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Abstract—Cell-free massive multiple-input multiple-output
(mMIMO) networks enhance coverage and spectral efficiency (SE)
by distributing antennas across access points (APs) with phase
coherence between APs. However, the use of cost-efficient local
oscillators (LOs) introduces phase noise (PN) that compromises
phase coherence, even with centralized processing. Sharing an LO
across APs can reduce costs in specific configurations but cause
correlated PN between APs, leading to correlated interference that
affects centralized combining. This can be improved by exploiting
the PN correlation in channel estimation. This paper presents
an uplink orthogonal frequency division multiplexing (OFDM)
signal model for PN-impaired cell-free mMIMO, addressing gaps
in single-carrier signal models. We evaluate mismatches from
applying single-carrier methods to OFDM systems, showing how
they underestimate the impact of PN and produce over-optimistic
achievable SE predictions. Based on our OFDM signal model,
we propose two PN-aware channel and common phase error
estimators: a distributed estimator for uncorrelated PN with
separate LOs and a centralized estimator with shared LOs. We
introduce a deep learning-based channel estimator to enhance the
performance and reduce the number of iterations of the central-
ized estimator. The simulation results show that the distributed
estimator outperforms mismatched estimators with separate LOs,
whereas the centralized estimator enhances distributed estimators
with shared LOs.

Index Terms—Cell-free massive MIMO, OFDM, phase noise,
channel estimation, spectral efficiency.
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S.o.KG. Eliassons minnes- och tilläggsfonder. The computations were enabled
by resources provided by the National Academic Infrastructure for Supercom-
puting in Sweden (NAISS), partially funded by the Swedish Research Council
through grant agreement no. 2022-06725. L. Sanguinetti was partially supported
by the Italian Ministry of Education and Research (MUR) in the framework
of the FoReLab project (Departments of Excellence), and by the Resilience
Plan (NRRP) of NextGenerationEU, partnership on “Telecommunications of the
Future” (PE00000001 – Program “RESTART”, Structural Project 6GWINET,
Cascade Call SPARKS).

I. INTRODUCTION
Massive multiple-input multiple-output (mMIMO) networks
enhance network capacity and reliability by coherently transmit-
ting signals across multiple antennas, which improves spectral
efficiency (SE) [2]. In cell-free mMIMO networks, antennas are
distributed across multiple access points (APs), which collabo-
rate to serve multiple user equipments (UEs), effectively elim-
inating traditional cell boundaries. This coordination reduces
inter-cell interference, enhances coverage, and significantly
improves SE [3]. These gains require coherent transmission,
demanding time, frequency, and phase synchronization between
distributed APs, which poses challenges like high overhead
and limited scalability [4]. In particular, phase noise (PN)
introduced by imperfect local oscillators (LOs) degrades system
performance if not properly managed.

To address the synchronization challenge in cell-free
mMIMO networks, groups of APs can be connected via
cables, as seen in the radio stripes scenario [5], [6]. This
setup allows groups of APs to share a common oscillator,
thereby simplifying the synchronization process. However, a
common LO introduces correlated PN across APs, leading to
correlated PN interference during centralized uplink combining
or downlink precoding. Studies have shown that such correlated
PN significantly degrades system performance, even with dis-
tributed mitigation techniques [7], [8]. Despite this correlation
challenge, the correlation of PN also opens the opportunity for
centralized mitigation in the central processing unit (CPU), a
potential not yet fully explored in cell-free mMIMO studies.

A. Motivation
This paper seeks to investigate the impact of PN on cell-free
mMIMO OFDM networks, considering scenarios with both
separate and shared LOs among APs. While PN effects in
both cellular and cell-free mMIMO systems have been widely
studied [7]–[13], they primarily use single-carrier models. The
achievable rates derived from these models tend to be overly op-
timistic when applied to OFDM systems, due to underestimating
the actual impact of PN. Additionally, applying their methods,
such as channel estimators, uplink combiners, and downlink
precoders, to OFDM models leads to inaccuracies and results
in performance degradation. The effect of these inaccuracies
on network design—including the number of APs and UEs, LO
quality, and power allocation—is unclear and requires thorough
investigation for practical OFDM models.
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Specifically, among the works with the single-carrier PN
model, [7] and [8] analyze the effects of PN for both co-
located and distributed antenna scenarios, highlighting the issue
of correlated PN interference with shared LOs in co-located
antenna scenarios. However, their works do not offer solu-
tions to the correlated PN interference issue. This correlated
PN phenomenon can also arise in distributed massive MIMO
systems, such as radio stripe networks [5], [6], where APs
are connected by cables and can share one or a small set
of LOs to reduce hardware expenses. Although correlated PN
leads to correlated interference, the shared LOs structure can
be leveraged in a centralized way for enhanced channel and
PN estimation, helping to alleviate the resulting interference.
Although [9], [14] study the impact of PN in OFDM systems,
they assume perfect channel knowledge, limiting practical use.
Other studies have limited scope or employ suboptimal tech-
niques, such as overlooking the statistical characteristics of
correlated PN across the APs [11]–[13], or using only maximum
likelihood channel estimation [10] and maximum ratio (MR)
combining [10], [12], which perform poorly compared to the
minimum mean square error (MMSE) combiner in cell-free
mMIMO [15]. Additionally, [11] uses rate-splitting techniques
to mitigate PN effects, but their techniques become infeasible
with a large number of UEs and APs. The work [13] only
considers deterministic phase shifts rather than stochastic PN.

Although PN mitigation in OFDM systems is not new [16],
no systematic study focuses on accurately modeling and miti-
gating PN in cell-free mMIMO OFDM systems, considering
both separate and shared LO scenarios. In response to this
research gap, this paper examines the impact of PN on uplink
cell-free mMIMO OFDM systems. Specifically, we aim to
investigate the effects of mismatched PN-aware solutions from
single-carrier models applied to OFDM models in cell-free
mMIMO networks, quantifying the impact on achievable rate
predictions and network parameters. Moreover, we propose new
PN-aware channel estimation algorithms for both separate and
common LO scenarios to mitigate uncorrelated and correlated
PN interference, where the latter is missing in the cell-free
mMIMO literature.

B. Contributions

Our specific contributions include:1

• Uplink OFDM signal model with both correlated and
uncorrelated PN in cell-free mMIMO: We develop an
uplink cell-free mMIMO OFDM signal model that incor-
porates both uncorrelated and correlated PN, by extending
the uncorrelated PN model from single-input single-output
(SISO) systems [16]. This OFDM model with PN fills a
gap in existing single-carrier signal model mMIMO studies
with PN [7], [8]. Our model accurately captures the impact
of PN on channel aging.

1This paper significantly expands upon our previous conference work [1]
by incorporating the shared common LO scenario, proposing a novel central-
ized estimator to address the PN correlation issue, and providing extensive
comparisons with the mismatched single-carrier estimator, demonstrating their
limitations and overly optimistic performance predictions in OFDM systems.

• Uplink achievable SE expression: We derive a novel
uplink achievable SE expression for cell-free mMIMO
OFDM networks under PN, which accurately reflectes
the actual impact of PN in OFDM models compared
to the single-carrier achievable SE expressions in [8].
This provides realistic performance predictions that guide
network design decisions about the number of APs and
UEs, LO quality, and power allocation.

• Centralized Channel and common phase error (CPE)
Estimator for Shared LO: We propose a centralized
channel and CPE estimator to address the correlated PN
problem in the case of a shared common LO among
APs. This estimator alternates between distributed chan-
nel estimation and centralized LMMSE CPE estimation,
improving the accuracy by exploiting the PN correlation.

• Two Distributed PN-Aware Channel and CPE Esti-
mators for Separate LOs: We propose two distributed
channel estimators for scenarios with separate LOs among
APs. The first estimator, based on LMMSE, jointly es-
timates the channel and CPE, demonstrating enhanced
performance compared to the single-carrier estimator [7],
[8] across various OFDM scenarios. The second is a deep
learning (DL)-based estimator, serving as an initializer
for the centralized estimator. This estimator improves the
accuracy of channel estimation and decreases the number
of iterations needed for the centralized estimator.

C. Paper Outline and Notation

The remainder of this paper is organized as follows. Section
II covers preliminaries, including the channel model and pilot
assignment in the cell-free mMIMO OFDM network. Section
III details the system model, encompassing the PN model and
both accurate and mismatched signal models under PN. Section
IV describes the proposed distributed PN-aware LMMSE joint
channel and CPE estimator and the deep learning channel esti-
mator. Section V introduces the centralized alternative channel
and CPE estimator. Section VI derives a novel achievable uplink
SE expression. Section VII provides simulation results, compar-
ing the proposed estimators with existing methods, highlighting
improvements in SE and channel estimation accuracy, and
exposing the optimistic bias of the mismatched signal model.
Finally, Section VIII concludes with key findings and future
research directions.

Lowercase and uppercase boldface letters, e.g., x and X ,
denote column vectors and matrices. The superscripts T, ∗,
H, and † denote transpose, conjugate, conjugate transpose, and
pseudo-inverse, respectively. Variables with a check mark ,̌ e.g.,
x̌, are in the time-domain. x̌n is the n-th time sample in the
time-domain, and xn is the n-th subcarrier in the frequency-
domain. The N × N identity matrix is IN , and diag(x) is a
diagonal matrix with x on the diagonal. The expected value of
x is E{x}.

II. PRELIMINARIES

We consider a cell-free OFDM network comprising L randomly
distributed single-antenna APs, connected to a CPU via a fron-
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Fig. 1: Illustration of coherence block r on the time-frequency plane with τcNc

channel uses, where τp = 20 are for pilot transmission using pilot sequence
s

p
tk

∈ C20 for UE k, following pilot pattern PP1 and PP2 with a pilot sample

s
(τ)
tk,n

at subcarrier n and OFDM symbol τ .

thaul network and serving K single-antenna UEs.2 Each OFDM
symbol consists of N subcarriers with spacing ∆f . A cyclic
prefix (CP) length of NCP is considered. The signal bandwidth
is W = N∆f so that the sampling time is Ts = 1/W . The
OFDM symbol time is T = (N +NCP)Ts.

A. Block Fading Channel Model

The time-domain channel ȟk,l = [ȟk,l,0, · · · , ȟk,l,Q−1]
T be-

tween UE k and AP l is modeled as a Q-tap finite impulse
response filter. The frequency-domain channel is obtained by
an N -point discrete Fourier transform (DFT) on ȟk,l. We adopt
the mMIMO TDD protocol from [17], which assumes that the
time-frequency resources are divided into coherence blocks with
time-invariant and frequency-flat channels within each block.
This is shown in Fig. 1 for an arbitrary coherence block r with
two different pilot patterns. Each coherence block has coherence
time Tc = τcT and coherence bandwidth Wc = Nc∆f , span-
ning over τc OFDM symbol time and Nc subcarriers. The total
number of samples in a coherence block is (τcNc), including
τp pilot samples and (τcNc − τp) data samples. Subcarriers in
each OFDM symbol are divided into R = ⌈N/Nc⌉ coherence
blocks, with the subcarrier set in block r ∈ {1, · · · , R} given
by Rr = {(r − 1)Nc, · · · , rNc − 1}. The frequency-domain
channel between UE k and AP l over subcarrier n ∈ Rr is
denoted by hk,l,n ∼ NC(0, βk,l), where βk,l is the large-scale
fading coefficient.

Under the coherence block fading channel model, we have
hk,l,n1

= hk,l,n2
for n1, n2 ∈ Rr and all τc OFDM symbols.

Channels of different UEs, APs, and coherence blocks are
uncorrelated [4], [17], i.e.,

E{hk1,l,nhk2,l,n} = E{hk,l1,nhk,l2,n} = 0 (1)
for k1 ̸= k2, or l1 ̸= l2, and E{hk,l,n1

hk,l,n2
} = 0 for n1, n2 /∈

Rr.

2A single-antenna configuration for both APs and UEs is valid for cell-free
mMIMO, as analyzed in [15]. In this setup, the many distributed antennas at the
APs collectively form a large virtual array, providing array gains comparable
to those in conventional cellular mMIMO systems, e.g. [15].

B. Uplink Pilot Assignment

We use a widely adopted cell-free mMIMO pilot book setup as
in [4], which includes τp orthogonal pilot sequences of length τp
in the frequency domain. These pilot sequences are grouped into
a pilot set Sp = {sp

1, s
p
2, . . . , s

p
τp}, where sp

t ∈ Cτp , ∥sp
t∥2 = τp,

and s
pH
t1 s

p
t2 = 0 for t1 ̸= t2. Each UE distributes its pilot

sequence using the same pilot pattern in a coherence block as
shown in Fig. 1. When K > τp, UEs have to share pilots, which
leads to pilot contamination [17]. For an arbitrary coherence
block r, the set of subcarrier and OFDM symbol indices used
for pilot transmission is denoted by Np = {n1, · · · , nτp} ⊆ Rr,
and Tp = {τ1, · · · , ττp} ⊆ {1, · · · , τc}, respectively. The set of
remaining subcarrier indices for data transmission is denoted
by Nd = Rr\Np. UE k is assigned with pilot sequence
sp
tk

∈ Sp, which is distributed in a coherence block over
pilot subcarriers n ∈ Np and OFDM symbols τ ∈ Tp, i.e.,
sp
tk

= [s
(τ1)
tk,n1

, · · · , s(τp)tk,nτp
]T. The τ -th OFDM symbol of UE k

is s
(τ)
tk

∈ CN , which consists of both pilot and data samples.

III. PHASE NOISE-IMPAIRED CELL-FREE MMIMO OFDM

A. Phase Noise Model

Imperfect hardware in APs and UEs prevents phase synchro-
nization between APs. Even with perfect synchronization, PN
would persist, varying over time due to LOs disparities. We
model this PN in both time and frequency domains, considering
separate and common LOs across APs.

1) Phase Noise in the Time-Domain

The PN ϕ̌
(τ)
l,n and φ̌

(τ)
k,n from the free-running LOs of AP l and

UE k, respectively, of time sample n and OFDM symbol τ , can
be modeled as discrete-time Wiener processes [16, Eq. (7)]:

ϕ̌
(τ)
l,n = ϕ̌

(τ)
l,n−1 + δ̌ϕl

n , (2)

φ̌
(τ)
k,n = φ̌

(τ)
k,n−1 + δ̌φk

n , (3)

where δ̌ϕl
n ∼ N (0, σ2

ϕl
) and δ̌φk

n ∼ N (0, σ2
φk

) with variance
σ2
i = 4π2f2

c γiTs, for i ∈ {ϕl, φk}. (4)
Here, fc and γi denote the carrier frequency and a constant
describing the oscillator quality. Note that different APs and
UEs may have different qualities. For simplicity, from now on
we assume that all APs have the same quality LOs, and all UEs
also have the same quality LOs. The uplink received PN from
UE k and AP l at time-domain sample m of OFDM symbol τ
are combined as

θ̌
(τ)
k,l,n = φ̌

(τ)
k,n + ϕ̌

(τ)
l,n . (5)

The vector form for the whole OFDM symbol τ is denoted
by θ̌

(τ)
k,l = [θ̌

(τ)
k,l,0, · · · , θ̌

(τ)
k,l,N−1]

T. Considering the CP, the
combined time-domain PN of UE k and AP l can be modeled
as θ̌(τ1)k,l,n1

= θ̌
(τ2)
k,l,n2

+N (0, |(τ1−τ2)(N+NCP)+n1−n2|(σ2
φk

+

σ2
ϕl
)). The time-domain multiplicative PN that affects the carrier

signal is exp(jθ̌
(τ)
k,l,n), and its vector form for OFDM symbol

τ is denoted by exp (jθ̌
(τ)
k,l ).

Proposition 1. The auto-correlation of the PN from UE k and
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AP l is

E{ejθ̌
(τ1)

k,l,n1 e−jθ̌
(τ2)

k,l,n2 } = e−
σ2
φk

+σ2
ϕl

2 (|(τ1−τ2)(N+NCP)+n1−n2|).
(6)

Proof. It follows by generalizing equation (19) in [16] to the
case with multiple OFDM symbols.

Proposition 2. The correlation of PN between different UEs
(k1 ̸= k2) and APs (l1 ̸= l2), for APs with separate LOs, is

E{ejθ̌
(τ1)

k1,l1,n1 e−jθ̌
(τ2)

k2,l2,n2} = E{ejθ̌
(τ1)

k1,l1,n1}E{e−jθ̌
(τ2)

k2,l2,n2 },
(7)

and for APs with a shared common LO is

E{ejθ̌
(τ1)

k1,l1,n1 e−jθ̌
(τ2)

k2,l2,n2} = e−
σ2
ϕl
2

(
|(τ1−τ2)N+n1−n2|

)
× e−

σ2
φk1
2 (τ1N+n1)−

σ2
φk2
2 (τ2N+n2), (8)

where E{ejθ̌
(τ1)

k1,l1,n1} and E{ejθ̌
(τ2)

k2,l2,n2 } in (7) are given by [18]

E{ejθ̌
(τ)
k,l,n} = e−

σ2
φk

+σ2
ϕl

2 (τ(N+NCP)+n), (9)
and the subscripts l1 and l2 in (8) are omitted since AP l1 and
l2 share the same PN process when they share a common LO.

Proof. Equation (7) follows since the PN between APs and UEs
are uncorrelated. Equation (8) arises from the correlated PN at
APs with a shared LO.

2) Phase Noise in the Frequency-Domain

For any OFDM symbol τ , the multiplicative PN exp(jθ̌(τ)
k,l ) ∈

CN in the time-domain is equivalent to the convolutional
frequency-domain phase-drift vector J

(τ)
k,l ∈ CN , whose i-th

entry J
(τ)
k,l,i, for i = −N/2, · · · , N/2− 1, is given by [16, Eq.

(6)]

J
(τ)
k,l,i =

1

N

N−1∑
n=0

ejθ̌
(τ)
k,l,ne−j2πni/N . (10)

For i = 0, the phase-drift

J
(τ)
k,l,0 =

1

N

∑
n

ejθ̌
(τ)
k,l,n (11)

is known as the CPE [16] since it is common to all subcarriers.
The other non-zero phase-drifts J

(τ)
k,l,i for i ̸= 0 lead to

intercarrier interference (ICI). Using (9), the expected value of
J
(τ)
k,l,i can be calculated as

E{J (τ)
k,l,i} ≜ J̄

(τ)
k,l,i =

1

N

N−1∑
n=0

e−
σ2
φk

+σ2
ϕl

2 (τN+n)e
−j2πni

N . (12)

For the same UE k and AP l, the correlation between J
(τ1)
k,l,i1

and J
(τ2)
k,l,i2

is calculated as

E{J (τ1)
k,l,i1

J
∗(τ2)
k,l,i2

} ≜ B
(τ1−τ2)
k,l,i1,i2

=

1

N2

N−1∑
n1=0

N−1∑
n2=0

E{ejθ̌
(τ1)

k,l,n1 e−jθ̌
(τ2)

k,l,n2 }e
−j2π(n1i1−n2i2)

N , (13)

where E{ejθ̌
(τ1)

k,l,n1 ejθ̌
(τ2)

k,l,n2} is obtained from (6). For different
UEs (k1 ̸= k2) and APs (l1 ̸= l2), we can calculate the

correlation between J
(τ1)
k1,l1,i1

and J
∗(τ2)
k2,l2,i2

as

E{J (τ1)
k1,l1,i1

J
∗(τ2)
k2,l2,i2

} ≜ B̆
(τ1−τ2)
k1,k2,l1,l2,i1,i2

1

N2

N−1∑
n1=0

N−1∑
n2=0

E{ejθ̌
(τ1)

k1,l1,n1 e−jθ̌
(τ2)

k2,l2,n2}e
−j2π(n1i1−n2i2)

N , (14)

where E{θ̌(τ1)k1,l1,n1
θ̌
(τ2)
k2,l2,n2

} can be obtained from (7) for sepa-
rate LOs and from (8) for a shared LO, respectively.

B. Signal Model with Phase Noise

We begin by presenting the PN-impaired uplink OFDM signal
model for a single symbol in Section III-B1 and then extend
it to a vector form in Section III-B2 that covers pilot symbols
across multiple OFDM symbols.

1) Signal Model for an OFDM Symbol

For UE k, the m-th time-domain sample of τ -th OFDM
symbol is obtained by an IDFT on s

(τ)
tk

as š
(τ)
tk,n

=
1√
N

∑N−1
n=0 s

(τ)
tk,n

exp (j2πnm/N), and its vector form for the

whole OFDM symbol τ is denoted by š
(τ)
tk

∈ CN . With
the time-domain multiplicative PN diag(exp (jθ̌(τ)

k,l )), the time-
domain received signal y̌(τ)

l ∈ CN at AP l for the τ -th OFDM
symbol is

y̌
(τ)
l =

K∑
k=1

√
pkdiag(ejθ̌

(τ)
k,l )(ȟk,l ⊛ š

(τ)
tk

) + w̌
(τ)
l , (15)

where pk ≥ 0 is the transmit power of UE k, ⊛ denotes the
circular convolution, and w̌

(τ)
k,l ∼ NC(0, σ

2IN ) denotes the
thermal noise. By applying a N -point DFT to both sides of
(15), the frequency-domain received signal at AP l, y(τ)

l , is

y
(τ)
l =

K∑
k=1

√
pkJ

(τ)
k,l ⊛ (hk,l ⊙ s

(τ)
tk

) +w
(τ)
l , (16)

where ⊙ denotes the Hadamard product, and the thermal noise
follows the same distribution, w

(τ)
l ∼ NC(0, σ

2IN ). The
elements of the phase-drift J (τ)

k,l are defined in (10). The n-th
element, y(τ)l,n , of y

(τ)
l in (16) is the frequency-domain sample

received on subcarrier n. It can be decomposed as [16, Eq. (5)]

y
(τ)
l,n =

∑K

k=1

(√
pk

∑N−1

ȷ=0
J
(τ)
k,l,n−ȷhk,l,ȷs

(τ)
tk,ȷ

)
+ w

(τ)
l,n

=
∑K

k=1

(√
pks

(τ)
tk,n

J
(τ)
k,l,0hk,l,n︸ ︷︷ ︸
≜h

(τ)
k,l,n

+
√
pk

∑N−1

ȷ=0
ȷ ̸=n

s
(τ)
tk,ȷ

J
(τ)
k,l,n−ȷhk,l,ȷ︸ ︷︷ ︸

≜ζ
(τ)
k,l,n

)
+ w

(τ)
l,n ,

=

K∑
k=1

(√
pks

(τ)
tk,n

h
(τ)
k,l,n + ζ

(τ)
k,l,n

)
+ w

(τ)
l,n , (17)

where
h
(τ)
k,l,n ≜ J

(τ)
k,l,0hk,l,n (18)
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is the time-varying effective channel and

ζ
(τ)
k,l,n =

√
pk

N−1∑
ȷ=0,ȷ ̸=n

s
(τ)
tk,ȷ

J
(τ)
k,l,n−ȷhk,l,ȷ (19)

is the ICI component over subcarrier n and OFDM symbol
τ . The variance of the effective channel is Var(h(τ)

k,l,n) =

E{|J (τ)
k,l,0|2}E{|hk,l,n|2} = B

(0)
k,l,0,0βk,l. Within an arbitrary

coherence block r, the effective channels are the same only
for subcarriers in the same OFDM symbol,

h
(τ1)
k,l,n1

= h
(τ1)
k,l,n2

, for {n1, n2} ∈ Rr, (20)

h
(τ1)
k,l,n1

̸= h
(τ2)
k,l,n2

, for {n1, n2} /∈ Rr, or τ1 ̸= τ2. (21)

Note that the CPE coefficient J (τ)
k,l,0 of OFDM symbol τ is the

same for all subcarriers.

2) Signal Model for All Pilots
Focusing on coherence block r, i.e., subcarriers n ∈ Rr,
the received τp-length pilot vector at AP l can be collected
following (17) as

yp
l ≜ [y

(τ1)
l,n1

, · · · , y(τp)l,nτp
]T ∈ Cτp , (22)

=

K∑
k=1

(
√
pks

p
tk

⊙ hE-p
k,l + ζp

k,l) +wl, (23)

where the effective channel vector between UE k and AP l for
τp pilots is defined as

hE-p
k,l ≜ [h

(τ1)
k,l,n1

, · · · , h(τp)
k,l,nτp

]T = Jp
k,lhk,l,n, (24)

and the ICI vector for τp pilots is denoted by ζp
k,l =

[ζ
(τ1)
k,l,n1

, · · · , ζ(τp)k,l,nτp
]T ∈ Cτp . The effective channel vector

for pilots, hE-p
k,l , consists of the CPE vector for τp OFDM

symbols with pilots, Jp
k,l ≜ [J

(τ1)
k,l,0, · · · , J

(τp)
k,l,0]

T ∈ Cτp , and
the channel hk,l,n with n representing an arbitrary subcarrier
∈ Rr due to (20). Additionally, for all τc OFDM symbols in
the coherence block r, the corresponding CPE and effective
channel vector is defined as J c

k,l ≜ [J
(1)
k,l,0, · · · , J

(τc)
k,l,0]

T ∈ Cτc ,
and hE-c

k,l ≜ [h
(1)
k,l,n, · · · , h

(τc)
k,l,n ]

T ∈ Cτc , respectively.
The channel vector from UE k to all L APs over subcarrier

n ∈ Rr is collected as
hk,n ≜ [hk,1,n, · · · , hk,L,n]

T ∈ CL. (25)
Collecting hk,n for all K UEs, the channels between K UEs
and L APs over subcarrier n ∈ Rr is

hn ≜ [hT
1,n, · · · ,hT

K,n]
T ∈ CLK . (26)

The CPE vector for pilot OFDM symbols between all L APs
and UE k is

Jp
k ≜ [JpT

k,1, · · · ,J
pT
k,L]

T ∈ CτpL, (27)

and the ICI vector collected from all L APs is ζp
k ≜

[ζpT
k,1, · · · , ζ

pT
k,L]

T ∈ CτpL. In the case of a common LO shared
by all APs, the CPE vector (27) reduces to Jp

k = 1L×1 ⊗Jp
k,1.

Finally, the received pilots at all L APs are collected as
yp ≜ [ypT

1 , · · · ,ypT
L ]T ∈ CLτp , (28)

which can be expressed as (following (23))

yp =

K∑
k=1

(√
pk(hk,n ⊗ sp

tk
)⊙ Jp

k + ζp
k

)
+w, (29)

where ⊗ denotes the Kronecker product.

C. Mismatched Signal Model with Phase Noise
The works [7], [8], [11], [12] analyze the impact of PN for
single-carrier systems under the single-carrier time-domain PN
model. Applying these solutions to OFDM systems can lead to
inaccurate channel estimators, uplink combiners, and downlink
precoders, thereby impacting system performance. Also, this
model mismatch results in overly optimistic conclusions, such
as achievable rate predictions, due to underestimating the impact
of PN. Next, we analyze how this PN mismatch in OFDM
systems affects the modeling of channel aging effects within a
coherence block.

Specifically, applying the time-domain single-carrier PN
model to the frequency-domain OFDM signal model leads to
the mismatched signal model

y
(τ)
l =

K∑
k=1

√
pkdiag(ejθ̌

(τ)
k,l )(hk,l ⊙ s

(τ)
tk

) +w
(τ)
l . (30)

The corresponding mismatched signal model for sample y
(τ)
l,n

received over subcarrier n can be decomposed as

y
(τ)
l,n =

K∑
k=1

(√
pk e

jθ̌
(τ)
k,l,nhk,l,n︸ ︷︷ ︸
≜ḧ

(τ)
k,l,n

s
(τ)
tk,n

)
+ w

(τ)
l,n , (31)

where the mismatched effective channel, compared to h
(τ)
k,l,n

in (18), is defined as

ḧ
(τ)
k,l,n ≜ ejθ̌

(τ)
k,l,nhk,l,n. (32)

One critical issue with the mismatched channel model is that
it indicates that ḧ

(τ)
k,l,n varies across different subcarriers even

within the same coherence block and OFDM symbol, i.e.,
ḧ
(τ1)
k,l,n1

̸= ḧ
(τ1)
k,l,n2

̸= ḧ
(τ2)
k,l,n1

, for {n1, n2} ∈ Rr, τ1 ̸= τ2, (33)
which differs from (20) and (21). Another critical issue is
the incorrect noise statistics due to ignoring the ICI compo-
nent. This arises from applying the time-domain PN model
to the frequency-domain signal model. Consequently, deriving
channel estimation schemes based on the mismatched signal
model (31) leads to mismatched PN-aware channel estimators
as in [7], [8], [11]–[13] in OFDM systems. This subsequently
results in mismatched uplink combiners and reciprocity-based
downlink precoders.

The aforementioned mismatch disappears in a single carrier
system (i.e., N = 1), where the PN model is equivalent in both
time and frequency domains, i.e., ejθ

(τ)
k,l,0 = J

(τ)
k,l,0 and J

(τ)
k,l,n =

0. In this case, the mismatched effective channel ḧ(τ)
k,l,0 = h

(τ)
k,l,0,

and the ICI component in (17) disappears, reducing (17) to:

y
(τ)
l,0 =

K∑
k=1

(√
pk J

(τ)
k,l,0hk,l,n︸ ︷︷ ︸

=h
(τ)
k,l,0=ḧ

(τ)
k,l,n

s
(τ)
tk,n

)
+ w

(τ)
l,n , (34)

which is equivalent to (31).

IV. PN-AWARE DISTRIBUTED CHANNEL ESTIMATION

Next, we derive a distributed PN-aware joint channel and CPE
linear minimum mean square error (LMMSE) estimator for
scenarios with separate LOs between APs. Additionally, we
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introduce a distributed PN-aware DL channel estimator that
uses PN-impaired pilots for channel estimation. This nonlinear
estimator is used to initialize the centralized estimator, which
will be detailed in Section V.

A. Distributed Joint Channel and CPE Estimation
From (17) and (18), it is evident that despite using a block
fading channel model, PN causes the effective channel h

(τ)
k,l,n

to vary with each OFDM symbol τ , a phenomenon known
as channel aging. Therefore, within each coherence block, the
channel estimation needs to be performed for each OFDM
symbol (a total of τc times) rather than for each channel use (a
total of τcN times) as suggested by the works for single-carrier
systems [7], [8], or just a single time as suggested in systems
without PN [4], [15].

We now derive an estimator of the effective channel h(τ)
k,l,n

for any subcarrier n ∈ Rr and OFDM symbol τ ∈ {1, · · · , τc}.
The conventional MMSE estimation is challenging because
the received observations (29) and channels (26) are not
jointly Gaussian distributed due to the non-Gaussian distributed
CPE (27). Therefore, we derive an LMMSE estimator based
on [19].

Lemma 1. The LMMSE estimate of h
(τ)
k,l,n based on yp

l

from (23) is
ĥ
(τ)
k,l,n =

√
pkβk,ls

H
tk
B́

(τ)
k,l Ψ

−1
l yp

l , (35)
where

B́
(τ)
k,l = diag

([
B

(τ−τ1)
k,l,0,0 , · · · , B(τ−τp)

k,l,0,0

]T)
(36)

Ψl =
∑K

k′=1
pk′βk′,lΦk′ +ZICI

l + σ2Iτp (37)

[Φk′,l]τ1,τ2 = s
(τ1)
tk′ ,n1

s
∗(τ2)
tk′ ,n2

B
(τ1−τ2)
k′,l,0,0 . (38)

Here B
(τ1−τ2)
k,l,0,0 in (36) and (38) are defined in (13) and ZICI

l

is a diagonal matrix defined in (58) in Appendix A. In (35),
the estimated effective channel ĥ

(τ)
k,l,n is identical across all

subcarriers for a given OFDM symbol τ and coherence block
r.

Proof. See Appendix A.

In the ideal case of no PN, resulting in B́
(τ)
0,0 = Iτp and

ZICI
l = 0, the received samples and channels are jointly Gaus-

sian distributed. Consequently, the LMMSE estimator (35) be-
comes equivalent to the optimal MMSE estimator as in [4]. With
the LMMSE estimation, the channel estimation ĥ

(τ)
k,l,n is of zero

mean and variance ϵ
(τ)
k,l,n ≜ pkβ

2
k,ls

H
tk,n

B
(τ)
0,0Ψ

−1
l B

H,(τ)
0,0 stk,n,

and the channel estimation error h̃
(τ)
k,l,n ≜ h

(τ)
k,l,n − ĥ

(τ)
k,l,n is of

zero mean and variance c
(τ)
k,l,n ≜ βk,lB

(0)
0,0 − ϵ

(τ)
k,l,n.

Remark 1. The uncorrelated and zero-mean channels between
each AP and UE make the distributed joint channel and CPE
LMMSE estimator (35) equal to its centralized version, as it
cannot exploit PN correlation (see Appendix A). Hence, despite
feeding all observations yp from all APs, the estimator in
Lemma 1 still uses only the specific observations yp

l for each
AP l. Note that even with separate LOs, PN at APs is correlated
for PN from the same UEs.

Remark 2. The PN-aware LMMSE estimator in (35) is different
from the one in [7], [8], [11]–[13] as a multi-carrier PN model
is considered instead of a single-carrier PN model, which leads
to different impacts of PN statistics in (36) and (37).

B. Distributed Deep Learning Channel Estimation

The LMMSE estimator (35) is a linear estimator, but under PN,
a DL-based nonlinear estimator can outperform it, as demon-
strated for power amplifier nonlinearities [20] and joint channel
and PN estimation [21]. However, joint estimation requires true
channel and PN data for training, which is practically infeasible
to obtain separately. While real channels can be measured,
obtaining true PN separately is practically infeasible. To address
this, we propose a PN-aware DL estimator that focuses solely
on channel estimation, using PN-impaired received pilots, thus
eliminating the need for real PN data.

There are several neural network (NN) architectures in the
literature for channel estimation, including convolutional neural
network [22]–[24] and fully connected NNs [20]. Here, we
focus on a simpler approach using a fully connected NN
with three dense layers containing M1, M2, and 2K neurons,
respectively. Additionally, it incorporates residual connections,
a technique known to enhance learning speed in various appli-
cations [25], [26]. The structure of the DL estimator is shown
in Fig. 2. Specifically, an arbitrary AP l is equipped with a DL
estimator fα(·) that takes the received pilot vector yp

l as input
and produces the channel estimates ĥl,n between K UEs and
AP l at subcarrier n ∈ Rr as the output

ĥl,n = fα(y
p
l ). (39)

Here, fα(·) represents the underlying function of the DL esti-
mator, which includes the NN layers and activation functions.
The learnable parameters, including the weights and biases, are
denoted by α, and are trained using a mean square error (MSE)
loss function between the NN output, {ĥk,l,n} and the true
channels, {hk,l,n}, given by

L(ĥl,n,hl,n) = E
{∣∣ĥk,l,n − hk,l,n

∣∣2} , (40)

where the expectation is computed by averaging over all K UEs
and all samples in a mini-batch.

Remark 3. We train the DL estimators on a diverse set of
channel realizations sampled from a specific distribution before
deployment. This approach ensures that they do not rely on
a single channel condition and can generalize effectively to
new, unseen channels from the same channel distribution, even
in rapidly changing environments. Re-training is required if
the channel distribution changes. While this requires extensive
training data, fine-tuning a pre-trained estimator for simi-
lar scenarios can significantly reduce training overhead, as
demonstrated in [20]. This approach alleviates the re-training
issue when the scenario changes, such as variations in UE
powers and PN variances. Training can be performed either
distributively at each AP or centrally at the CPU. In the
centralized approach, the CPU distributes trained parameters
to each AP, enabling distributed inference.
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TABLE I: Computational complexity per coherence block for different channel and PN estimators for a generic UE k when using the MMSE combining (51).
Only complex multiplications and complex divisions are considered. Mk is defined in (67).

Estimator Channel estimation PN estimation
PN-unaware distributed channel MMSE [4, Eq. (3)] (τp + 3)K|Mk| —

Distributed joint channel and PN LMMSE [8, Eq.(12)] (τ2p + 3τp)(τcNc − τp)K|Mk|
Distributed joint channel and CPE LMMSE (35) (τ2p + 3τp)τcK|Mk|

Centralized joint channel and CPE
estimator in Algorithm 1

Distributed channel DL (39) ((2τpM1 +M1M2 + 2M2K)/4)|Mk| —
Distributed channel LMMSE (46) (τ2p + 3τp)K|Mk|NIter —

Centralized CPE LMMSE (41) — ((L2τ2p + Lτp) + LτpKτc|Mk|)NIter

TABLE II: Number of complex scalars that a generic AP l needs to exchange with the CPU over the fronthaul in each coherence block for different channel
and PN estimators when using the MMSE combining (51). Dl is defined in (68).

Estimator Pilot signals or channel/PN estimates Data signals
PN-unaware distributed channel MMSE [4, Eq. (3)] τp or |Dl| τcNc − τp

Distributed joint channel and PN LMMSE [8, Eq.(12)] τp or |Dl|(τcNc − τp) τcNc − τp
Distributed joint channel and CPE LMMSE (35) τp or |Dl|τc τcNc − τp

Centralized joint channel and CPE
estimator in Algorithm 1

Distributed channel DL (39) τp or |Dl| τcNc − τp
Distributed channel LMMSE (46) τp or (|Dl|+ |Dl|τp)NIter τcNc − τp

Centralized CPE LMMSE (41) τp τcNc − τp

C
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en

se
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eL
u)

D
en

se
(M

2
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D
en

se
(2
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in
ea

r)

R
2
C

fα(yp
l)

yp
l

Residual Connection

ĥl,n

Fig. 2: Structure of the DL channel estimator fα(·) using a fully-connected
NN. The C2R and R2C blocks convert between complex and real signals.

V. PN-AWARE CENTRALIZED CHANNEL ESTIMATION

We derive a centralized PN-aware channel and CPE estimator
that alternates between a distributed channel estimator and a
centralized CPE estimator, effectively exploiting phase correla-
tion in shared common LO scenarios.

In cell-free mMIMO networks, PN can be correlated across
APs, due to originating from the same UEs or a shared LO
of APs. The correlated PN introduces correlated interference,
significantly degrading the performance of centralized combin-
ing if the PN correlation is not exploited, as shown in [7], [8].
To address the correlated PN interference issue, we propose a
novel centralized estimator that exploits PN correlation between
APs. Our approach employs an iterative process that alternates
between:

1) distributed LMMSE estimation for channel optimization;
2) centralized LMMSE estimation for CPE optimization.

To enhance convergence speed, we initialize the process using
the DL-based channel estimator (39). This estimator provides
superior initial estimates under PN conditions compared to
traditional LMMSE methods, thereby reducing the number
of iterations required for the centralized channel and CPE
estimation.

A. Centralized LMMSE CPE Estimation given Channels
Based on the collected pilots yp at the CPU and the channel
estimates ĥn from an arbitrary channel estimator, we derive a
centralized estimator of the CPEs {J (τ)

k,l,0} for any UE k, AP l,

subcarrier n ∈ Rr, and OFDM symbol τ ∈ {1, · · · , τc}. The
conventional MMSE estimation is difficult to compute since
the CPEs are not Gaussian distributed. Moreover, leveraging
the fact that the CPE is amplitude constrained (|J (τ)

k,l,0| < 1),
we propose a constrained LMMSE estimator that bounds each
estimate [27].

Lemma 2. Given arbitrary channel estimates ĥn of (26), the
centralized constrained LMMSE estimate of {J (τ)

k,l,0} in (27)
based on yp in (29) is given by

Ĵ
(τ)
k,l,0 = g

(
J̄
(τ)
k,l,0 + b

T(τ)
k,l Ψ̆−1(yp − ȳp)

)
(41)

where

ȳp =
[
ȳpT
1 , · · · , ȳpT

L

]T
, (42)

ȳp
l =

K∑
k′=1

√
p′kst′ke

−
σ2
φk

+σ2
ϕl

2 ĥk′,l,n, (43)

[
b
(τ)
k,l

]
τ ′l′

=

K∑
k′=0

√
pk′ ĥ∗

k′,l′,nτ′ s
∗(τ ′)
tk′ ,n1

B̆
(τ−τ ′)
k,k′,l,l′,0,0. (44)

Here, J̄ (τ)
k,l,0 and Ψ̆ are defined in (12) and (61), respectively.

The constraint function g(·) with amplitude thresholds κmin and
κmax is defined as

g(x) =
x

|x|
×max (κmin,min (|x|, κmax)) . (45)

Proof. See Appendix C.

Without constraint g(·), the CPE estimation Ĵ
(τ)
k,l,0 is of mean

J̄
(τ)
k,l,0 and variance ϵ̆

(τ)
k,l ≜ b

(τ)
k,l Ψ̆

−1
l b

H(τ)
k,l , and the channel

estimation error J̃
(τ)
k,l,0 ≜ J

(τ)
k,l,0 − Ĵ

(τ)
k,l,0 is of zero mean and

variance c̆
(τ)
k,l,n ≜ B

(τ−τ)
0,0 − ϵ̆

(τ)
k,l .

Remark 4. Without the constraint g(·), the LMMSE estimate of
the CPEs is Gaussian distributed with zero mean, which differs
from the actual distribution of the CPEs. The additional prior
information beyond the mean and variance of CPEs brought by
amplitude limitation leads to improved accuracy via imposing
an additional constraint related to the amplitude.
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Algorithm 1: Proposed Centralized Alternating Channel
and CPE Estimation

Input: yp in (29).
Output: {Ĵ c

k,l}, {ĥk,l,n} for all k and l.
1 Initialization: Set i = 0. Initial the channel estimate

{ĥ0
k,l,n} by distributed LMMSE (46) or DL

estimator (39); Initial PN to zero for all k, l, and n.
2 for i=1:NIter do
3 Update {Ĵ c,i

k,l}: Centralized LMMSE CPE estimation
by (41) given {ĥi−1

k,l,n}.
4 Update {ĥi

k,l,n}: distributed LMMSE channel
estimation by (46) given {Ĵp,i

k,l} from step 3.

5 return {Ĵ c
k,lĥk,l,n};

Remark 5. The value of the upper and lower thresholds (κmin
and κmax) of the constraint function g(·) depends on the PN
variance and the OFDM symbol index. Higher PN variance or
later OFDM symbols increase the absolute phase of the PN,
resulting in many CPEs with smaller amplitudes.

B. Distributed LMMSE Channel Estimation Given CPEs

Lemma 3. Given CPE estimates Ĵp
k,l, the distributed LMMSE

estimate of hk,l,n based on yp
l is

ĥk,l,n =
√
pkβk,l(stk ⊙ Ĵp

k,l)
HΨ̃−1

l yp
l , (46)

where

Ψ̃l =
∑K

k=1
pkβk,lΦ̃k +ZICI

l + σ2Iτp (47)

[Φ̃k]τ1,τ2 = s
(τ1)
tk,n1

s
∗(τ2)
tk,n2

Ĵ
(τ1)
k,l,0Ĵ

∗(τ2)
k,l,0 , (48)

and ZICI
l is defined in (58).

Proof. See Appendix D.

With the LMMSE estimation, the channel
estimation ĥk,l,n is of zero mean and variance
ϵ́k,l,n ≜ pkβ

2
k,ls

H
tk,n

Ĵp
k,lΨ̃

−1
l ĴHp

k,lstk,n, and the channel
estimation error h̃

(τ)
k,l,0 ≜ hk,l,n − ĥk,l,n is of zero mean and

variance ćk,l,n ≜ βk,l − ϵ́
(τ)
k,l . Compared to the distributed

joint LMMSE estimator (35), the estimator (46) estimates the
channel using the CPE estimates Ĵp

k,l. This introduces the new
term Ψ̃l compared to (37). The proposed centralized estimator
that alternates between CPE estimation and channel estimation
is in Algorithm 1. Algorithm 1 converges to a stationary point
of (64) (See proof in Appendix E).

VI. UPLINK DATA TRANSMISSION

In this section, we present a novel achievable SE expression
for uplink transmission under PN. We also analyze the com-
putational complexity and fronthaul overhead associated with
various channel and PN estimators when employing uplink
MMSE combining. The uplink data transmission model follows
the scalable cell-free mMIMO framework described in [1], [4],
with additional details provided in Appendix F.

A. Uplink Spectral Efficiency
The ergodic capacity for this setup with PN is unknown. We use
the use-and-then-forget (UatF) bound in cellular mMIMO [17,
Th. 4.4] and [3], [28], [29] for cell-free mMIMO to derive a
novel achievable uplink SE under PN.

Proposition 3. An uplink achievable SE of UE k over subcar-
rier n ∈ Nd is

SEk,n =
τcNc − τp

τcNc
× 1

τc

τc∑
τ=1

log2(1 + SINR(τ)
k,n), (50)

where SINR(τ)
k,n is the effective signal-to-interference-plus-noise

ratio (SINR) of UE k over subcarrier n, given in (49) with the
ICI term ρ

ICI,(τ)
k,n being defined in (73).

Proof. See Appendix G.

Note that the effective SINR in (50) varies for each OFDM
symbol τ due to the CPE introduced by the PN. The SE ex-
pression in (50) can be computed numerically for any combiner
v
(τ)
k,n using Monte Carlo methods.

B. Uplink Combining
In the context of cell-free mMIMO, common combiners are
MR, local-partial MMSE (LP-MMSE), MMSE, and partial
MMSE (P-MMSE) combinings, given as [4, Eqs. (19),(29),
(23), (20)]. Among the four combiners, the MMSE combiner
consistently demonstrates the highest performance, whereas the
MR combiner performs significantly worse in comparison. As
noted in [15], the MR combiner is not recommended for use
in cell-free mMIMO networks even without PN. Here we only
give the MMSE combiner

v
MMSE,(τ)
k,n = pk

( K∑
i=1

piĤ
D,(τ)
i,n +Z

(τ)
i,n

)†
Dkĥ

(τ)
i,n , (51)

where Ĥ
D,(τ)
i,n = Dkĥ

(τ)
i,n ĥ

H,(τ)
i,n Dk and Z

(τ)
i,n =

Dk

(∑K
i=1 piC

(τ)
i,n + σ2IL

)
Dk. Here, the channel estimates,

ĥ
(τ)
k,n ≜ [ĥ

(τ)
k,1,n, · · · , ĥ

(τ)
k,L,n]

T and the estimation error variance
{c(τ)k,l,n} are given by the estimators (35), (41), and (46)
depending on the underlying scenario. We refer to a combining
scheme as PN-aware or PN-unaware, based on the usage of
PN-aware or PN-unaware channel estimators.

C. Computational Complexity and Fronthaul Overhead
The MMSE combining in (51) is computed at the CPU, either
by using the channel and PN estimates provided by each AP
or by using pilots forwarded from each AP (then the estima-
tion is operated at the CPU). The computational complexity
per coherence block for different channel and PN estimators,
measured in complex multiplications and divisions, is presented
in Table I for a generic UE k. Additionally, the required
fronthaul overhead per AP l, measured in complex scalars,
is summarized in Table II. A detailed complexity analysis is
available in Appendix B. The results in Tables I and II highlight
that while the computational complexities of the channel and
PN estimators are not scalable as K → ∞, their fronthaul
overhead remains scalable in this limit. Furthermore, as shown
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SINR(τ)
k,n =

pk

∣∣∣E{
v
H,(τ)
k,n Dkh

(τ)
k,n

}∣∣∣2∑K
i=1 piE

{ ∣∣∣vH,(τ)
k,n Dkh

(τ)
i,n

∣∣∣2 }− pk

∣∣∣E{vH,(τ)
k,n Dkh

(τ)
k,n

} ∣∣∣2 + ρ
ICI,(τ)
k,n + σ2E

{ ∣∣∣Dkv
H,(τ)
k,n

∣∣∣2 } (49)

in [4, Table II], employing scalable combining schemes such
as P-MMSE or LP-MMSE ensures that all estimators listed in
Table I achieve scalability as K → ∞.

VII. NUMERICAL RESULTS

Numerical results are presented to evaluate and compare the
performance of the proposed solutions. Both APs and UEs are
equipped with single antennas. The simulation configurations
are shown in Table IV, along with references. These setups
allow for a comprehensive comparison with state-of-the-art
methods and an investigation of how different LO config-
urations affect performance. In particular, two scenarios are
considered:
• Scenario 1: Each AP operates with an independent LO,

resulting in uncorrelated PN across APs. In this case, we
evaluate the proposed distributed joint channel and CPE
estimator from equation (35).

• Scenario 2: APs share a common LO, resulting in correlated
PN among APs. We evaluate the proposed centralized joint
channel and CPE estimator, as described in Algorithm 1.

Note that the PN processes at the UEs are independent of the PN
processes at the APs in both scenarios. Scenario 1 resembles a
conventional cell-free mMIMO network [4], [8] while Scenario
2 resembles a radio stripe network [5], [6].

A. Metrics and Baselines

The uplink achievable SE (50) is evaluated with the MMSE (51)
combiner using five channel estimators. The evaluation includes
two pilot pattern, PP1 and PP2, depicted in Fig. 1. The first four
estimators are under the OFDM generative signal model with
PN (29) and the last one is under the single-carrier generative
signal model. We detail them in the following:
1) Unaware (Distr.): The PN-unaware distributed MMSE esti-

mator from [4], [6], [15], derived from a no-PN signal model
but applied to the PN-impaired generative model (29).

2) Mismatched (Distr.): The mismatched PN-aware LMMSE
estimator from [7], [8], originally derived from a single-
carrier PN-impaired signal model but applied to the OFDM
model (29), used as a Bayesian estimator benchmark.

3) Proposed (Distr.): The proposed distributed PN-aware
LMMSE estimator (35), derived from and applied to the
OFDM signal model (29).

4) Proposed (Centr.) w/ DL or w/ LMMSE: The proposed
centralized alternating channel and CPE estimator from
Algorithm 1, derived from and applied to the OFDM signal
model (29), initialized with the DL channel estimator (39)
or the LMMSE channel estimator (46), respectively.

5) Single-carrier (Distr.): The single-carrier PN-aware LMMSE
estimator from [7], [8] applied to the single-carrier PN-
impared signal model.

TABLE III: Parameter Setups for Deep Learning Channel Estimator
Parameter Value

Number of neurons (M1 = M2) 100
Training realizations 3000

Batch size 128
Optimizer Adam [30]

Initial learning rate 0.01
Learning rate drop factor 0.2

Drop frequency Every 50 epochs

TABLE IV: Parameter setups for two simulation scenarios.
Parameter Scenario 1 Scenario 2

AP LOs configuration Separate Shared

AP distribution Uniform in
1x1 km2 [4]

Equidistant on
0.5x0.5 km2 radio

stripe [5], [6]
UE distribution Unif.: 0.4x0.4 km2

Number of APs: L 200 Varied: 5 to 100
Number of UEs: K 5 2

LO coefficients: γϕl
= γφk∀k, l Varied: ≥ 10−17 [7], [8], [31]

Channel model Spatially correlated [4]
UE power and carrier freq.: pk , fc 100 mW [4], 2 GHz [7], [8]

OFDM Setup: N,∆f 667, 15kHz
BW and symbol time: W , Ts 10 MHz, 0.1 µs [7], [8]

Coherence block: Nc, τc,Wc, Tc 12, 20, 180 kHz, 1.33 ms
Number of pilots: τp 20 [6], [8]

Number of Monte Carlo
simulations

100

Table III presents the training details for the DL channel
estimator, whose dimensions including the number of layers and
neurons match those of the channel and PN estimators in [21].

B. Scenario 1: Separate LOs across APs
In Scenario 1, each AP has a separate LO, and the PN processes
at different APs are independent of each other. We evaluate the
performance of the proposed distributed joint channel and CPE
estimator in (35).

1) Impact of Pilot Patterns and Signal Model Mismatches

Fig. 3 shows the achievable SEs (50) as a function of the LO
quality coefficient (given in (4)) for both APs and UEs under
two pilot pattern schemes, PP1 and PP2, in the first coherence
block. Based on the OFDM generative signal model with
PN (29), the achievable SEs are computed using the MMSE
combining (51) based on the first three distributed channel
estimators outlined in Section VII-A. Additionally, the single-
carrier channel estimator under the single-carrier generative
signal model is also shown. The no-PN case of the PN-unaware
MMSE estimator from [4], [6], [15], under a no-PN generative
signal model is also shown.

Fig. 3 shows the negative impact of LO quality on the
achievable SE in cell-free mMIMO, in comparison to the study
on cellular mMIMO [31]. The results can also be interpreted
as the impact of higher carrier frequencies, with fc = 4 GHz
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Fig. 3: Scenario 1 with separate LOs and pilot patterns PP1 and PP2.
Uplink achieveable SE per UE versus the AP and UE LO quality coefficients
γϕl

= γφk for the MMSE combining with the proposed distributed PN-aware
LMMSE (35), single-carrier PN-aware LMMSE [8] under OFDM (mismatched)
and single-carrier generative models, and PN-unaware MMSE [4] estimators.
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and 6 GHz matching the results of γϕ = 0.2 × 10−16 and
0.9×10−16, respectively. Pilot pattern PP2 yields notably lower
achievable SEs compared to PP1, as it lacks measurements
for the effective channels of OFDM symbols from 3 to 20.
The proposed PN-aware estimator, derived from the OFDM
signal model, achieves the highest achievable SEs, with its
advantage over the mismatched scheme growing as LO quality
decreases in PP1. In contrast, the single-carrier estimator [8],
now mismatched under the OFDM generative signal model,
performs less effectively. Additionally, when applied to the
single-carrier generative signal model, this estimator produces
significantly higher achievable SE predictions than under the
OFDM generative signal model, showing an optimism bias
of at least 40% and 300% for PP1 and PP2, respectively, as
highlighted by the green and blue areas. The gaps suggest
that the single-carrier method overestimates its performance
in OFDM systems. In summary, our findings reveal two key
issues with the use of single-carrier methods in OFDM systems:
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MMSE [4] estimators. Pilot pattern PP1 is used. Dash-dotted lines with triangle
markers show results for mismatched PNA LMMSE estimator under the single-
carrier generative signal model.

estimators lead to degraded performance under the correct
OFDM PN model, and achievable SE predictions result in
overly optimistic performance predictions under the simplified
single-carrier PN model.

Extending the results from Fig. 3 with low LO quality (γϕl
=

γφk
= 4× 10−17) as in [1], Fig. 4 shows the uplink achievable

SE per UE across OFDM symbols in the first coherence block.
Under the OFDM generative signal model (29), PP1 with evenly
distributed pilots maintains more consistent achievable SEs and
resists channel aging. Our distributed estimator outperforms
mismatched and unaware estimators across the OFDM symbols.
PP2, with pilots in the first two OFDM symbols, achieves the
highest initial achievable SE but quickly degrades due to a lack
of measurements and channel aging. In PP2, our estimator’s
advantage is limited to the first two OFDM symbols. Similar
to Fig. 3, the mismatched estimator, under a single-carrier
model, yields overly optimistic SE predictions, showing an SE
optimism bias of at least 60% and 200% for PP1 and PP2,
respectively, highlighted by the green and blue areas.

2) Different PN Impact from APs and UEs

Fig. 5 shows the impact on the achievable SE of the quality
of the LOs in UEs and APs for the pilot pattern PP1. We
compare perfect UE LOs (γφk

= 0) and perfect AP LOs
(γϕl

= 0). The latter is practical since APs generally have
higher-quality LOs than low-cost UEs. The results reveal two
key points: (i) The UE LO quality impacts achievable SE far
more than the AP LO, leading to lower SEs due to UE PN
causing correlated interference between APs which eventually
increases the total interference power when using the centralized
combining; (ii) The proposed estimator significantly outper-
forms the mismatched estimator under imperfect AP LOs, as
opposed to imperfect UE LOs. This suggests that the proposed
algorithm is more effective when LO imperfections occur on the
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distributed PN-aware LMMSE (35), single-carrier PN-aware LMMSE [8] under
the OFDM (mismatched) and single-carrier generative signal models, and PN-
unaware MMSE [4] estimators.

AP side. Similar to Fig. 3 and 4, the single-carrier estimator [8]
leads to overly optimistic SE predictions under the single-carrier
generative signal model, showing an SE optimism bias of at
least 40% and 50% for γϕl

= 0 and γφk
= 0, respectively.

3) Impact of UE Density

Fig. 6 extends the analysis from Fig. 4 by evaluating achievable
SEs for pilot pattern PP1 with varying UE numbers, using
centralized MMSE combiner. Solid black lines show the case
without PN. For schemes with the MMSE combiner, under
the OFDM generative signal model (29), SEs decrease dra-
matically with more UEs due to inter-carrier and inter-user
interference. PN-aware MMSE combiner with the proposed
distributed estimator shows SE gains for fewer UEs (K < 20),
but this decreases with more UEs due to pilot contamination.
Notably, the mismatched estimator’s results under the single-
carrier signal model show optimistic SE predictions compared
to its real performance under the OFDM model for at least
200% due to underestimating the impact of PN. This over-
optimism can lead to inaccurate analyses of critical network
parameters such as the required number of APs, affordable
number of UEs, and required LO quality and bandwidth.

4) Summary of Findings

The proposed distributed joint channel and CPE estimator for
separate LOs among APs is particularly beneficial when using
poor-quality LOs (or high carrier frequencies) and a small
number of UEs. Performance gains are influenced by the pilot
pattern, with distributed pilots across different OFDM symbols
significantly outperforming centralized pilots within the same
symbol. Single-carrier estimators underestimate the impact of
PN in the OFDM model, resulting in overly optimistic SE
predictions.

C. Scenario 2: Common LO shared by APs

In Scenario 2 where all APs share the same common LO,
we evaluate the proposed centralized estimator (detailed in
Algorithm 1), which can exploit the PN correlation.
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Fig. 7: Scenario 2 with a shared common LO between APs. LOs quality
coefficients γϕl

= γφk = 10−17. The comparison includes the MMSE
combining with the proposed distributed PN-aware LMMSE (35), mismatched
PN-aware LMMSE [8], PN-unaware MMSE [4], and centralized estimators
initialized by DL and LMMSE channel estimators.

1) Impact of AP Density

To evaluate the performance improvement of the proposed
centralized estimator exploiting the PN correlation among APs
compared to other distributed estimators, Fig. 7a shows the
uplink SE per UE as a function of the number of APs in
Scenario 2 with a shared LO between APs, using MMSE
combining for various estimators: PN-unaware MMSE [4] (Un-
aware), mismatched PN-aware LMMSE [8] (Mismatched), the
proposed distributed joint LMMSE (35) (Proposed Distri.), and
the proposed centralized alternating estimator initialized with
the DL channel estimator (39) (Proposed Centr. w/ DL) and the
LMMSE channel estimator (46) (Proposed Centr. w/ LMMSE).
Additionally, the achievable SE results for the centralized
estimator initialized with perfect channels are also depicted by
a black solid line.

The results demonstrate that the proposed centralized es-
timator significantly improves SE, especially as the number
of APs increases. This enhancement indicates that centralized
CPE estimation effectively exploits the PN correlation between
APs, with greater gains observed as the number of APs grows.
Notably, the centralized estimator initialized with the DL chan-
nel estimator outperforms the one initialized with the LMMSE
channel estimator (46), achieving better performance with the
same number of iterations and thereby reducing the overhead.
This superior performance is attributed to the DL channel
estimator’s ability to provide better channel estimates under the
impact of PN, as evidenced by the MSE of normalized channel
estimation in Fig. 7b. The centralized estimator with DL-
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based initialization nearly matches the performance of perfect
channel knowledge. This implies that channel estimation isn’t
the primary limit on SE, and more complex NN structures are
unlikely to offer significant gains.

2) Impact of UE Transmit Power

Based on Scenario 2 with 50 APs sharing a common LO,
consistent with the setups in Fig. 7a and Fig. 7b, we evaluate the
impact of the PN under different UE transmit power. To isolate
the impact of UE power, the UEs are placed in the center of
the radio stripe area, equidistant from all APs. We evaluate the
uplink achievable SE per UE by varying the transmit power of
the 2 UEs p1 = p2. The results, shown in Fig. 8, demonstrate
that the centralized estimator significantly improves SE by
leveraging PN correlation, particularly at high transmit power
levels. The SE gain increases with higher transmit power,
compared to distributed estimators. Additionally, the centralized
estimator initialized with the DL channel estimator achieves
better SEs than when initialized with the LMMSE channel
estimator, given the same number of iterations.

3) Impact of CPE Constraint Function

We now evaluate how the amplitude constraint function (45)
affects the centralized LMMSE CPE estimator (41). Based on
scenario 2 with 20 APs and 2 UEs, the evaluation considers
CPE estimates at different OFDM symbols under situations
of different LO quality. Fig. 9a and Fig. 9b present two
representative snapshots of the CPE estimates, both with and
without the amplitude constraint function (45), together with
the true CPE values. In Fig. 9a, both the APs and UEs use
high-quality LOs (γφk

= γϕl
= 10−17) and the CPE results

are for the first OFDM symbol. In contrast, Fig. 9b focuses on
the 20-th OFDM symbol, with UEs employing low-quality LOs
(γφk

= 4× 10−17).
Fig. 9a and Fig. 9b show that the true CPE points lie near

the unit circle with amplitudes below 1. When the LMMSE
estimator is used without an amplitude constraint, its estimates
often exceed 1 in amplitude. By adding the amplitude constraint
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Fig. 9: Results of the centralized CPE estimator (41) with and without constraint
function g(·) in (45) in scenario 2 with 20 APs and 2 UEs.

function, these estimates are kept closer to the unit circle, and
the MSE of the CPE estimation drops from 0.041 to 0.022
in Fig. 9a, and from 0.050 to 0.031 Fig. 9b. Specifically, in
Fig. 9a, the LOs have better quality, so the CPEs are more
tightly clustered near the unit circle. This justifies using a higher
minimum threshold, κmin = 0.98. In contrast, Fig. 9b involves
lower-quality LOs, giving a broader distribution of the CPEs
around the circle and prompting a lower minimum threshold,
κmin = 0.90. In practice, one can use this strategy to adjust
the minimum threshold of the amplitude constraint to improve
CPE estimation performance.

4) Summary of Findings

The proposed centralized alternating channel and CPE estimator
for a shared LO among APs is most effective with a large
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number of APs and across a wide range of UE transmission
powers. The DL channel estimator is more effective than the
LMMSE channel estimator in enhancing the performance of the
centralized estimator.

VIII. CONCLUSION

This paper investigated the impact of PN on uplink cell-
free mMIMO OFDM networks, considering both separate and
shared LOs between APs. We developed an accurate PN-
impaired cell-free mMIMO OFDM signal model and derived
a novel uplink achievable SE expression. To address the chal-
lenges of uncorrelated and correlated PN between APs, we pro-
posed two novel PN-aware channel estimators: i) a distributed
LMMSE joint channel and CPE estimator for the separate LOs
setup, and ii) a centralized channel and CPE estimator for
the shared LOs setup. The latter estimator alternates between
distributed channel estimations and centralized CPE estimation
to exploit PN correlation. Additionally, we introduced a DL-
based channel estimator to improve the initialization of the
centralized estimator, enhancing channel estimates and reducing
the required number of iterations. Alternative neural network
architectures for the DL estimator in the centralized design
remain an area for future exploration. Key highlights include:
distributing pilots across different OFDM symbols rather than
one OFDM symbol significantly improves performance. The
proposed distributed estimator under OFDM signal model is
suitable for cell-free networks with separate, poor-quality AP
LOs, high carrier frequencies, and fewer UEs, while single-
carrier channel estimation and uplink combining methods tend
to underestimate PN effects, leading to overly optimistic perfor-
mance predictions. The proposed centralized estimator performs
better with a large number of APs and high UE power, with
its performance further enhanced by the DL channel estimator
compared to the LMMSE estimator. Future work could extend
to multi-antenna configurations for both APs and UEs, where
shared LOs may be employed for each AP or UE. In this
scenario, the proposed alternating channel and CPE estimation
algorithm can be used both locally (at each AP/UE) and
centrally (at the CPU) to exploit PN correlation.

APPENDIX A
PROOF OF LEMMA 1

The general expression for the LMMSE estimator is [19]
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where the (τ1, τ2) element of Φk′,l ∈ Cτp×τp is given in (38).
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where the correlation term B
(0)
k′,l,n1−ȷ1,n2−ȷ2

is given by (13).

APPENDIX B
COMPUTATIONAL COMPLEXITY AND FRONTHAUL

OVERHEAD ANALYSIS

Assuming all statistical matrices are precomputed and remain
constant during communication, the computational complexity
for the considered channel and PN estimators is quantified
in terms of complex multiplications and divisions, as these
operations dominate the total complexity [17, Sec. B.1.1].
Additionally, the required fronthaul resources are calculated for
each estimator, expressed either by the number of pilot and data
symbols or the number of channel and PN estimates. The results
are summarized in Table I and II. Note that both complexity
and overhead calculation assume the use of MMSE combining
in (51). Specifically, computational complexity is calculated per
coherence block for a generic UE k, and fronthaul overhead is
calculated per coherence block for a generic AP l.
A. Distributed Joint Channel and CPE LMMSE Estimator (35)
Using Lemma B.2 in [17], computing Ψ−1

l yp
l in (35) requires

τ2p complex multiplications and τp complex divisions. In ad-
dition, multiplying by sHtk and the diagonal matrix B

(τ)
k,l add
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another 2τp complex multiplications. In total, the computation
requires τ2p + 3τp complex multiplications and divisions. This
process is repeated for each of the τc OFDM symbols in a
coherence block. The MMSE combining (51) requires channel
estimates for all K UEs and for the APs serving UE k, i.e.,
l ∈ Mk, yielding the results in Table I.

Regarding the fronthaul overhead, each AP l must either
forward τp pilot symbols to the CPU, which then performs the
channel and PN estimation, or compute local estimates for |Dl|
UEs and τc OFDM symbols in a coherence block and forward
these estimates to the CPU. Additionally, for the data signals,
each AP must send each uplink data symbol to the CPU and
subsequently receive each downlink precoding coefficient from
the CPU, thus in total (τcNc − τp) complex scalars.

B. Distributed Channel DL Estimator (39)
Each prediction requires (2τpM1+M1M2+2M2K) real-valued
multiplications to generate channel predictions for all K UEs,
which is equivalent to dividing by 4 to approximate the cost in
complex multiplications. The prediction is performed for APs
serving UE k, i.e., l ∈ Mk, for the MMSE combining (51).

Regarding the fronthaul overhead, each AP l must either
forward τp pilot symbols to the CPU, which then performs the
DL channel estimation, or compute local estimates for |Dl| UEs
and 1 OFDM symbol and forward these estimates to the CPU.
The overhead for data signals is the same as in Appendix B-A.

C. Distributed Channel LMMSE Estimator (46)
The complexity analysis is similar to that in Appendix B-A
for (35), except that only one channel estimate is computed per
coherence block. The prediction is performed for all K UEs
and the APs (l ∈ Mk) for the MMSE combining (51).

Regarding the fronthaul overhead for each iteration in Al-
gorithm 1, each AP l must either forward τp pilot symbols
to the CPU for channel estimation or locally compute channel
estimates for |Dl| UEs over one OFDM symbol via (46). Each
local estimation requires τp CPE estimates, Ĵp,i

k,l , to be sent from
the CPU, resulting in a total of |Dl|τp complex scalars trans-
mitted. Finally, each AP l must send its computed |Dl| channel
estimates back to the CPU for the subsequent centralized CPE
estimation step in (41). The data signal overhead is the same
as in Appendix B-A.

D. Centralized CPE LMMSE estimator (41)
In (41), the computation of Ψ̆−1(yp − ȳp) is performed once
for all K UEs and L APs, requiring (L2τ2p + Lτp) complex
multiplication and divisions. When using the MMSE combin-
ing (51), the multiplication by b

T(τ)
k,l must be executed for each

of the τc OFDM symbols, for all K UEs and and for the APs
serving UE k, l ∈ Mk.

The centralized CPE estimator (41) requires each AP l to
forward τp pilot symbols to the CPU. The overhead associated
with the required distributed channel estimates in (41) is already
accounted for, provided in Appendix B-C. The data signal
overhead is the same as in Appendix B-A.

APPENDIX C
PROOF OF LEMMA 2

Leveraging the LMMSE theorem [19] and given the channel
estimates ĥn, the LMMSE estimate of J (τ)

k,l,0 based on pilots at
the CPU yp is given by
Ĵ
(τ)
k,l,0 = E{J (τ)

k,l,0}+ E{J (τ)
k,l,0y

pH}
(
E{ypypH}

)−1
(yp − E{yp}),

(59)

where E{J (τ)
k,l,0} = J̄

(τ)
k,l,0 defined in (12), and E{yp} ≜

ȳp with its lτp-th to (l + 1)τp-th elements E{yp
l } =∑K

k=1

√
pks

p
tk
J̄p
k,lĥk,l,n. Also, we have

E{J (τ)
k,l,0y

pH} ≜ b
T(τ)
k,l =

[
E{J (τ)

k,l,0y
H
1 }, · · · ,E{J

(τ)
k,l,0y

H
L}

]
,

(60)

with its τ ′l′-th element E{J (τ)
k,l,0[y

H
l′ ]τ ′} defined in (44).

Furthermore, in (59) we have E{ypypH} ≜ Ψ̆ ∈ CτpL×τpL,
and its submatrix Ψ̆l1,l2 consisting of the elements from rows
l1τp to (l1 + 1)τp and columns l1τp to (l1 + 1)τp can be
calculated similar to (57) as

Ψ̆l1,l2 = E
{
yl1y

H
l2

}
= σ2Iτp + E

{ K∑
k=1

√
pk
[
s
(τ1)
tk,n1

J
(τ1)
k,l1,0

,

· · · , s(τp)tk,nτp
J
(τp)
k,l1,0

]T
ĥk,l1,n × ĥ

∗
k,l2,n

√
pk
[
s
(τ1)
tk,n1

J
∗(τ1)
k,l2,0

,

· · · , s(τp)tk,nτp
J
∗(τp)
k,l2,0

]}
+ E

{
ζk,l1ζ

H
k,l2

}
=

∑K

k=1
pkĥk,l1,nĥ

∗
k,l2,nΦ̆k,l1,l2 + Z̆ICI

l1,l2 + σ2Iτp . (61)

Here, the (τ1, τ2) element of Φ̆k,l1,L2 ∈ Cτp×τp is

[Φ̆k,l1,l2 ]τ1,τ2 = s
(τ1)
tk,n1

s
∗(τ2)
tk,n2

B̆
(τ1−τ2)
k,k,l1,l2,0,0

, (62)

where B̆
(τ1−τ2)
k,k,l1,l2,0,0

is calculated following (14). In (61), the
(τ1, τ2) element of the ICI component Z̆ICI

l1,l2
∈ Cτp×τp is

given in (63). Note that the channel estimates {ĥk,l,n} are used
in (60), (61), and (63).

APPENDIX D
PROOF OF LEMMA 3

Given the CPE estimates {Ĵ (τ)
k,l,0} and received pilots yp

l , the
distributed LMMSE estimates of the channel {hk,l,n} can be
formulated as ĥk,l,n = E{hk,l,ny

pH
l }

(
E{yp

l y
pH
l }

)−1
yp
l , where

we have E{hk,l,ny
pH
l } =

√
pkβk,l(s

p
tk
)HJp

k,l and the term
E{yp

l y
pH
l } ≜ Ψ̃l can be calculated similarly to (57) by

replacing the unknown CPEs with CPE estimates Ĵp
k,l for all

pilot OFDM symbols. The details are omitted for simplicity. In
the end, comparing Ψ̃l to Ψl in (57), we have a different term
Φ̃k given in (48).

APPENDIX E
CONVERGENCE ANALYSIS OF ALGORITHM 1

The LMMSE optimization problem of effective channels
{h(τ)

k,l,n} = {J (τ)
k,l,0hk,l,n} is formulated as

ĥ
(τ)
k,l,n = arg min

h
(τ)
k,l,n

E
{∥∥∥h(τ)

k,l,n − ĥ
(τ)
k,l,n

∥∥∥2} ,

s.t. h(τ)
k,l,n = A

(τ)
k,l,ny

p + b
(τ)
k,l,n, ,

(64)



15

[Z
ICI
l1,l2

]τ1,τ2 = E
{ K∑

k=1

ζ
(τ1)

k,l1,n1

K∑
k′=1

ζ
∗(τ2)

k′,l2,n2

}
=

K∑
k=1

E
{
ζ
(τ1)

k,l1,n1
ζ
∗(τ2)

k,l2,n2

}
=

K∑
k=1

pk

N−1∑
ȷ1 ̸=n1

N−1∑
ȷ2 ̸=n2

E{ĥk,l1,ȷ1
ĥ
∗
k,l2,ȷ2

s
(τ1)
tk,ȷ1

s
∗(τ2)
tk,ȷ2

J
(τ1)

k,l1,n1−ȷ1
J

∗(τ2)

k,l2,n2−ȷ2
}

=



0 τ1 ̸= τ2

∑K
k=1 pk

( N−1∑
ȷ1 ̸=n
ȷ1∈Nr

ĥk,l,ȷ1
ĥ∗
k,l,ȷ1

E{|s|2}E{J(τ)
k,l,n−ȷ1

J
∗(τ)
k,l,n−ȷ1

} +
N−1∑
ȷ2 ̸=n
ȷ2 /∈Nr

βk,lE{|s|2}E{J(τ)
k,l,n−ȷ2

J
∗(τ)
k,l,n−ȷ2

}
) τ1 = τ2 = τ ,

l1 = l2 = l,
n1 = n2 = n

∑K
k=1 pk

( N−1∑
ȷ1 ̸=n1
ȷ1∈Np

ĥk,l1,ȷ1
ĥ∗
k,l2,ȷ1

E{|s|2}E{J(τ)
k,l1,n−ȷ1

J
∗(τ)
k,l2,n−ȷ1

}
) l1 ̸= l2,

τ1 = τ2 = τ ,
n1 = n2 = n

(63)

where the constraint in (64) imposes a linear estimator with
parameters A

(τ)
k,l,n and b

(τ)
k,l,n.

In Algorithm 1, we decompose the problem (64) into two sub-
problems, each optimizing over CPEs, {J (τ)

k,l,0}, and channels
{hk,l,n} while keeping the other variable fixed in an alternating
fashion. The LMMSE subproblem for CPE estimation at the i-
th iteration, Ĵ (τ),i

k,l,0 , can be cast as

Ĵ
(τ),i
k,l,0 = arg min

J
(τ),i
k,l,0

E
{∥∥∥J (τ),i

k,l,0 − Ĵ
(τ),i
k,l,0

∥∥∥2} ,

s.t. J (τ),i
k,l,n = Ă

(τ),i
k,l,ny

p + b̆
(τ),i
k,l,n,

(65)

which is solved in closed-form by the constraint LMMSE
estimator (41).

The LMMSE subproblem for channel estimation at the i-th
iteration, ĥi

k,l,n, can be cast as

ĥi
k,l,n = arg min

hi
k,l,n

E
{∥∥∥hi

k,l,n − ĥi
k,l,n

∥∥∥2} ,

s.t. hi
k,l,n = Ãi

k,l,ny
p + b̃ik,l,n,

(66)

which is solved in closed-form by the LMMSE estimator (46).

Proposition 4. Algorithm 1, which solves (65) and (66) in
an alternating fashion, converges to a stationary point of the
optimization problem in (64).

Proof. The closed-form solutions given by (41) provide a
unique solution of the CPE estimation subproblem in (65). The
channel estimation subproblem in (46) is an optimal solution
of the channel estimation subproblem in (66). It then follows
from [32, Proposition 1] that Algorithm 1 converges to a
stationary point of (64). Step 1 in Algorithm 1 uses either the
LMMSE (46) or DL estimator (39) to compute a reliable initial
guess for the iterative process, rather than relying on random
initialization.

APPENDIX F
SCALABLE UPLINK DATA TRANSMISSION

Following the scalable uplink data transmission protocol in [4],
each UE k is served by a subset of APs, defined as [4], [33]

Mk = {l : dk,l = 1, l ∈ {1, · · · , L}}, (67)
where dk,l ∈ {0, 1} indicates if UE k and AP l communicate,
based on the dynamic cooperation clustering (DCC) frame-

work [34]. Similarly, we define the set of UEs that are served
by AP l by

Dl = {k : dk,l = 1, k ∈ {1, · · · ,K}}. (68)
The uplink data transmission signal model follows [1, Eq. (15)],
and we omit it for simplicity. At the receiver, the CPU selects
v
(τ)
k,l,n for UE k and AP l, then estimates s

(τ)
k,n by

ŝ
(τ)
k,n = v

H,(τ)
k,n Dkh

(τ)
k,ns

(τ)
k,n︸ ︷︷ ︸

Desired signal

+
∑K

i ̸=k
v
H,(τ)
k,n Dkh

(τ)
i,ns

(τ)
i,n︸ ︷︷ ︸

Inter-user interference

+
∑K

i=1
v
H,(τ)
k,n Dkζ

(τ)
i,n︸ ︷︷ ︸

ICI

+v
H,(τ)
k,n Dkw

(τ)
n , (69)

where v
(τ)
k,n = [v

(τ)
k,1,n, · · · , v

(τ)
k,L,n]

T denotes the collective
combining vector, and Dk = diag([dk,1, · · · dk,L]T) is a di-
agonal matrix representing the connections between UE k and
each of L APs. Here h

(τ)
k,n = [h

(τ)
k,1,n, · · · , h

(τ)
k,L,n]

T, ζ
(τ)
k,n =

[ζ
(τ)
k,1,n, · · · , ζ

(τ)
k,L,n]

T, and w
(τ)
n ∼ NC(0, σ

2IL).

APPENDIX G
PROOF OF PROPOSITION 1

Since the effective channels vary with each OFDM symbol τ ,
we follow the reference [3, Thm. 4.4] using the UatF bound to
obtain an achievable SE for data subcarrier n ∈ Nd at OFDM
symbol τ ∈ {1, · · · , τc}. These achievable SEs are averaged
over all τc OFDM symbols to obtain (50).

Specifically, by adding and subtracting the average effective
channel E

{
v
H,(τ)
k,n Dkh

(τ)
k,n

}
, (69) is rewritten as

ŝ
(τ)
k,n = E

{
v
H,(τ)
k,n Dkh

(τ)
k,n

}
s
(τ)
k,n + ν

(τ)
k,n, (70)

where the interference term is
ν
(τ)
k,n =

(
v
H,(τ)
k,n Dkh

(τ)
k,n − E

{
v
H,(τ)
k,n Dkh

(τ)
k,n

})
s
(τ)
k,n+ (71)

K∑
i=1
i ̸=k

v
H,(τ)
k,n Dkh

(τ)
i,ns

(τ)
i,n +

K∑
i=1

v
H,(τ)
k,n Dkζ

(τ)
i,n + v

H,(τ)
k,n Dkw

(τ)
n .

This can be viewed as a deterministic channel with a gain
E{vH,(τ)

k,n Dkh
(τ)
k,n} and additive interference plus noise term

ν
(τ)
k,n that has zero mean. Note that ν(τ)k,n is uncorrelated with the

desired signal s(τ)k,n due to the independence between each of the
zero-mean symbols s

(τ)
k,n, i.e., E{s(τ)i,ns

(τ)
j,n} = E{s(τ)i,ns

(τ)
i,ȷ } = 0
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for n, j ∈ Nd. The denominator of the SINR is obtained by

E{|ν(τ)k,n|
2} =

∑K

i=1
piE

{ ∣∣∣vH,(τ)
k,n Dkh

(τ)
i,n

∣∣∣2 }+ ρ
ICI,(τ)
k,n

− pk

∣∣∣E{vH,(τ)
k,n Dkh

(τ)
k,n

} ∣∣∣2 + σ2E
{ ∣∣∣v(τ)

k,nDk

∣∣∣2 }. (72)

Here, the ICI term ρ
ICI,(τ)
k,n is computed as

ρ
ICI,(τ)
k,n =

∑K

i=1
E
{
v
H,(τ)
k,n Dkζ

(τ)
i,n ζ

H,(τ)
i,n Dkv

(τ)
k,n

}
=

∑K

i=1
E
{
v
H,(τ)
k,n Dkdiag(λ(τ)

i,n)Dkv
(τ)
k,n

}
, (73)

where the l-th element of the ICI power λ(τ)
i,n ∈ CL is given by

λ
(τ)
i,n,l =

∑N−1

ȷ ̸=n
E{|s(τ)i,ȷ |

2}E{|hi,l,ȷ|2}E{|J (τ)
i,l,n−ȷ|

2}

= piβi,l

∑N−1

ȷ̸=n
B

(0)
i,l,n−j,n−j = piβi,l(1−B

(0)
i,l,0,0),

(74)
where we view the unknown channels over subcarriers other
than n as random variables instead of realizations to reduce
computation complexity. In the ideal case of no PN, λ(τ)

i,n,l = 0

due to B
(0)
i,l,0,0 = 1 and ρ

ICI,(τ)
k,n = 0, which turns the SINR and

SE expressions in (49) and (50) to be the same as in [4, Eq.
(27), (28)].

REFERENCES

[1] Y. Wu, L. Sanguinetti, U. Gustavsson, A. Graell i Amat, and H. Wymeer-
sch, “Impact of phase noise on uplink cell-free massive MIMO OFDM,”
in IEEE GLOBECOM 2023, Dec. 2023, pp. 5829–5834.

[2] E. Björnson, E. G. Larsson, and T. L. Marzetta, “Massive MIMO: Ten
myths and one critical question,” IEEE Commun. Mag., vol. 54, no. 2,
pp. 114–123, Feb. 2016.
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