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Abstract—This work presents a novel data detection algorithm
for uplink Cell-Free Massive Multiple-Input Multiple-Output
(CF-mMIMO) networks that operates without pilot transmission
overhead. In the proposed framework, User Equipments (UEs)
transmit non-antipodal signals to a Central Processing Unit
(CPU), which jointly processes the composite received signals to
recover user information. An Alternating Least Squares (ALS)-
based Non-Antipodal Signaling Semi-Blind (NASS) detection
algorithm is developed to enable pilot-free data detection in TDD
uplink CF-mMIMO systems. The proposed algorithm exploits
the inherent tensor structure of the received signal to extend the
conventional ALS framework, effectively resolving permutation
and scaling ambiguities for accurate semi-blind detection. Simu-
lation results demonstrate that the NASS detector achieves signif-
icantly improved Bit Error Rate (BER) performance compared
to existing iterative and pilot-assisted algorithms, confirming
its robustness, scalability, and practical suitability for next-
generation ISAC and CF-mMIMO deployments.

Index Terms—Cell-free massive MIMO (CF-mMIMO), Non-
antipodal Signaling, semi-blind detection, Alternating Least
Squares (ALS).

I. INTRODUCTION

Cell-Free Massive Multiple-Input Multiple-Output (CF-
mMIMO) is an emerging 6G technology that integrates
the advantages of distributed antenna systems and massive
MIMO architectures to achieve ubiquitous coverage, uniform
Quality of Service, and improved energy efficiency [1]. In
a CF-mMIMO network, a large number of geographically
distributed Access Points (APs) are connected to a Central
Processing Unit (CPU) via fronthaul links, collaboratively
serving multiple User Equipments (UEs) across the coverage
area [2]. In the uplink, the APs forward the received signals
to the CPU, which performs joint signal detection and data
processing, thereby mitigating inter-user interference and en-
hancing overall system performance.

Data detection in CF-mMIMO systems fundamentally re-
lies on accurate Channel State Information (CSI), which is
conventionally obtained through pilot symbol transmission.
However, in CF-mMIMO scenarios, pilot-based channel esti-
mation introduces a significant communication overhead due
to the large number of APs and UEs. Moreover, in dense
UE deployments, performing centralized data decoding at the
CPU demands high fronthaul bandwidth, leading to scala-
bility and latency challenges. To address these limitations,
decentralized architectures have been explored in recent works
[3], [4], where each AP processes its local observations and
exchanges soft information with neighboring APs. While this

approach effectively reduces the CPU’s computational load,
it introduces frequent inter-AP communication and requires
tight fronthaul coordination. Other works [5], [6] assume per-
fect knowledge of large scale fading coefficients, which limits
their applicability to practical deployments. Nonetheless, these
methods still depend on pilot transmission, thereby sustaining
a non-negligible overhead.

In parallel, several tensor decomposition-based joint chan-
nel estimation and data detection techniques have been pro-
posed [7]-[10], though primarily for systems other than CF-
mMIMO. Motivated by these gaps, this work proposes a novel
Non-Antipodal Signaling based Semi-Blind (NASS) detection
algorithm that eliminates the need for pilot transmission in
TDD uplink CF-mMIMO networks, offering improved effi-
ciency and scalability for practical large-scale deployments.

The next Section II presents the uplink CF-mMIMO system
model. Section III presents the framework to obtain the
proposed NASS detection algorithm. Section IV evaluates
the performance of the proposed detection algorithm with
the baseline, pilot-assisted, and iterative detectors. Finally,
Section V presents the conclusion and future scope of this
work. Scalars, vectors, matrices and tensors are represented
by italic, boldface lowercase, bold uppercase and boldface
calligraphic letters, respectively. The operators | - ||z, ()7,
(O, ()71, ()T, o, ® denotes Frobenius norm, transpose,
hermitian transpose, inverse, pseudo-inverse, outer product
and Khatri-Rao product operations [11], respectively.

II. SYSTEM MODEL

Consider an uplink CF-mMIMO system with R single
antenna APs connected to a CPU serving U single antenna
UEs, R > U. The element g, of the uplink channel vector
g, € CH*1 between UE u, 1 < u < U, and R APs follows
a complex Normal distribution, i.e., g, ~ CN(0, 8,,,) where
Brv 1s the large-scale fading coefficient between AP r and
UE u. The vector d,, € RE¥*! be the data of UE u where
each non-antipodal element d,., € {0,+/2} is encoded with
orthogonal code s, € RE*! as d,, o5, = d,sl € REXL,
The non-antipodal/ on-off signaling convey different meanings
across applications - in radar systems, it denotes the presence
or absence of a target; in backscatter communication, the
reflection or absorption of an incident wave; in wireless
sensing networks and IoT applications, the occurrence or
non-occurrence of a physical event, etc., and across these
applications works with noncoherent low complexity energy



detector. The APs are connected to the CPU via error-free
front-haul links. The composite signal tensor )) € CK*LxF
received at CPU from R APs corresponding to U UEs, each
transmitting K symbols, in uplink CF-mMIMO networks is

U
Y= duos,og,+N=DoSoG+N, (1)
u=1

where the element ny;, ~ CA(0, 02) of the noise tensor N €
CHEXEXE follows complex Normal distribution. Column v of
the data matrix D = [d;...d,...dy] € RE*YU and the
code matrix S = [s;...8,...sy] € REXV denote the data
and code of user u. The channel coefficient matrix is G =
[g1...8u.. gu) € CF*¥U_ The received signal ), a 3rd order
tensor, in (1) is presented as the sum of unit rank tensors,
where the uth unit rank tensor d,, 0s, 0g,, is obtained from the
outer product of the uth column vectors of the corresponding
matrices D, S and G for 1 < u < U. Next section presents the
pilot-less detection algorithm in uplink CF-mMIMO systems.

III. NON-ANTIPODAL SIGNALING BASED SEMI-BLIND
(NASS) DETECTOR

The objective to detect the UE signal D from composite
received tensor ) in (1) without pilot transmission overhead

N . 2
£(D.G) = min |y - DoSoGl}, @)

where D and G denotes the reconstructed versions of factor
matrices D and G. The bilinear multi-objective cost function
(2) is simplified by alternately optimizing one factor matrix
while keeping the others fixed, known as alternating least
squares (ALS). Using the mode-r matricization [11], unfold-
ings of system model (1) along mode-3 and mode-1 be

Y3 = G(i)(S © D(i_l))T + N3 3)
Y1) =DV (GY 0 8)" + N, 4)
The matrices Y (3)/N3) is mode-3 unfolding and Y (1)/Nq)
mode-1 unfolding of the tensor J/N. The non-linear objec-

tive E(]j, G) in (2) to its equivalent linear least-square (LS)
objectives to get G(*) and D) without sending pilots are

- . . ~ . 2
G® — argmin HY(3) —Ggise D(’*U)TH 5)
G (1) F

~ . N~k 2
D = arg min HY(l) -DY(GY o S)TH . (6)
D) F

A is an intermediate updated matrix A at iteration i and
tilde notation (G(9/ D)) denotes the error due to the linear
simplification of the non-linear cost (2). The cost functions in
(5), (6) have closed form solutions, given as

. ~ T

GO =Y [(s © D<H>)T] %)

o - T

DY =Y, [(GYos)T] . ®)
The channel matrix G in (7) and data matrix D in (8)

are updated alternately (ALS) to equivalently solve the non-
linear cost £L(D, G) in (2). However, due to permutation and

scaling ambiguities [11], ALS algorithm does not guarantee
correct solution. The proposed NASS detection in Algorithm
1 resolves permutation ambiguity by aligning columns of
G and D with the known code matrix S. The scaling
ambiguity is resolved by fixing the sign of 1st data bit of all
UEs as reference, i.e., D(©(1,:) = 17 € R *V. The diagonal
scaling matrix A() is obtained from the first row D(©)(1,:)
as where the operator diag(k) constructs a diagonal matrix
whose principal diagonal entries correspond to the elements
of the vector k. Consequently, A() is a diagonal matrix that
represents the scaling factors associated with each UE’s data
during iteration ¢. This process of sending a sign bit per user
may be seen as equivalent to sending a pilot symbol overhead.
However, unlike conventional pilot-assisted transmission, the
overhead incurred by this operation is fixed and independent
of the number of APs or UEs, thereby ensuring scalability
and efficiency in large-scale CF-mMIMO deployments. The
scaling deviation is then corrected by scaling and counter-
scaling the respective columns of G(9 and D) as

. N ~ . W\ 1 ~ . .
D®oso G — PO (Am) 0SoG® (A(n). 9)
The NASS algorithm terminates when error E@, defined as

EW =|Yu) -DY(GY o8)T|F, (10)
is below a tolerance level € [11] or the iteration ¢ attains /. The
steps to obtain the NASS detector in the uplink CF-mMIMO
networks is given in Algorithm 1. Next section demonstrates
the effectiveness of the NASS detector via simulations.

IV. SIMULATION RESULTS

Consider an uplink CF-mMIMO network with R = 64 APs,
U = 8 users uniformly distributed over a 100m? area, Large-
scale fading coefficient 5,,, modeled as (,, = min{1,d_ >},
where d,, is the distance between AP r and UE w for path-
loss exponent = 1 [13]. The algorithm is prematurely halted
when the iteration index ¢ attains the predefined maximum of

I = 12 or if the error tolerance ¢ = 1073 is satisfied [14].

Algorithm 1: NASS Detection in uplink CF-mMIMO

Data: mode-1 and mode-3 unfoldings Y ;) and Y (3,
of tensor Y € CEXIEXR and the code matrix S

Result: Data matrix Dy 4 S5

1 DO)(1,:) = 17 « Initializing the sign bit of users

2 repeat

3 GO Update channel matrix from (7)

D ¢+ Update data matrix from (8)

A diag(f)(i)(l,:)) y // get scaling matrix

DO ]j(i)(A(i))*l :

GO  GOAW

8 14—1+1

9 until (E® > ¢ or i<1I);

10 return Data matrix Dy 455 = D).

// scaling from (9)

N A

// counter—-scaling from (9)
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Fig. 1: BER vs. SNR performance of proposed NASS (Algorithm 1) in uplink CF-mMIMO for (a) Data and Code lengths K = L = 16, R = 64 APs, and
U = 8 users with ALS [11], pilot-assisted LS-MMSE [12] with pilot symbols per user p € {1,4, 8,16}, and perfect Channel-based Genie-MMSE; (b) a
fixed K = L = 16, users U € {4,8,16} and APs R € {32,64,128}; (c) a fixed R =64 APs, U =8, K € {8,16,32} and L € {8, 16, 32}.

Fig. 1a presents BER vs. SNR comparisons of the proposed
NASS algorithm in Section III with the with pilot-assisted LS
channel estimator followed by MMSE detection (LS-MMSE)
[12] with pilot lengths p = {1,4, 8,16}, the true CSI aware
Genie-MMSE, and the iterative ALS algorithm [14] with U =
8 users. The figure illustrates a superior performance of the
NASS detector over the ALS by addressing the ambiguities.
Moreover, NASS with a known sign bit (equivalent to p = 1
pilot symbol) has a BER performance at 10~ similar to that
of the pilot assisted LS-MMSE detector when sending eight
times (p = 8) more pilot symbols. Moreover, an increase in
the number of users will force LS-MMSE use a higher p to
attain a performance similar to NASS. This is mainly due to
construct of the NASS detector which requires only a sign bit
to resolve ambiguities.

Fig. 1b and Fig. 1c presents the NASS detector for varying
numbers of APs R € {32,64, 128}, users U € {4, 8,16}, data
length K € {8,16,32} and code length L € {8, 16, 32}. Fig.
1b illustrates an improvement in the detection performance as
R increases whereas interestingly the detection performance
remains similar with an increase in U. Fig. lc illustrates
that a large K or L results in significant BER improvement
across SNRs. It is worth noting from Fig. 1b and Fig. Ic
that, unlike conventional pilot-assisted transmission, the one
sign-bit overhead required by the proposed NASS detection
algorithm is fixed and remains independent of the parameters
R, U, K and L.

V. CONCLUSION AND FUTURE WORK

This work presented non-antipodal signaling based pilot-
free detection in uplink CF-mMIMO systems. Simulation re-
sults demonstrated that the proposed NASS detector achieves
superior detection performance compared to both iterative
and pilot-assisted baseline detection methods. Closed form
expressions for BER performance analysis can be carried
out upon the findings of this work and further be extended
for non-ideal fornthahul links. The non-antipodal or the on-
off signaling based framework comes in handy with sensing
problems where the presence or absence of the target is to be
identified. Hence, this detection framework can be tailored to

perform Integrated Sensing and Communication in the Cell-
free massive MIMO Communication networks.
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