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Abstract—This paper investigates the uplink carrier phase
positioning (CPP) in cell-free (CF) or distributed-antenna-system
context, assuming a challenging case where only the phase
measurements are utilized as observations. In general, CPP
can achieve sub-meter to centimeter-level accuracy but it is
challenged by the integer ambiguity problem. In this work, we
propose two deep learning approaches for phase-only positioning,
overcoming the integer ambiguity challenge. The first one directly
uses the phase measurements, while the second one first estimates
the integer ambiguities and then it integrates them with the
phase measurements for improved accuracy. Our numerical
results demonstrate that an inference complexity reduction of
two to three orders of magnitude is achieved, compared to
the maximum likelihood baseline solution, depending on the
approach and on the parameter configuration. This emphasizes
the potential of the developed deep learning solutions for efficient
and precise positioning in future CF 6G systems.

Index Terms—6G, carrier phase positioning, cell-free, deep
learning, integer ambiguities, neural networks.

I. INTRODUCTION

Carrier phase positioning (CPP) is an established approach
in global navigation satellite systems [1], [2], and it is currently
receiving growing interest also in the context of mobile
networks towards centimeter-level terrestrial positioning [3]–
[6]. CPP is subject to the so-called integer ambiguity chal-
lenge, as the mapping of the transmitter-receiver distance
to the observable carrier phase is invariant to any integer
amounts of wavelengths [1], [7]. Existing solutions include
differential phase measurements, hybrid time-phase estimation,
and multipath-assisted ambiguity resolution [8]. Additionally,
while traditional maximum likelihood estimation (MLE)
methods suffer from high computational complexity [9], data-
driven techniques, leveraging neural networks (NNs) and
clustering-based estimators for ambiguity resolution, have
been recently developed [10], [11].

In terrestrial networks, CPP is relevant in the context of
distributed multiple-input multiple-output (MIMO) and cell-
free (CF) systems – an important and emerging paradigm
towards 6G [1], [12], [13]. CF and other distributed MIMO
systems eliminate traditional cell boundaries by distributing
large numbers of transmission/reception or antenna points
(APs) over wide areas. Especially with phase-coherent APs,
such a distributed approach offers tempting prospects also

Fig. 1. Conceptual illustration of uplink positioning with distributed antenna
points (APs) where only the carrier phase measurements at different APs
are used to estimate the UE position.

for sensing and localization in the effective near-field domain
[14], [15].

In general, most existing CPP studies such as [3], [5],
[6], [16] combine carrier phase measurements as additional
observations with more common positioning-related mea-
surements such as time-of-arrival (ToA). The same applies
also implicitly to the direct positioning methods described in
[14], [15], [17] which harness directly the raw I/Q received
signals for localization purposes – embedding the complete
channel state information (CSI). To the best of the authors’
knowledge, there are no existing terrestrial radio-positioning
works that rely exclusively on carrier phase measurements
for localizing the user equipment (UE). The only exception is
the near-field UE localization using phase-difference type of
measurements, however, assuming a large co-located antenna
array with classical half-wavelength element spacing, such as
[18].

Inspired by the above, this paper seeks to fill this important
gap and addresses the phase-only UE positioning paradigm
and the related integer ambiguity challenge in CF/distributed
MIMO system context – illustrated conceptually in Fig. 1. The
use of only the carrier phase measurements offers remarkable
implementation benefits, as ToA and other related CSI
measurements are always subject to hardware impairments,
such as the inevitable UE clock bias [1], [16]. To this end, two
alternative deep learning based UE positioning approaches
are proposed harnessing only the distributed carrier phase



measurements. The first approach, called direct phase-only
CPP, utilizes a multi-layer perceptron (MLP) to directly infer
position estimates from raw carrier phase measurements. The
second approach, entitled integer ambiguity-aided CPP, em-
ploys a convolutional neural network (CNN) with a dedicated
MLP-based module for integer ambiguity estimation, which
is then combined with phase data for improved localization
accuracy. To assess their practical feasibility, we analyze the
computational complexity of both approaches in terms of
floating-point operations (FLOPs) and compare them with the
more ordinary MLE-based reference approach. Our results
demonstrate that the proposed deep learning approaches not
only outperform traditional MLE-based methods in terms
of the achievable positioning accuracy for fixed processing
complexity in terms of FLOPs, but also obtain really high,
centimeter-level, positioning accuracy with largely improved
computational efficiency. These findings pave the way for real-
time carrier phase-based positioning in future 6G distributed
MIMO or cell-free networks.

II. SYSTEM MODEL AND BASELINE

We consider an uplink scenario consisting of a UE and I
distributed and mutually phase-synchronized APs. An example
scenario with ten APs is shown in Fig. 1. The UE has an
unknown position xue ∈ R2 whereas the APs have known
positions xap,i ∈ R2 for i ∈ {0, . . . I − 1}, with the scenario
being extendable to R3.

When the UE transmits a unit-power narrowband pilot
symbol s occupying a bandwidth W with a transmit power
P , the received signal at the i-th AP over the line-of-sight
(LoS) link reads

yi =
√
Eρi exp(−j(

2π

λ
di − θ))s+ vi, (1)

where E = P/W is the symbol energy, ρi is the path loss
from the UE to the i-th AP, di = ∥xue−xap,i∥ is the Euclidean
distance between the UE and the i-th AP, θ is the common
phase offset between the UE and the AP network, and vi ∼
CN (0, N0) represents additive white complex Gaussian noise.
By processing yi, the resulting phase observations can be
formulated as

ri = −2π

λ
di + θ + 2πzi + ni, (2)

where zi ∈ Z is the integer ambiguity, and we model ni ∼
N (0, σ2

i ). From (2), we can take one AP as reference, e.g.,
i = 0, and compute differential measurements as

δm = − λ

2π
(rm−r0) = ∆m+kmλ+wm,m ∈ {1, . . . , I−1},

(3)
where ∆m = dm−d0, km = z0−zm and wm = (λ/2π)(n0−
nm). It is also assumed that the maximum delay difference
between the reference AP and the other APs is much smaller
than 1/W . Based on Fisher information theory, the lower

bound on the error covariance of w = [w1, . . . wI−1]
⊤ can

now be shown to read

Σdiff =
λ2N0

8π2E
(D+

11⊤

ρ20
), (4)

where D is a diagonal matrix whose m-th diagonal element
is given by [D]m,m = 1/ρ2m, 1 is a vector of I − 1 ones and
the superscript (.)⊤ denotes the transpose operation.

As a baseline, we will devise and use the MLE. The vector
of differential measurements in (3) can be expressed as

δ = h(xue) +w, (5)

where δ=[δ1,. . .δI−1]
⊤, h(xue)=[h1(xue),. . . hI−1(xue)]

⊤,
hm(xue) = −λ

2π (mod(−2π∥xue − xap,m∥/λ, 2π) −
mod(−2π∥xue − xap,0∥/λ, 2π)) and mod(a, b) denotes
the modulo operation of a with respect to b. Given that w
follows a multivariate normal distribution with zero-mean
and covariance matrix Σdiff, the likelihood function is
L(δ|xue) = N (δ;h(xue),Σdiff). The MLE for the UE
position can be obtained by minimizing the negative
log-likelihood, given by

ˆ︁xue = argmin
xue

(δ − h(xue))
⊤Σ−1

diff(δ − h(xue)). (6)

The MLE has a notable computing complexity, quantified in
Section IV, while serving as the performance benchmark.

III. PROPOSED NN-BASED POSITIONING APPROACHES

In this section, we introduce two NN-based positioning
approaches, utilizing a total of three NNs. The first approach
(referred to as direct phase-only CPP) employs a single MLP
model that directly processes raw phase measurements to
estimate the UE position. The second approach (referred to
as integer ambiguity-aided CPP), consists of two NNs: an
MLP-based model that estimates the integer ambiguities from
phase measurements, and a CNN model that integrates these
estimated ambiguities with phase measurements to determine
the UE position.

A. Direct Phase-Only Carrier Phase Positioning

We first propose a straightforward approach to estimate
the UE position using a MLP-based positioning model. The
proposed MLP takes the differential measurements δ in (5) as
input and generates an estimate ˆ︁xue of the true UE position
xue. The loss function employed in this model is the mean-
squared error (MSE), expressed as ∥xue−ˆ︁xue∥2. The proposed
model is a fully connected NN composed of dense layers. The
model consists of an input layer with a dimension of I − 1
and the Rectified Linear Unit (ReLU) activation, followed by
seven hidden layers with dimensions of A, 2A, 4A, 8A, 4A,
2A, and A, all using the ReLU activation, and an output layer
with a dimension of 2 and the linear activation function.

B. Integer Ambiguity-Aided Carrier Phase Positioning

The second approach first estimates the integer ambi-
guities using a MLP-based ambiguity estimation model.
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Fig. 2. Proposed MLP-based ambiguity estimation model: Rectangles
represent dense layers with the number of neurons inside each rectangle and
each branch generates a probability distribution.

The estimated ambiguities are then combined with phase
measurements and fed into a CNN-based positioning model.

MLP-based ambiguity estimation model: We pro-
pose a MLP-based NN to generate a set of proba-
bility distributions P = [p1, . . .pI−1]

⊤ for the dif-
ferential ambiguities k = [k1, . . . , kI−1]

⊤ from the
differential measurements δ. Each differential ambigu-
ity km is geometrically bounded by [−qm − 1, qm] =
[⌊−∥xap,m − xap,0∥/λ⌋, ⌊∥xap,m − xap,0∥/λ⌋], where ⌊·⌋ de-
notes the floor function that returns the largest integer less
than or equal to its argument. This results in Qm = 2qm + 2
possible labels for each differential ambiguity, with the total
number of possible labels across all differential ambiguities
given by Q =

∑︁I−1
m=1 Qm. For each km, the model generates a

probability distribution pm = [pm,−qm−1, ...pm,qm ]
⊤, where

pm,l ∈ [0, 1] represents the probability of the differential
ambiguity km taking the integer value l, with

∑︁
l pm,l = 1.

The proposed MLP structure is illustrated in Fig. 2. The
input first propagates through shared layers, then the model
is divided into parallel branches. The shared layers and the
first layer of the parallel branches utilize the ReLU activation
function, whereas the output layers of the parallel branches
utilize softmax activation function to output the probability
distributions. The sparse categorical cross-entropy is employed
as the loss function, which can be expressed as

LSCCE = − 1

I − 1

I−1∑︂
m=1

ln(pm,km), (7)

where pm,km is the predicted probability of the correct integer
label for each differential ambiguity and ln(.) is the natural
logarithm.

CNN-based positioning model: We introduce a positioning
model based on a CNN that estimates the UE position by inte-
grating δ with the estimated ambiguities ˆ︁k = [ˆ︁k1, . . . ,ˆ︁kI−1]

⊤.
These estimated ambiguities are obtained from the MLP-
based ambiguity estimation model described in Section III-B,
where the output probability distributions are processed
through an argmax operation to yield the final integer
estimates. Specifically, the argmax operation determines the
predicted integer label for each differential ambiguity branch

Fig. 3. Proposed CNN-based positioning model incorporating an MLP-based
ambiguity estimation model and a variety of layer types.

by selecting the class with the highest probability, i.e.,ˆ︁km = argmaxl∈[−qm−1,qm] pm,l.
Fig. 3 illustrates the proposed CNN model structure. By

noting that both δ and ˆ︁k vectors have the shape of (I − 1, 1),
the concatenated matrix [δ, ˆ︁k]⊤ has the shape of (2, I−1). The
2D-Convolutional (Conv2D) layer with the ReLU activation
applies C different learnable filters with a shape of (2, 3) to
the input data, using zero padding and a stride of 1. The
output of the Conv2D layer has the shape of (1, I − 3, C),
which is then flattened to a vector of shape (C(I − 3), 1).
Subsequently, dense layers with the ReLU activations are
applied. Finally, the output layer with the linear activation
produces the UE location estimate. Similar to the MLP-based
positioning model, MSE serves as the loss function.

IV. INFERENCE COMPLEXITY

In this section, the inference complexities of the MLE-based
and NN-based approaches are evaluated. The metric used for
this purpose is the FLOP count, which is a widely adopted
metric [19]–[25]. In our analysis, each operation—whether
an addition, a subtraction, or a multiplication—is counted as
one FLOP following the approach in [24], [25].

Network pruning, the task of reducing the size of a network
by selectively removing parameters, has gained significant
attention to tackle the over-parameterization and redundancy in
deep learning models [19], [26], [27]. In this work, layerwise
magnitude-based pruning [28] is applied, where a portion of
weight parameters with the lowest absolute values are pruned
in each layer. This approach ensures that the sparsity level
remains consistent across all layers. Moreover, if the FLOPs
associated with bias additions and activation function in NN
approaches are neglected, the pruning ratio can be directly
applied to the number of FLOPs for each proposed NN. Note
that, since the CNN-based positioning model incorporates the
MLP-based ambiguity estimation model, the pruning ratios of
both models should be explicitly considered when calculating
the number of FLOPs in the CNN-based positioning model.

A. Maximum Likelihood Estimation Complexity

The task of finding ˆ︁xue that maximizes the MLE function
can be accomplished via a 2D grid search over the simulation
area. For simplicity, we neglect the complexity associated with
calculating the term h(xue) in (6) and assume that Σ−1

diff is



precomputed, focusing solely on the computational complexity
of the term (δ − h(xue))

⊤Σ−1
diff(δ − h(xue)). This operation

entails (I − 1) subtractions, I(I − 1) multiplications, and
I(I − 2) additions, resulting in a total computational cost of
2I2 − 2I − 1 FLOPs. When a 2D grid search is performed
over Ngrid points, the total computational cost for the MLE
becomes

CMLE = Ngrid(2I
2 − 2I − 1). (8)

B. MLP-based Positioning Model Complexity

A dense layer with ni input features and no neurons
requires approximately no(2ni − 1) ≈ 2noni FLOPs, with
bias addition and activation costs being negligible for layers
containing many neurons. As explained in Section III-A, the
MLP-based positioning model is composed entirely of dense
layers. Therefore, the number of FLOPs with a pruning rate
of ρMLP is approximately CMLP ≈ ρMLP168A

2.

C. MLP-based Ambiguity Estimation Model Complexity

Similar to the MLP-based positioning model, the MLP-
based ambiguity estimation model described in Section III-B
also consists of only dense layers. The total number of FLOPs
with a pruning rate of ρAE can be calculated and expressed as

CAE ≈ ρAE
[︁
32B2 + (4B2+4B)× (I−1) + 2B ×Q

]︁
. (9)

D. CNN-based Positioning Model Complexity

Applying an input data with shape (2, I − 1) to C
filters each with shape (2, 3) in the CNN-based positioning
model in Section III-B costs CCNN,c = 11C × (I − 3)
FLOPs, where a dot product between a (2, 3) filter and the
corresponding input window costs 11 FLOPs. The number
of FLOPs of the subsequent dense layers can be calculated
as CCNN,d ≈ 8D2 +4D+8CD(I − 3). Also, since the CNN-
based positioning model requires ˆ︁k to function as shown in
Fig. 3, the complexity expression of the ambiguity estimation
model in (9) should also be considered. With a pruning rate
of ρCNN in the Conv2D layer and the subsequent dense layers,
the total number of FLOPs is given by

CCNN = ρCNN × (CCNN,c + CCNN,d) + CAE. (10)

V. NUMERICAL RESULTS

We consider a square-shaped evaluation area of 100m2.
A total of I = 20 antenna points are uniformly distributed
at random over the area in order to stimulate a CF network
architecture [12] as shown in Fig. 4. Similarly, one UE is
placed uniformly at random in the area. The layer parameters
of the NN models are set as A = B = D = 128 for dense
layers and C = 32 for convolutional filters.

The other evaluation parameters include noise power
spectral density (PSD) of –174 dBm/Hz, receiver
noise figure of 13 dB, and uplink transmit powers of
{−30,−20,−10, 0} dBm. Also, the free space path-loss
model is employed. The uplink pilot waveforms follow
the 5G-NR sounding reference signal (SRS) specifications
outlined in [29]. The center frequency is set to either

Fig. 4. Locations of the distributed APs in the evaluation region.

800 MHz or 1.8 GHz, with a subcarrier spacing of 15 kHz.
The pilot transmission utilizes 4 resource blocks and a
comb factor of 4, resulting in a utilized uplink reference
signal bandwidth of 180 kHz. A single reference symbol
configuration [29] is used, and the modulation scheme
employed is BPSK. In our simulation scenario, the total
number of possible labels across all differential ambiguities,
Q, is calculated as 660 for a center frequency of 800 MHz
and 1472 for 1.8 GHz.

A. Training of NN Models

The proposed NNs are trained separately for each transmit
power and center frequency configuration, using 700× 103

training samples and 150 × 103 validation samples per
configuration. At each sample, a randomly drawn UE location
is used. As a standard way of training procedure in supervised
learning, true labels are used during the training phase of
models, trained according to the input-output relationship of
models explained in Section III.

The models are trained using a batch size of 1000 for
1000 epochs. The Adam optimizer is employed with a
learning rate of 10−4, and L2 regularization is applied with a
coefficient of 10−5. To decrease inference complexity, pruning
is applied during training. The training process begins with
an initial phase of 100 epochs without pruning. After this
phase, between epochs 100 and 400, a polynomial decay
pruning scheduler is employed, gradually pruning ρ% of the
weight parameters, starting from an initial sparsity of zero
and reaching a final sparsity of ρ% [30]. After pruning, the
sparse network is retrained until epoch 1000, allowing the
network to adjust and compensate for the removed weight
parameters. Each model is first trained without pruning. Then,
in subsequent training trials, the pruning rate is increased by
steps of 25%, with the pruning rate being increased to the
point where model performance remains largely unaffected.



TABLE I
PRUNING RATES AND INFERENCE FLOP NUMBERS

Direct Phase-Only Carrier Phase Positioning

NN Model Frequency Pruning
Rate

FLOP
number

MLP-based positioning 800 MHz 50% 1.376× 106

MLP-based positioning 1.8 GHz 50% 1.376× 106

Integer Ambiguity-Aided Carrier Phase Positioning Approach

NN Model Frequency Pruning
Rate

FLOP
number

MLP-based ambiguity
estimation 800 MHz 50% 0.974× 106

CNN-based positioning 800 MHz 75% 1.148× 106

MLP-based ambiguity
estimation 1.8 GHz 0% 2.156× 106

CNN-based positioning 1.8 GHz 75% 2.330× 106

The optimal pruning rate varies based on the complexity of
the problem for each frequency and NN model.

Table I presents the pruning rates and the corresponding
FLOP counts for the two proposed approaches, along with
the NN models included at the two frequencies. As discussed
in Section IV-D, for a given frequency, the FLOP count of
the CNN-based positioning model includes the FLOP count
of the MLP-based ambiguity estimation model at the same
frequency.

B. Parametrization of MLE Benchmarks

As a first approach, to ensure a fair comparison with the
proposed NN approaches, the number of grid points (Ngrid
in (8)) should be chosen to match the FLOP number shown
in Table I. After finding the required Ngrid values, they are
rounded up to ensure that Ngrid is a perfect square, allowing
the grid points to be distributed uniformly in a square area
with equal spacing in both dimensions.

As an alternative approach, we calculate the complexity
reduction factor of the proposed NNs by determining the
required Ngrid values needed to achieve comparable position-
ing performance. In both MLE approaches, after identifying
the grid point that maximizes the MLE, a gradient descent
algorithm with 100 steps is used to fine-tune the estimation.

C. Ambiguity Estimation Results

To evaluate the performance of the MLP-based ambiguity
estimation model, we define two accuracy metrics, namely
element-wise accuracy and overall accuracy, over T test
samples. The element-wise accuracy is given by

Acce =
1

T

1

I − 1

T∑︂
t=1

I−1∑︂
m=1

I(ˆ︁km,t = km,t)× 100%, (11)

where ˆ︁km,t and km,t are the estimated and true ambiguitiesˆ︁km and km for the test sample t, respectively, and I(·) is the
indicator function, which equals 1 when its argument is true
and 0 otherwise. The overall accuracy is, in turn, defined as

Acco =
1

T

T∑︂
t=1

I(ˆ︁kt = kt)× 100%, (12)

TABLE II
ACCURACY PERFORMANCE OF AMBIGUITY ESTIMATOR MODELS

Transmit Power [dBm]

Metric Frequency –30 –20 –10 0

Acce
800 MHz 98.97% 99.57% 99.83% 99.89%
1.8 GHz 92.64% 97.90% 99.08% 99.43%

Acco
800 MHz 83.72% 92.97% 97.24% 98.40%
1.8 GHz 32.74% 71.13% 86.48% 91.59%

where ˆ︁kt and kt are the estimated and true ambiguity vectors
for the test sample t, respectively.

The accuracy results, evaluated over T = 150 × 103 test
samples for the considered frequencies and UE transmit power
levels, are presented in Table II. The accuracy decreases
at the higher frequency of 1.8 GHz compared to 800 MHz,
which can be attributed to the increased number of integer
ambiguities that must be resolved. However, overall, the
obtained accuracies are high, reflecting accurate ambiguity
resolution.

D. Positioning Results

Root mean-squared error (RMSE)-based positioning results
are calculated based on 150×103 test samples. A comparison
of the proposed MLP-based and CNN-based positioning
models with the corresponding MLE counterparts, is presented
in Fig. 5 for frequencies of 800 MHz and 1.8 GHz. The impact
of ambiguity estimation on CNN-based positioning model
performance was evaluated by comparing scenarios utilizing
true ambiguities versus estimated ambiguities. Both CNN-
and MLP-based models demonstrate superior performance
compared to their respective MLE counterparts, each matched
in inference complexity. This superiority can be attributed to
MLE’s limitations under constrained grid search parameters
designed to maintain comparable inference complexity across
NN models.

As illustrated in Fig. 5, the CNN-based model outperforms
the MLP-based model despite reduced inference complexity
as seen in Table I at 800 MHz. Notably, the CNN-based model
employing estimated ambiguities achieves a RMSE of 1 cm
at 0 dBm transmit power. Fig. 5 reveals that while the CNN-
based model exhibits lower performance than the MLP-based
model at low transmit power, it outperforms the MLP-based
model when transmit power exceeds –20 dBm at 1.8 GHz.
However, at 1.8 GHz, the CNN-based model requires greater
inference complexity compared to the MLP-based model (cf.
Table I). Additionally, the performance difference between
CNN models utilizing estimated versus true ambiguities is
more pronounced at 1.8 GHz, primarily due to the somewhat
reduced accuracy of the ambiguity estimation model at this
frequency (cf. Table II).

The required Ngrid values for the MLE to achieve sim-
ilar performance as the proposed NNs are found to be
7502 = 0.5625× 106 and 18002 = 3.24× 106 for 800 MHz
and 1.8 GHz, respectively. For MLP-based positioning, the
inference complexity reduction factors are approximately



(a) 800 MHz distributed deployment

(b) 1.8 GHz distributed deployment

Fig. 5. Positioning accuracy results and comparison between the two proposed
NNs and their MLE counterparts.

310 at 800 MHz and 1787 at 1.8 GHz, while for CNN-
based positioning, the factors are around 372 and 1055 at
800 MHz and 1.8 GHz, respectively. Due to the need for a
very dense grid search at higher frequencies with MLE, the
complexity reduction factors through the proposed methods
are significantly higher at 1.8 GHz – being already three orders
of magnitude. Furthermore, the optimal NN that maximizes
the reduction factor varies depending on the frequency.

To conduct a more comprehensive analysis, the positioning
error empirical cumulative distribution function (ECDF)
curves of the proposed NNs at a transmit power of 0 dBm
are illustrated in Fig. 6. In the MLP model, increasing the
frequency notably degrades the positioning performance. In
contrast, the CNN model demonstrates improved performance
at higher frequencies, with more ECDF values below approx-
imately 1.4 cm. Beyond this threshold, the lower frequency
exhibits superior performance, which can be attributed to the
ambiguity estimation accuracy at these frequencies. The 95th
percentile positioning errors for the CNN model are 2.08 cm
at 800 MHz and 3.08 cm at 1.8 GHz, whereas the MLP model
exhibits errors of 4.01 cm at 800 MHz and 4.34 cm at 1.8 GHz.

Fig. 6. ECDF of the proposed NNs at a transmit power of 0 dBm.

VI. CONCLUSION

This paper introduced and proposed two deep learning-
based approaches for uplink carrier phase positioning that
rely exclusively on distributed uplink phase observations
in a cell-free system – allowing to avoid classical ToA
measurements and the related challenges with clock biases.
Our results show that both proposed approaches outperform
traditional MLE benchmark method under the constraint of
comparable inference complexity. Specifically, the CNN-based
model achieves superior accuracy at higher transmit power
levels and demonstrates a positioning error of approximately
1 cm at 0 dBm UE transmit power at 800 MHz. However, its
performance is also more sensitive to ambiguity estimation
accuracy at higher frequencies (1.8 GHz). In contrast, the
MLP-based model exhibits more stable performance than
the CNN-based model across varying power levels. These
findings highlight the potential of deep learning for efficient
and precise phase-only positioning in future cell-free systems,
paving the way for improved localization in environments
where ToA-based methods are impractical. Our future work
will focus on studying and mitigating the impacts of multipath
and residual phase-calibration errors at the network side.
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