

Bllx" — =7 < [lx" "

+2a(x " 'x") ! BHY (y Hx' )]

+ o\ (X =x) TE[HTH] (x —x*) + o’ (26)
Here, regarding to the term E[H (y; — H;x!~1)] in (26), it
follows that
EH{(yi-Hx" 1) =H"E[I§, Io, J(y - Hx')

®) iHH< _HxY)
%[HHH(HHH) "HYy-H"Hx"]
%(HHHHTy HPHx!1)
%(HHHX —-HIHX"!)

© ;HHH(xt_l —xY), @7)

where (b) holds due to E[IF T, .]= 1T under the uniform
sampling probability p; and (c) comes from H?y = H? Hx".
Therefore, based on (27) and the fact that

EMHIH;) =H"EI§ 1o, |H= %HHH, (28)
the inequality in (26) can be further expressed by
[IIXt x| < T - x|
r ( N —20)(xT —x) THPH(x! ! — x*) 4 o).
(29)

Furthermore, as for the term (x'~! — x*)FH7H(x!~! —

x*) in (29), because of

u"ATAu> o (A)||ul? (30)
for matrix A and vector u, it follows that
(x"=x")THTH(X"! —x*) > op, (H) [ x" 71 — x|,
(31)

Then, the inequality in (29) can be expressed by

Bllx* ) < [1-+ (20~ Nl it
+afy=px'"t —x"|* +ay, (32
where 8=1— 1(2a — a® A%, ) 0%, (H). Then, by unrolling
the recurrence in (32), we can obtain
t—1
E[lx" —x*|*] < 5% = x"|* + a®ny_ 57
_j 0
(@) ¢ 2 - B
=~ 33
e SRS
where the approxnnatlon in (d) follows the geometric series
n T 2R
=k - 1—z

1977

On the other hand, to ensure the convergence in (33), the
condition 1 > 3 > 0 should be made, namely,

1
1>-(2a-a *Nrax) Tain (HL) > 0, (34)
which corresponds to

I<a<

35
A;knax ( )

]

In order to ensure convergence of the algorithm, i.e., con-
dition (35), one needs a bound on the maximum eigenvalue
Amax- This depends on the specific channel statistics and can
be learned for the specific propagation scenario. For example,
when the matrix H contains Gaussian i.i.d. elements, from

classical random matrix theory we have that [46]

2
Amax(HHH)—>N<1+\/K> , (36)
N
K 2
. H .=
Amin(HTH) — N (1 N) : 37

when N — oo and K — oo. Similar to (36) and (37), the fol-
lowing results can also be got
2

Amax(HIH;) = Ao (H;HT) — K (1 + \/z) . (3%)
2
Amin(HIH,) = Apin(H;HT) = K (1 — \/g) . (39)

when K — oo and ¢ — oo. From (38), the range of « can be
roughly estimated by

0<a< (40)

2
K+ VE)
where the choice of a = 1/K is recommended for the sake of
efficiency. More generally, in practical scenarios, the channel
statistics can be learned at the time of the system setup (e.g.,
installation of the XL-MIMO base station) via measurements
(i.e., in a data-driven way), and the parameter « can be adapted
as a consequence.

According to Theorem 1, with proper choice of «, the pro-
posed EDRID algorithm converges exponentially to the least
squares solution x* but within a specified error bound. Put it in
another way, due to this estimation inaccuracy, the distributed
detection based on (12) only converges to within a radius of x*,
which may degrade the detection performance of decentralized
MIMO systems.

IV. EXAcT CONVERGENCE TO LS SOLUTION BY
DYNAMIC STEP-SIZE

In order to guarantee the exact convergence of EDRID to the
LS solution x*, we now introduce the dynamic step-size o > 0
into the iterations in (12). By dynamic choice of a! at each
iteration, we demonstrate that the two terms of convergence and
error bound can merge together, which gradually diminishes
along with the iterations. In a nutshell, by the appropriate choice
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of a' > 0, the proposed EDRID algorithm is able to return the
approximation of x* with arbitrary accuracy as t increases.

In particular, under the help of dynamic step-size oy, the
randomized iteration in (12) becomes

x!' =x""1 + o, H (y; — Hix'™h) (41)
with
2
0<ay< e (42)

max
Theorem 2: As for decentralized MIMO detection, the pro-
posed EDRID algorithm following p(i) = % ensures exact con-
vergence to the LS solution by

E[||x" —x*||?] H 1—woy)|x” —x*[?  (43)
with dynamic step-size
wg(t—1)
44
T Namg(t— 1) 1 e
where
9(t) =gt = 1)(1 — way), 45)
X0 — x* 2
o0~ b=l 6)
w = op,(H)/r (47

Proof: Under dynamic step-size oy, the convergence in
(32) can be expressed as

X )<[1- (20—

A )] [ —x"?

+ afn
(43)

Eflx"—

with w = o2, (H)/r.
By iteratively applying the recursive relation in (48), it fol-
lows that

L
Ellx” —x*2 < [T [1 = 20y — a2Apu)w] [0 — x|
Jj=1
L
+ > o TI [1- Qe —af0w]
j=1 =i+l
=g(L)n 49)
with the following definition
: 1
S]] - 2oy —af\udw] I1x° —x*)*~
Jj=1 n
t
+ > a) [T - @ai—ainu)w].  (s0)

j=1  i=j+1
To be more specific, from (50), by induction we can find the
following recurrence relationship

g(t) = [1 = (2a; — afApu)w] gt — 1) + of
for t > 1 with

D

" — x*]*
P

g(0) = (52)
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According to (51), the term g(¢ — 1) is independent of the step-
size oy while g(t) is a function of «. Therefore, by letting the
derivative about g(t) versus «; be zero, the optimal value of «
that minimizes g(t) is given by

wg(t —1)
A;aXWQ(t - 1) + i
Then, by substituting o in (53) back into g(¢) in (51), we have

9(t) = g(t = (1 — wary). (54)

To summarize, based on (49), (52) and (54), we can conclude
that

(33)

y =

L
E[llx" — x| <[] = won) [Ix° = x*[|*,  (55)
t=1

completing the proof. O

According to Theorem 2, by making use of the dynamic
step-size «, the error bound during the convergence of EDRID
(i.e., the term a217 11 % in (14)) has been well addressed, which
facilitates the convergence to the exact linear detection solution
x*. Note that the choice of a; in (44) always satisfies the

requirement in (42) due to
1 2
2\* 1 )\*

max wg(t— 1) max

ay = (56)

Corollary 1: The proposed EDRID algorithm with dynamic
step-size «; in (44) achieves the global convergence as its
convergence in (43) always holds due to

0 < way < 1. (57)

Proof: On one hand, according to the definitions of w and
«y, it 1s intuitive to confirm way; > 0. On the other hand, based
on (47) and (53), we have

2 (H t—1
oy = PonlF)_og(t =)
r >‘max ( - 1) +1
. 2 )
- 1211‘1% Umin(Hl) wg(t _ 1)
- r Nimwg(t—1)+1
_ i o (HTHD g
>‘r>§1ax r w.g(t - 1) + )\*
Artlm - wg(t B 1)
)‘max r w.g(t - 1) + )\I%M
<1. (58)
Here, )\;;m £ ming <;<, Amin(HZ H;) and the inequality shown

above comes from the fact that [47]

oirkr1(A) <0i(B) <oi(A), (59)

where B denotes an (m — k) x (n — 1) submatrix of A €
(men. D

From Corollary 1 and Theorem 2, the convergence of EDRID
with dynamic step-size is always guaranteed due to the conver-
gence rate 0 < 1 —way < 1 (i.e., global convergence), making
it suitable to various decentralized MIMO scenarios of inter-
est. It is interesting to notice that several other decentralized
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detection algorithms such as FD-MMSE in [16], FD-CD in
[15], decentralized Newton in [23], do not satisfy this prop-
erty and convergence is ensured only under specific conditions.
Furthermore, because of (83), we notice that g(t) is decreasing
with the increment of ¢, i.e., g(t) < g(t — 1). This implies that
the dynamic step-size a; in (53) also forms a monotonically
decreasing sequence, i.e.,

o < o1 (60)

To summarize, in the framework of randomized iterations,
the problem of distributed MIMO detection is transformed into
an equivalent formation, namely,

x = arg min || Ig, . Hx — Ig, .y|*
xeCK

st p(Qi)=1. (61)

By executing the randomized iterations in (41), we show that
the common solution x* that fits every subproblem H;x — y;
(i.e., Ig,.(Hx —y)) would be gradually refined. Clearly, such
a problem reformulation combines the factors of both Euclidean
distance and statistics, which paves an effective way for the
following problem solving. Besides the original Euclidean do-
main, by benefiting from the extra system freedom introduced
by statistics, remarkable performance improvement or com-
plexity reduction can be achieved in a reasonable way, where
more related randomized schemes based on this methodology
can be found in our previous works [31], [48], [49], [50], [51].
Here, to be more specific, we refer such a methodology to
as hybrid-domain signal processing, which firstly establishes
a novel but equivalent problem formulation based on different
domains and then solve it by fully utilizing the introduced
system freedoms.

V. APPLICATION TO DISTRIBUTED DETECTION VIA
CONDITIONAL SAMPLING

The proposed EDRID algorithm relies on the random sam-
pling about the index <. To facilitate its application for decentral-
ized MIMO systems and enhance its convergence performance
at the same time, we now introduce the technique of conditional
sampling.

A. Convergence Improvement by Conditional Sampling

Specifically, considering the index j is sampled at iteration
t —1 (i.e. the index set Q; is selected), then by conditional
sampling, the index ¢ at iteration ¢ is sampled according to the
following conditional distribution:

) p(i)
—p(j)’
where the index j sampled at the previous iteration is removed
from the sampling candidate list of ¢. As uniform sampling is
applied, this corresponds to

Hl>

p(Qi) = i # (62)

(63)

1979

Intuitively, thanks to the conditional sampling in (63), the sam-
pling repetitions over two consecutive iterations can be effec-
tively avoided, which leads to an improved sampling diversity>.

Theorem 3: As for decentralized MIMO detection, the pro-
posed EDRID algorithm following 7(7) in (63) ensures exact
convergence to LS solution by

L
E[|Ix% — x*|?] H 1 —way)||x® — x*||? (64)

with dynamic step-size

_ wgt-1)
N S S ©
where
g(t) =gt —1)(1 —way), (66)
0 _ |2
?(0)=7”X ﬁx H : (67)
2
wé Umin(H), (68)
r—1
12 EppI[H T, .(y—HH'y)|?]. (69)

Proof: To begin with, when the conditional sampling p(z)
is applied, the expectation term Ep; )[H H,] becomes

EpyH{H,] = HHE()[IQ 1o, JH
HL o H
— -]
H
r_lH[f o,/ Hi-g)] (70)

where H|_g,} =I|_g,jH and I|_g ) denotes the identity ma-
trix but the corresponding diagonal elements related to the index
set Q; are 0. For example, given Q; = {3, 4}, then it follows

100 0 0
01000

I f34=]0 00 00 (1)
00000
00001

Based on (70), the inequality in (26) can be written as

E[th - x 2} < th_l —x*|]?

1
+ 71( 2)‘;1ax )(Xt_l_x*)HH[Iin]H[—Qj] (Xt_l_x*)
+a? 1

1 § a2
l:l_rl (2a O‘Z)‘maX) rznm(H[Qj]>] th fox

+ a2f]
(2) 1— 1 ( 2)\* ) 2 (H) th,;[ o X*HQ
— r—1 max,) Omin
+ 7. (72)

3Here, we use sampling diversity to describe the diversity of samples during
a certain iterations.
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with 7= Ep;)[|[H 1o, .(y — HH'y)||?] and inequality (e)
comes from (59). Then, by applying the dynamic step-size oy,
the inequality in (72) can be expressed by

fextP<- M) [ ]

x| +aln
(73)

E[||x (2a; —a>

with @ =02, (H)/(r — 1).
Subsequently, following the derivation in Theorem 2, we

obtain
L
E[|lxt — x*|?] H (1 —@a)|x* —x*|?, (74
t=1

which completes the proof. O

By Theorem 3, EDRID with conditional sampling probability
P(2) still converges to LS solution in an exponential manner.
In fact, it is readily to confirm that the global convergence
also holds as well. Meanwhile, due to w > w, the convergence
improvement can also be verified in the comparison between
(48) and (73). Motivated by these, in what follows we extend
the multi-step conditional sampling into EDRID for further
convergence gains.

B. Enhancement by Multi-Step Conditional Sampling

In particular, replaces the conditional sampling probability

p(i) in (62) with the multi-step conditional sampling 5/ (7) that,

at t¢-th iteration, excludes the choice of the previous 1 < f <
r — 1 sampling results, i.e.,

- T E—)
where the indexes 7j, ..., [ indicate the multi-step conditional
sampling results of iterations ¢t — 1, ..., t — f respectively.
Accordingly, this corresponds to Q;  {Q;, ..., Q;}, implying
that there must be no sampling repetitions from the iteration
t — f to t. Meanwhile, the maximum value of f is 7 — 1 other-
wise there would be no sampling candidate for Qf when ¢ > 7.

According to (75), the sampling probabilities p(4) in (13) and
P(i) in (62) can be viewed as the special cases of p/ (1) with f =
0 and f =1 respectively, which leads to a generalized multi-
step condition sampling with 0 < f <r — 1. Subsequently, the
iteration performance of EDRID with 77 (i) can be obtained as
follows, where the proof is omitted due to the similarity with
Theorem 3.

Theorem 4: As for decentralized MIMO detection, the pro-
posed EDRID algorithm following 5/ (¢) in (75) ensures exact
convergence to LS solution by

p(i)

(1>

(75)

P (Q) =

Elllx" —x*|* H (1 —@a)|x" —x*|* (76)
with dynamic step-size
Ight—1
S — , (77)
)‘;knuxwfgf(t - 1) +1
where
7 (=9t -1 -w'af), (78)
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x0 — x* 2
g/ (0) = =X — I, (79)
n
2
—f A Jmin(H) 30
wf & e, (80)
1 £ By [IIH 1o, .(y—HH'y)||]. (81)

From Theorem 4, the exact and exponential convergence of
EDRID with 57 () still can be achieved. Meanwhile, according
to the fact that

1 o2 (H) wg/t-1)
—f=f _ min
w'ay = , 82
i r— f )‘mdx wfgf(t - 1) + )\1 ( )

we can readily validate the global and enhanced convergence
of EDRID with 5/ (i).

Corollary 2: Following 57 (i) in (75), the proposed EDRID
algorithm with dynamic step-size a{ in (77) achieves the global
convergence as its convergence in (76) always holds due to

0<wlal <1. (83)
Theorem 5: The exponential convergence rate of EDRID with

atf improves with the increment of 0 < f <7 — 1 due to

1 —r—1—r—1

0<wozt<w1 < <w e <1 (84)

According to Theorem 5, the choice of f = r — 1 is strongly
preferred, which effectively boosts the convergence perfor-
mance by the largest value of @/. Typically, when f =1 —
1 is applied, as t increases the sampling of the index ¢ in
EDRID would become deterministic gradually due to a shrink-
ing sampling candidate list. More interestingly, once t > r — 1,
there is only one sampling candidate left for each sampling of
i (i.e., Q;), thus completely removing the randomness from
EDRID. Undoubtedly, this greatly facilitates the implemen-
tation of EDRID in different kinds of decentralized MIMO
systems without any performance loss, where both convergence
and efficiency gains can be obtained.

Due to the usage of multi-step conditional sampling, no
matter what kind of the original sampling probability p(7) is
applied, "' (i) would be become deterministic when ¢ > r.
Because of it, the uniform distribution becomes an easy choice
of p(4), and the detection order (i.e., H;, H;, ..., H;) is deter-
mined only by the sampling in the first round-robin. Typically,
under ring architecture, EDRID works by

x! =x'"' + o, H (y; — Hix!™Y) (85)

with ¢ = (¢ — 1) mod r + 1. To make it more specific, Fig. 1
illustrates the operations of the proposed EDRID algorithm for
XL-MIMO systems. Under ring architecture, each iteration in
(85) corresponds to the processing in a single DU, where a full
processing by all the DUs requires r iterations, i.e.,

DUl1—-DU2—-DU3—---—=DUr. (86)

This is the reason why index ¢t =rk is applied for the fair
compassion between EDRID and other distributed schemes,
where more details can be found in Table I and simulations.
From (85), EDRID can also be readily extended to other dis-
tributed topologies by flexibly adjusting the processing order.
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(o)}

Detection

Fig. 1. Illustration of the proposed EDRID algorithm for uplink XL-MIMO
with a ring topology consisting of » = 4 DUs. Each DU performs local radio-
frequency (RF) processing and channel estimation (CHEST).

Fig. 2. Illustration of the proposed EDRID algorithm for uplink XL-MIMO,
using a star topology with » =4 DUs.

For example, the star topology shown in Fig. 2 can be emulated
by the sequential order

DU1—-5DU2—-5DU1—>DU3—---—DUL (87

However, compared with the ring order in (86), this processing
order provides less processing diversity, which in turn leads
to additional uplink bandwidth requirements in XL-MIMO
systems.

Since each DU can be flexibly added or removed as a sys-
tem module, the implementation of EDRID enjoys great scal-
ability. Therefore, similar to MCRBK in [31], the proposed
EDRID also suits well decentralized MIMO systems like cell-
free MIMO and so on but with much lower complexity costs.
Note that the data bandwidth required by EDRID is summarized
in Table II, and is determined by the total number of complex

1981

TABLE II
COMPARISONS OF DATA BANDWIDTH

Methods Data Bandwidth
Centralized Detection NK + N
ADMM [10] 2Kr -k
CG [11] 2Kr -k
FD-MMSE [16] 2Kr
PD-MMSE [12] (K? 4+ K)r
CD [15] 2Kr -k
DN [23] 4Kr -k
RLS [19] (K2 + K)r
SGD [20] Kr
ASGD [21] 2Kr
SDK [42] Kr
MCRBK [31] Krk
EDRID Ring Topology Kr-k
EDRID Star Topology 2K(r—1)-k

Algorithm 1 EDRID Algorithm with Dynamic step-size for
Uplink XL-MIMO
Require: ¢, Hg, . and yo, for 1 <j<r,x°=0,L
Ensure: detection output X~

1. fort=1,...,L do

2 update x* by (85) with step-size oy in (88)

3: end for

4: output X by rounding x” based on constellation X%

values exchanged over all links per detection. In contrast to
centralized detection, where the full channel matrix H and
received signal y must be uploaded to CPU, the bandwidth
requirement of EDRID is independent of the number of BS
antennas, since different DUs communicate with each other
only through the estimated vector x’.

As shown in Table I, the proposed EDRID algorithm has
much lower complexity cost than the MCRBK algorithm in
[31], namely, O(Kq-t) versus O(Kgq?-t), thus leading to
significant complexity reduction. Moreover, in terms of in-
dex k, we can observe that the complexity of EDRID (i.e.,
O(KN - k)) is actually insensitive to the antenna number ¢ in
each DU. Put it in other way, given N and K, the complexity of
EDRID remains unchanged with different ¢, which enables it
more flexible to practical deployment of decentralized MIMO
systems. On the other hand, to ease the computation of « in
(44), following the work in [31], we still take the following
choice as an efficient alternative

4 K N/g+ K
=—|l-=| . 88
o N< N)N/q+K+t (88)
In addition, as illustrated in (43), a better choice of x° is also
beneficial to the convergence performance while we apply x° =
0 in this work. To sum up, the proposed EDRID algorithm with
dynamic step-size is shown in Algorithm 1.
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Fig. 3. BER Illustrations of EDRID and EDRID with dynamic o in 256 X
64 XL-MIMO systems with ¢ = 8 using 16-QAM.

VI. SIMULATIONS

In this section, the performance and complexity of the pro-
posed EDRID algorithm are thoroughly investigated through
simulations for uplink XL-MIMO systems over Rayleigh fading
channels.

Fig. 3 presents a comparison of the bit error rate (BER)
performance between the proposed EDRID and EDRID with
dynamic step-size a; in 256 x 64 XL-MIMO systems using 16-
QAM. The centralized MMSE is presented as a performance
benchmark in the following simulations. As illustrated, EDRID
rapidly approaches its performance upper bound, yet a sub-
stantial performance gap does exist compared to the MMSE
detection. As shown in Theorem 1, such a performance obstacle
is due to the fact that the standard EDRID fails to converge
to the LS solution. In comparison, EDRID with dynamic step-
size a; (denoted by EDRID-«;) demonstrates superior BER
performance over the standard EDRID. Note that if not par-
ticularly indicated, both the standard EDRID and EDRID-«;
in simulations are enhanced by the multi-step conditional sam-
pling with f =7 — 1. With the increment of iterations, the de-
tection performance of EDRID-«; gradually converges to that
of MMSE, which is consistent with the convergence results in
Theorem 4. Therefore, compared to standard EDRID, EDRID
with dynamic step-size a; turns out to be a much better solution
for decentralized MIMO systems.

On the other hand, to illustrate the impact of f in the
multi-step conditional sampling, the same XL-MIMO config-
uration is still considered in Fig. 4 with different sizes of f =
0,1,4,8,16, 24, 31. With the increment of f, the detection per-
formance of EDRID-«; gradually improves. This is accordance
with Theorem 5 since more knowledge of previous iterations
have been taken into account to serve for the current random
iteration. Benefiting from it, both the iteration efficiency and
convergence are significantly enhanced as a result, making f =
r — 1 a preferred choice to EDRID-qy;.

Fig. 5 compares the BER performance of different distributed
detection schemes in 256 x 32 XL-MIMO systems with 16-
QAM. Specifically, besides the proposed EDRID with dynamic
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-+~ EDRID-a,, t=2r, f=0
—A— EDRID-ay, t=2r, f=1
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Fig. 4. BER Illustrations of EDRID with dynamic «; under different f in
256 x 64 XL-MIMO systems with ¢ = 8 using 16-QAM.

step-size «, the FD-MMSE in [16], the FD-CD in [15], the
DBP-ADMM in [10], the DBP-CG in [11], the RLS in [19],
the SGD in [20], the ASGD in [21], the DN in [23], the SDK
in [42], and the MCRBK-a; in [31] are applied for the fair
comparison. For EDRID-a;, MCRBK-«;,, ADMM, CG, FD-
MMSE, and DN, each DU has 8 antennas, i.e., ¢ =8, while
RLS, SGD, ASGD, and SDK adopt the ¢ = 1 configuration as
their default setup. As demonstrated in Fig. 5, under the same
iterations k£ = 3, EDRID-«; outperforms all distributed detec-
tion schemes except RLS. Although RLS achieves equivalent
detection performance with MMSE in a distributed manner, it
has much higher computational complexity and data bandwidth
requirements than EDRID-qa, where the details can be found
in Tables I and II. Consistent with RLS, PD-MMSE [12] also
achieves MMSE-equivalent detection performance with high
computational complexity, which is omitted in simulations. Al-
though SDK achieves comparable detection performance with
EDRID-ay, it requires each DU only with one antenna, which
is inapplicable in most cases of interest. Note that the detection
schemes such as FD-CD and DN fail to work in this scenario as
they require extra conditions for the distributed implementation.

Fig. 6 extends the BER performance comparison among
different distributed detection schemes to 256 x 64 XL-MIMO
systems with 16-QAM, where g = 8 is applied. Notably, 256 x
64 MIMO system provides less receive diversity gain than
a 256 x 32 MIMO, which results in degraded BER perfor-
mance for all detection schemes including MMSE. As can be
seen clearly, ADMM is sensitive to this configuration change,
demonstrating inferior results compared to EDRID-a; with the
same number of iterations. On the other hand, besides the
complexity reduction, the proposed EDRID-«; scheme also
achieves better detection performance than MCRBK-«;, which
realizes an advanced detection trade-off between performance
and complexity. Meanwhile, the improved detection perfor-
mance of EDRID-a; can be observed with the increasing it-
erations, which is in line with the convergence results in The-
orem 4. Additionally, the standard EDRID is also added to
the comparison as well. However, as expected, its detection
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Fig. 5. BER comparison in 256 x 32 XL-MIMO systems with ¢ = 8 using
16-QAM.
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BER comparison in 256 x 64 XL-MIMO systems with ¢ = 8 using

performance is not that competitive because it suffers from the
convergence bottleneck shown in Theorem 1.

Apart from the independent, identically distributed (i.i.d.)
Rayleigh channels, the correlated channels of XL-MIMO sys-
tems are also studied to illustrate the convergence performance
of EDRID. Typically, following the 1conﬁg1urations in [52],
[53], the correlated channel matrix RE&,HTZ, is applied with
the normalized correlation coefficient 1 > ) > 0, where R, €
CNXN and T.o € CEXE represent the receive and transmit
correlation matrices respectively, i.e.,

1 Wt o p(N-D?
Y 1 9 :
1:{'cor = 1;[}4 1/1 1 1/)4 )
: : : P
PpN=D* gty 1
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Fig. 7. BER comparison in 256 x 64 XL-MIMO systems with ¢ = 8 using
16-QAM with 9 = 0.05.
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Specifically, an uncorrelated scenario entails ) = 0 and a com-
pletely correlated case corresponds to v = 1. Intuitively, with
1 =0.05 in Fig. 7, the BER performance of all the detection
degrade accordingly compared to the results given in Fig. 6.
Clearly, detection schemes based on random iteration enjoy the
global convergence so that their convergence are still guaran-
teed.

In Fig. 8, the BER performance comparison among different
distributed detection schemes is presented for 512 x 64 XL-
MIMO systems using 16-QAM. In this case, the size ¢ = 16 is
applied in schemes of ADMM, CG, FD-MMSE, DN, MCRBK-
oy, and EDRID-qy. Intuitively, 512 x 64 MIMO provides a
higher receive diversity gain than the 256 x 64 case in Fig. 6,
resulting in the enhanced BER performance for all detection
schemes. Unfortunately, the schemes DN, ASGD, SGD, FD-
CD, FD-MMSE that fail to work in Fig. 6 still remain inef-
fective. Meanwhile, competitive BER performance is achieved
by EDRID-o; with significant improvements observed over
ADMM, standard EDRID, and MCRBK-ay.

Fig. 9 evaluates the BER performance for 512 x 128 XL-
MIMO systems using 16-QAM, where ¢ =16 is applied in
schemes of ADMM, CG, MCRBK-«;, and EDRID-o;. We
notice that in this case, both ADMM and CG detection schemes
suffer from the severe performance degradation, where the sim-
ilar observations can also be found in the case of 256 x 64
shown in Fig. 6. On the contrary, thanks to global and exponen-
tial convergence, the proposed EDRID-«, not only outperforms
all other distributed schemes under the same iterations k = 3,
but also attains the near-MMSE performance with the increment
of iterations. We point out that the performance superiority of
EDRID-«; over MCRBK-q; can still be found, making it a
better choice for decentralized MIMO detection. Fig. 10 extends
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Fig. 8. BER comparison in 512 x 64 XL-MIMO systems with ¢ = 16 using
16-QAM.
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Fig. 9.  BER comparison in 512 x 128 XL-MIMO systems with ¢ = 16
using 16-QAM.

the BER performance comparison to 1024 x 256 XL-MIMO
systems using 16-QAM, where ¢ = 32 is applied in schemes of
ADMM, CG, FD-MMSE, DN, MCRBK-«;, and EDRID-q;.
Note that in this case, the schemes that fail to work in Fig. 9
still turn out to be ineffective as well. On the other hand, as
expected, the proposed EDRID-q; is able to achieve the near-
MMSE performance with a moderate size k.

To further investigate the impact of the system dimension
upon the detection performance, in Fig. 11 the BER perfor-
mance comparison for 512 x 256 XL-MIMO systems using
16-QAM with ¢ = 32 is presented. Notably, with the antenna
ratio N/K = 2, most distributed detection schemes including
SDK experience severely degraded performance. In contrast,
EDRID-«; still works as usual, with its BER performance
showing progressive improvement as the iteration increases.
Interestingly, in this case, we find that MCRBK-«; achieves a
better detection performance than EDRID-o; under the same
iterations k = 3, which is quite different from the simulation
results given in other cases. Nevertheless, as shown in Table I,
we emphasize that under the same sizes of £k =3 and ¢ = 32,

IEEE TRANSACTIONS ON SIGNAL PROCESSING, VOL. 74, 2026

I

I

I

[>[3II+ 1

I

I

I

I

|
(==

Ve vaill N sl N
i
l
paak
i
l
|
i
l
|
i
l

PAi

[}

i

;
b

!

|

|

|
<A

|

|
h

|

|
|

|

|

|
<

|

|

|

10'¥\\:&:\;&\ 5

—-7-— DBP-ADMM, k=3
} DBP-CG, k=3
—<t —SGD
—-+—DN, k=3
— [ —SDK, k=3
— £ — MCRBK-a, k=3
— © —EDRID, k=3
—&—EDRID-a,, k=3
—— EDRID-a, k=5
—-%-— EDRID-q,, k=7
MMSE

0 2 4

Bit Error Rate
5]
S

107

Fig. 10. BER comparison in 1024 x 256 XL-MIMO systems with ¢ = 32
using 16-QAM.
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Fig. 11. BER comparison in 512 x 256 XL-MIMO systems with ¢ = 32
using 16-QAM.

the complexity cost of MCRBK-«; (i.e., O(KNgq - k)) is 32
times as much as that of EDRID-«; (i.e., O(KN - k)).

Fig. 12 studies the impact of the parameter ¢ on the detection
performance of the proposed EDRID-«; algorithm, where a
512 x 128 XL-MIMO system with 16-QAM is applied here.
Specifically, given the fixed total number of received antennas
N =512, by N = qr, different setups of the number of anten-
nas in each DU ¢ and the number of DUs r are employed, where
a smaller g accounts for a larger 7. As can be seen from Fig. 12,
under the same iterations k=3, with » =8, 16,32, 64, 128,
the increased number of DUs leads to the improved detection
performance, which corresponds to ¢ = 64, 32, 16, 8, 4 respec-
tively. From it, in terms of BER performance, we can see that the
large r or small ¢ (more number of DUs) is preferred as it means
more iterations (i.e., t = rk in total) are invoked in EDRID even
though each iteration involves small sizes of H; and y;. Put it
in another way, for large g (i.e., the number of antennas at each
DU is large), the number of recalling the randomized iterations
is limited due to the small r, such that the performance potential
cannot be fully exploited. Nevertheless, more latency over large
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Fig. 13. Complexity comparison in terms of the number of complex

multiplications for 512 x K XL-MIMO systems with ¢ =8 and k = 1.

number of DUs also will be incurred for large » and small
¢, thus resulting in a trade-off therein. Most importantly, the
deployment of DUs in practice has been determined physically,
which can not be easily altered.

Fig. 13 presents the computational complexity comparison
of various distributed detection schemes for 512 x K massive
MIMO systems employing 16-QAM, where ¢ =8 is imple-
mented in schemes of ADMM, CG, FD-MMSE, DN, MCRBK-
oy, and EDRID-¢;. Specifically, complexity evaluation is based
on the number of complex multiplications required per sin-
gle iteration (i.e., k =1 or t =r). As illustrated, FD-MMSE,
ADMM, and RLS demand prohibitively high computational
costs for practical implementation. Meanwhile, CG and DN
have similar complexity levels, which are substantially higher
than MCRBK-a;, ASGD, and EDRID-«; schemes. Although
ASGD demonstrates computational complexity comparable to

1985

EDRID-q, its application are fundamentally constrained to de-
centralized MIMO systems with ¢ = 1. Compared to MCRBK-
o, EDRID-ay achieves both lower computational complexity
and better BER performance (except the case of 512 x 256
MIMO system with N/K = 2), making it a better solution for
decentralized XL-MIMO.

VII. CONCLUSION

In this paper, we proposed an efficient distributed randomized
iterative detection (EDRID) algorithm to enable scalable and
low-complexity signal detection in decentralized XL-MIMO
systems. The EDRID algorithm eliminates the need for ma-
trix pseudoinverse computations within its randomized itera-
tions, thereby significantly reducing computational complexity.
Then, for achieving the exact convergence to the LS detection
solution, the strategy of dynamic step-size has been adopted
into EDRID, such that the linear detection performance can
be obtained with exponential and global convergence. More-
over, by introducing the conditional sampling technique, both
the convergence performance and efficiency of EDRID can
be further improved. Overall, the proposed EDRID algorithm
provides a low-complexity, flexible, and scalable solution for
different cases of distributed detection, making it perspective
in decentralized MIMO systems.

APPENDIX A
PROOF OF [)\max(H{{Hz)H{{Hz - (HFHl)z] t 0

Proof: First of all, the symmetric matrix H H; is positive
semidefinite because of

wlHIH,w = (H;w)"H;w >0 (89)
for any vector w € CK,

Next, let A; be an eigenvalue of H H; with corresponding
eigenvector v;, we have

HIH; v, = \;v;. (90)
Then, given the symmetric matrix Apa. (HZH;)I — HZH;,
we can obtain

Mmax(HIH)I — HIH [ vi=[Anax (HIH;) = M]vi  (91)

which implies that Ap.c(HZH;) —\; is an eigenvalue
of matrix Apax(HZH;)I — HYH,;. Furthermore, since
Amax(HZH;) — X\; >0 always holds, all the eigenvalues
of the symmetric matrix Apa(HIH)I - HZH, are
non-negative. From it, we can conclude that the matrix
Amax (HZH;)I — HPH, is positive semidefinite.

In the following, considering the two symmetric positive
semidefinite matrices Apax (HZH;)I — HYH; and HFH,, it
is straightforward to verify that the product of them is still
symmetric positive semidefinite, i.e.,

2 (D HIH)I - HIH)HH)2>0  (92)

for any vector z, which completes the proof. O
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