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Abstract—Accurate and robust localization is a critical enabler
for emerging 5G and 6G applications, including autonomous
driving, extended reality (XR), and smart manufacturing. While
data-driven approaches have shown promise, most existing
models require large amounts of labeled data and strug-
gle to generalize across deployment scenarios and wireless
configurations. To address these limitations, we propose a
foundation-model-based solution tailored for wireless localization.
We first analyze how different self-supervised learning (SSL)
tasks acquire general-purpose and task-specific semantic features
based on information bottleneck (IB) theory. Building on this
foundation, we design a pretraining methodology for the pro-
posed Large Wireless Localization Model (LWLM). Specifically,
we propose an SSL framework that jointly optimizes three
complementary objectives: 1) spatial-frequency masked chan-
nel modeling (SF-MCM), 2) domain-transformation invariance
(DTI), and 3) position-invariant contrastive learning (PICL).
These objectives jointly capture the underlying semantics of
wireless channel from multiple perspectives. We further design
lightweight decoders for key downstream tasks, including time-
of-arrival (ToA) estimation, angle-of-arrival (AoA) estimation,
single base station (BS) localization, and multiple BS localiza-
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tion. Comprehensive experimental results confirm that LWLM
consistently surpasses both model-based and supervised learning
baselines across all localization tasks. In particular, LWLM
achieves 26.0%–87.5% improvement over transformer models
without pretraining, and exhibits strong generalization under
label-limited fine-tuning, unseen BS configurations and cross-
dataset evaluations, confirming its potential as a foundation
model for wireless localization.

Index Terms—Wireless localization, foundation model, self-
supervised learning, 6G networks, transformer.

I. INTRODUCTION

AS WIRELESS systems evolve beyond basic communi-
cation functions, precise and reliable localization has

become an essential capability, playing a crucial role in fifth
generation (5G) and upcoming sixth generation (6G) networks
[1]. With location information, a wide array of applications
can be supported, including autonomous vehicles, uncrewed
aerial vehicle (UAV) coordination, and extended reality (XR)
[2]. Accurate location information also enhances system-level
functionalities such as mobility management [3], resource
scheduling [4], and interference mitigation [5]. Wireless local-
ization is usually addressed using model-based approaches,
including time-of-arrival (ToA), angle-of-arrival (AoA), and
received signal strength (RSS) measurements [6]. Classical
algorithms such as multiple signal classification (MUSIC)
and orthogonal matching pursuit (OMP) can estimate distance
and angle between the user equipment (UE) and the base
station (BS) for localization [7]. However, these methods
degrade in multipath-rich and non-line-of-sight (NLoS) scenar-
ios, especially under limited infrastructure. To overcome this,
artificial intelligence (AI)-based localization [8] has emerged
as a promising technique, allowing AI models to learn direct
mappings from channel state information (CSI) to position
without the need for explicit channel modeling.

Data-driven supervised learning methods train models to
map CSI to user locations using large-scale labeled datasets.
To enhance the model’s fitting ability and accuracy, various
neural network architectures have been studied, including mul-
tilayer perceptrons (MLPs) [9], convolutional neural networks
(CNNs) [10], [11], and long short-term memory (LSTM)
networks [12], [13]. With rapid advances in AI techniques,
transformers, which have revolutionized fields such as natural
language processing (NLP) and computer vision (CV), are also
showing their strong potential in localization tasks [14], [15],
[16], [17]. Nevertheless, most of these supervised learning
models are task-specific and require a large amount of labeled
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data for each new deployment scenario. Their heavy sample
dependence leads to high deployment overhead and poor
generalization across diverse environments and configurations.

To reduce the dependency on labeled data, semi-supervised
and unsupervised learning approaches have been proposed.
Some studies adopt autoencoders or generative adversarial net-
works (GANs) to reconstruct or simulate CSI without relying
on ground-truth positions. For instance, iPos-5G [18] uses an
autoencoder to extract CSI features for indoor localization.
In [19], the authors leverage variational autoencoder (VAE)-
based data augmentation and joint classification-reconstruction
networks for domain-adaptive localization. The authors in [20]
further propose a semi-crowdsourced radio map construction
framework using GAN-based augmentation to reduce annota-
tion effort. Other works apply transfer learning and domain
adaptation to reduce distribution shifts between source and
target domains [21]. While these methods alleviate labeling
costs to some extent, they typically do not learn robust,
location-dependent, and transferable representations. In par-
ticular, they fail to capture high-level semantic features, like
spatial relationships or environment-dependent channel pat-
terns, which can be exploited to support a wide range of
channel-related tasks and improve their performance. As a
result, their performance often deteriorates in heterogeneous
scenarios, such as varying bandwidths and pilot configurations.

In recent years, the foundation model paradigm [22] using
Large AI Models (LAMs) has achieved transformative success
in NLP, CV, and audio processing. These models are pre-
trained on large-scale unlabeled datasets using self-supervised
learning (SSL) [23] to acquire general-purpose, transferable
representations, as exemplified by BERT [24], generative
pre-trained Transformer (GPT) [25], and SpectralGPT [26].
Such models serve as universal encoders and have shown
significant improvements in semantic understanding, domain
transferability, and fine-tuning efficiency [27], [28]. Based on
this paradigm, wireless communications can also benefit from
the foundation model paradigm to overcome the problems of
scarce labeled data and insufficient generalization capabilities
for scenarios, environments, and configurations [29], [30],
[31], [32], [33]. A well-designed wireless foundation model
can serve as a universal semantic encoder, capturing physical
propagation characteristics that generalize across deployments,
hardware, and tasks. By formulating appropriate SSL tasks
over large-scale unlabeled CSI datasets, SSL enables neural
networks to discover the latent semantics of wireless channels.
Combined with transformer and well-designed SSL tasks [23],
such models have the potential to serve as wireless foundation
models, and can be fine-tuned for a wide range of downstream
tasks.

SSL algorithms mainly include generative-based and
contrastive-based approaches [23]. Building on these tech-
niques, several recent works have explored wireless founda-
tion models for general channel-related tasks. Based on a
generative-based approach, LWM [29] applies masked recon-
struction in the spatial-frequency domain for downstream
tasks such as channel estimation and beamforming. Wire-
lessGPT [30] extends masked modeling to three-dimensional
(3D) channel representations across spatial, time, and fre-
quency, achieving superior performance in channel estimation,

prediction, human activity recognition, and environment recon-
struction. WiFo [31] unifies frequency- and time-domain chan-
nel prediction under a masked SSL formulation and exhibits
strong zero-shot generalization. Based on a contrastive-based
approach, the authors in [34] employ data augmentation
techniques (e.g., random subcarrier selection and random
subcarrier flipping) to construct positive samples, enabling the
learning of invariant representations of wireless channels. In
addition, LLM4CP [32] and LLM4WM [33] directly fine-
tune large language models (LLMs) for wireless channel
tasks, transferring language representations to channel repre-
sentations. Although these works demonstrate the feasibility
and effectiveness of foundation models in wireless tasks and
may perform well in localization scenarios, none of them
is specifically designed for wireless localization. Moreover,
contrastive learning has also been employed to capture the
correlations between channel samples for low-dimensional
channel charting [35], [36], [37], [38]. Although such charting
captures channel-sample similarities, it fails to provide gener-
alizable representations for diverse downstream tasks.

In addition, some prior works have proposed SSL-based
pretraining frameworks for localization. For example, Crowd-
BERT [39] applies a masking strategy over RSS fingerprints
from multiple access points and fine-tunes the model with
limited labeled data. In [40], a signal-guided masked autoen-
coder uses antenna-domain masking and channel attention
to reconstruct channel impulse responses (CIRs) for multi-
BS localization. In [41], the paper reconstructs masked CIRs
to extract environment-specific semantics, enabling accurate
single-BS localization. However, these methods [39], [40],
[41] target specific localization tasks, lacking generalization
across tasks (e.g., AoA/ToA estimation, single/multi-BS local-
ization) and different BS configurations. Moreover, these
methods typically adopt a single SSL pretraining objective,
limiting the diversity of the learned channel semantics.

Although prior works have applied SSL to localization and
other wireless tasks with promising results, they generally
lack a principled theoretical analysis to explain why SSL is
effective in the wireless domain and typically rely on a single
type of SSL objective, leading to insufficiently rich feature
representations. In this paper, we propose a Large Wireless
Localization Model (LWLM),1 a self-supervised foundation
model tailored for wireless localization. LWLM is designed to
address the key challenges in generalization, adaptability, and
data efficiency across diverse localization tasks and deploy-
ment configurations.2 The main contributions are as follows:
• IB-motivated design principles for hybrid SSL: Moti-

vated by the information bottleneck (IB) framework, we
analyze how different SSL objectives contribute com-
plementary properties. Specifically, generative-based SSL
suppresses noise and redundancy to yield general-purpose
representations (Theorem 1), while contrastive-based SSL
captures task-relevant semantics by maximizing a lower
bound on mutual information (Theorem 2). While the
connection between IB and SSL has been reviewed

1The code is available at: https://github.com/guangjinpan/LWLM
2Similar to [42], the term “large” in this work refers to modeling scope

rather than parameter count, as LWLM is pretrained on large-scale heteroge-
neous channel data and supports diverse configurations, tasks, and scenarios.

https://github.com/guangjinpan/LWLM
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in prior work [43], our contribution lies in leverag-
ing these principles constructively: the analysis directly
informs why spatial-frequency masked channel modeling
(SF-MCM) and domain-transformation invariance (DTI)
are combined for general-purpose feature learning, and
why position-invariant contrastive learning (PICL) is
introduced to inject localization-specific semantics.

• Hybrid self-supervised learning framework for
LWLM: Based on the conclusions from the IB frame-
work, we propose a novel hybrid SSL pretraining
framework for wireless localization tasks that jointly
optimizes three objectives: (i) SF-MCM to capture local
and global correlations across antennas and subcarriers
(ii) DTI for enforcing consistency across spatial-
frequency and angle-delay domains, and (iii) PICL for
capturing robust, location-dependent semantics invariant
to BS configurations. While SF-MCM builds upon exist-
ing masked modeling techniques, DTI and PICL are
newly introduced. This joint learning framework enables
the model to acquire diverse, configuration-invariant, and
location-aware representations from unlabeled CSI.

• Task-adaptive decoders for downstream localization
tasks: We develop lightweight task-specific decoders
for key downstream localization tasks, including ToA
estimation, AoA estimation, single-BS localization, and
multi-BS fusion. To support an arbitrary number of BSs,
the multi-BS decoder extends single-BS models with an
attention-based fusion module that adaptively aggregates
the location estimates of each BS.

Experiments show that LWLM consistently outperforms
model-based and supervised-learning baselines across all
tasks. Specifically, compared with the transformer without
pretraining, LWLM achieves improvements of 26.0%, 34.7%,
87.5%, and 32.0% in ToA estimation, AoA estimation, single-
BS localization, and multi-BS localization tasks, respectively.
Moreover, LWLM demonstrates strong performance in label-
limited scenarios, generalizes well to unseen deployment
configurations and cross-dataset evaluations, and remains
compatible with pilot-based CSI measurements for practical
communication systems. In addition, we provide comprehen-
sive analyses on cross-domain generalization, computational
complexity, fine-tuning strategies, and pretraining loss weight
sensitivity.

II. SYSTEM MODEL

Considering an uplink multiple-input multiple-output
orthogonal frequency-division multiplexing (MIMO-OFDM)
system, a generic UE is equipped with a single omnidirectional
antenna, while a generic BS is equipped with a uniform linear
array (ULA) consisting of Nant antennas. The total system
bandwidth, denoted by Bbw, is uniformly divided into Nsubc
orthogonal subcarriers, each with bandwidth ∆f = Bbw/Nsubc.

A. Channel Model

Let pbs ∈ Rdp and pue ∈ Rdp denote the spatial coordinates
of the BS and UE, respectively, where dp = 2 indicates
a two-dimensional localization system. The CSI vector at

Fig. 1. Schematic diagram of the LWLM algorithm framework. First, the
LWLM foundation model is pretrained using the pretraining task, and then
fine-tuned on specific localization tasks.

the k-th subcarrier, denoted by hk ∈ CNant , characterizes
the uplink channel from the UE to the BS and is mod-
eled via the channel frequency response (CFR) as hk =∑L
l=1 αla

bs(θl)e
−j2πk∆fτl + nk, where L is the number of

multipath components (MPCs), αl ∈ C is the complex gain of
the l-th MPC, τl denotes its propagation delay, and θl is the
angle of arrival (AoA) at the BS. nk ∈ CNant represents the
additive white Gaussian noise (AWGN) vector. The ULA array
response vector abs(·) ∈ CNant for a given AoA θ is formu-

lated as abs(θ) =
[
1, e−j

2πd
λ sin(θ), . . ., e−j

2πd
λ (Nant−1) sin(θ)

]>
,

where λ and d denote the carrier wavelength and the antenna
spacing, respectively. Aggregating CFRs from all subcarriers,
the CFR matrix is H = [h1, . . .,hNsubc ] ∈ CNant×Nsubc .

B. Problem Formulation

Learning robust, generalizable representations from channel
measurements remains a key challenge in AI-driven wireless
localization [8]. To tackle this, we propose a general-purpose
channel representation framework based on SSL, named
LWLM (see Fig. 1). Specifically, LWLM is a transformer-
based encoder designed to learn universal and transferable
channel representations from a large-scale unlabeled channel
dataset, denoted as Dpre = {Hs|s = 1, . . ., N pre}, where
N pre is the total number of pretraining samples. The LWLM
encoder FLWLM

Φ (·), parameterized by Φ, transforms input CFR
sample s into a latent representation: os = FLWLM

Φ (Hs),
where os is the channel semantics, which includes the essential
propagation properties of the wireless channel in a task-
independent manner. To train the LWLM encoder FLWLM

Φ (·)
and obtain general-purpose representations os beneficial for
localization-related tasks, we design hybrid SSL tasks for the
pretraining stage. Let Ks-task = 1, 2, . . .,Ks-task denote the
set of Ks-task SSL pretraining tasks. Each pretraining task
ks-task has an associated decoder F s-task

Θks-task
, and the overall

optimization objective for the pretraining is formulated as

min
Φ,{Θks-task}

∑
ks-task∈Ks-task

αks-taskEHs∼Dpre

[
Lks-task

(
F s-task

Θks-task
(os),Hs

)]
,

s.t. os = FLWLM
Φ (Hs), (1)

where Lks-task(·, ·) is the loss function associated with SSL task
ks-task, and αks-task ≥ 0 is its corresponding weight.
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After the pretraining, the pretrained LWLM encoder
is adapted to multiple downstream localization tasks
through lightweight, task-specific decoders. Let Kd-task =
{1, 2, . . .,Kd-task} denote the set of downstream tasks. For each
localization-related task kd-task ∈ Kd-task, we define a decoder
Fd-task

Θkd-task
with parameters Θkd-task . The model is fine-tuned

using a small labeled dataset Dd-task
kd-task

= {(Hs,y
kd-task
s )|s =

1, 2, . . ., N d-task
kd-task
}, where ykd-task

s denotes the task-specific label
(e.g., ToA, AoA, 2D coordinates with dp = 2), and N d-task

kd-task
is

the number of labeled samples for task kd-task. The fine-tuning
objective for each downstream task kd-task can be expressed as

min
Φ,Θkd-task

E
(Hs,y

kd-task
s )∼Dd-task

kd-task

[
Lkd-task

(
Fd-task

Θkd-task
(os),y

kd-task
s

)]
,

s.t. os = FLWLM
Φ (Hs), (2)

where Lkdown(·, ·) is the task-specific loss function for task
kdown. Notably, during the fine-tuning phase, the parameters
Φ of the LWLM encoder can be either frozen or updated,
depending on factors such as the similarity between the down-
stream and pretraining tasks, the amount of labeled data, and
the complexity of the downstream decoder. In this work, since
the downstream task differs significantly from the pretraining
objective and we adopt a lightweight decoder, we fine-tune the
encoder during downstream training.

III. INFORMATION BOTTLENECK ANALYSIS FOR SSL

The connection between SSL and IB theory has been
systematically reviewed in [43]. While that work establishes
the general relationship between SSL and the IB principle,
it does not provide explicit guidance on how to combine
different types of SSL objectives for a specific downstream
application. To fill this gap, we adopt the IB framework [44]
as an analytical tool to derive design principles for our hybrid
SSL pretraining strategy. The IB objective aims to optimize
the encoder and decoder by minimizing

LIB(Φ,Θ) = I(O;H)− βI(O;Y ), (3)

where H , O, and Y denote the random variables correspond-
ing to the input channel matrix, the learned intermediate
representation, and the downstream task labels, respectively.
Their realizations are denoted by H , o, and y. The weighting
factor β > 0 controls the trade-off between compression and
prediction, and Φ and Θ are the trainable parameters of the
encoder and decoder, respectively.

To minimize the IB objective, the first term encourages
the encoder to discard task-irrelevant noise and redundant
information from the input, while the second term encourages
the decoder to retain task-relevant features from the learned
representation O. Although this supervised formulation pro-
vides an ideal framework for learning meaningful semantic
representations, directly optimizing it is often impractical
due to limited labeled data and generalization concerns. In
the context of foundation models, we expect the learned
representation O to encode semantics that are transferable
across multiple downstream localization tasks. This requires
SSL objectives that not only suppress irrelevant channel infor-
mation (e.g., noise) and preserve general-purpose semantic

content, but also capture task-relevant semantics. Based on
this principle, we analyze two types of SSL tasks within the
IB framework: generative-based SSL and contrastive-based
SSL. In the following, we show that generative-based SSL
promotes generalization by reconstructing underlying channel
structures (Theorem 1), while contrastive-based SSL tailors
the representation to be more discriminative for localization
tasks (Theorem 2).

A. Generative-Based SSL Within IB Framework

As mentioned above, to enable the learned representa-
tion O to discard semantically irrelevant information (e.g.,
channel estimation noise) and prevent overfitting while ensur-
ing generalization across diverse downstream tasks, our goal
is to minimize the mutual information I(O;H). However,
directly minimizing I(O;H) may lead to results where O
and H become completely independent, thus losing useful
semantic information. To address this issue, we introduce
generative-based SSL tasks to preserve the channel seman-
tics. Specifically, we consider a set of generative-based SSL
tasks involving channel transformations {Tkg (H)}Kgkg=1 (e.g.,
masked modeling, domain transformation), where Kg denotes
the number of generative-based SSL tasks used during the
pretraining stage. For each SSL task kg , the corresponding IB
objective is formulated as

LIB-G(Φ,Θ) = I(O;H)− βkgI(O;Tkg (H)), (4)

where βkg is the weighting factor, and is generally greater than
1, as indicated by later derivations. Based on this, we present
the following theorem (proof in Appendix A):

Theorem 1: For the transformation Tkg (H), let T kg (H)
be defined so that the map H 7→ (Tkg (H), T kg (H)) is
invertible. Define the reconstruction loss for Tkg (H) and
residual reconstruction loss for T kg (H) for the generative-
based SSL task kg as

Lkg(Φ,Θkg )=−Ep(H)qΦ(O|H)

[
ln pΘkg

(
Tkg (H) |O

)]
Lkg(Φ,Θkg )=−Ep(H)qΦ(O|H)

[
ln pΘkg

(
T kg (H)|Tkg (H), O

)]
where Φ are the parameters of the encoder, Θkg are the param-
eters of the decoder for task-relevant output Tkg , and Θkg are
the parameters of the decoder for the residual component T kg .
Then, the IB objective LIB-G(Φ,Θ) can be approximated as

LIB-G(Φ,Θ) ≈ (βkg − 1)Lkg (Φ,Θkg )− Lkg (Φ,Θkg ) + C.

(βkg − 1) > 0 denotes the trade-off between preserving task-
relevant information and discarding residual information, and
C is a constant independent of parameters Φ, Θkg and Θkg .
Based on Theorem 1, the first term Lkg (Φ,Θkg ) encourages
to learn a better representation O to accurately reconstruct
Tkg (H), while the negative second term Lkg (Φ,Θkg ) encour-
ages O to suppress the reconstruction of T kg (H), hence
discarding residual information. This highlights a trade-off
in the representation O to preserve important semantics from
Tkg (H) and discard irrelevant or noisy components. It is worth
noting that, in the actual training process, T kg (H) is typically
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not directly accessible. As a result, low-dimensional represen-
tations of O, along with dropout and normalization layers,
are often employed to help the neural network implicitly
discard residual information. Furthermore, we generally set
(βkg−1) > 0 to encourage the AI model to learn the important
channel semantics while reconstructing Tkg (H). Based on
Theorem 1, we can infer that incorporating a richer set of
generative-based SSL tasks {Tkg (H)} can further guide the
representation O to minimize shared redundant information
across these tasks (such as noise). This, in turn, will result
in O containing richer and more meaningful semantics of
the channel. However, because these tasks do not incorporate
downstream-specific signals, the resulting representations may
lack optimal task specificity. In the next section, we explain
how contrastive-based SSL can introduce targeted downstream
semantics to further enhance task-specific performance.

B. Contrastive-Based SSL Within IB Framework

To extract task-dependent semantics tailored for downstream
localization tasks, our goal is to let channel representation
O include more location-related semantics during pretraining.
Since ground-truth labels y are typically unavailable during
pretraining, we employ a contrastive learning method to indi-
rectly obtain localization-related semantics. For localization,
measurements from the same location under varying wireless
conditions form positive pairs, while those from different
locations serve as negative pairs. To illustrate that contrastive-
based SSL can extract task-related semantics, we first give the
following theorem (proof in Appendix B):

Theorem 2: Let Nbat = {(Hs,ys)}
Nbat
s=1 ⊂ Dpre be a batch

of samples drawn independently from the joint distribution
p(H,Y ), where Nbat denotes the batch size. For each sample
s with target label ys, we additionally sample another channel
realization Hs+ ∼ p(H | Y = ys), which serves as a positive
sample. The corresponding representations are obtained by
os ∼ qΦ(o|Hs), and os+ ∼ qΦ(o|Hs+). Constructing the
InfoNCE contrastive loss:

LInfoNCE = − 1

Nbat

Nbat∑
s=1

[
ln

exp
(
sim(os,os+)/τ

)∑Nbat
j=1 exp

(
sim(os,oj)/τ

)] ,
(5)

where sim(·, ·) denotes cosine similarity, and τ > 0 is a
temperature parameter, the contrastive objective provides the
following lower bound for I(O;Y ):

I(O;Y ) ≥ I(O;O+) ≥ log(Nbat)− LInfoNCE, (6)

where the constant term is independent of Φ.
Constructing the InfoNCE contrastive loss:

LInfoNCE = − 1

Nbat

Nbat∑
s=1

[
ln

exp
(
sim(os,os+)/τ

)∑
exp
(
sim(os,oj)/τ

)] , (7)

where sim(·, ·) denotes cosine similarity, and τ > 0 is a
temperature parameter, the contrastive objective provides the
following lower bound for I(O;Y ):

I(O;Y ) ≥ I(O;O+) ≥ log(Nbat)− LInfoNCE, (8)

where the constant term is independent of Φ.

According to Theorem 2, minimizing the InfoNCE loss in
contrastive-based SSL is equivalent to maximizing a lower
bound of I(O;Y ), thereby indirectly minimizing the original
IB cost I(H;O)−βI(O;Y ). Therefore, contrastive-based SSL
can capture the semantic representation of task dependencies.
While this paper is primarily discussed in the context of
localization, the underlying principle can be extended to other
channel-related tasks by identifying meaningful invariances.
Consequently, the proposed framework can be effectively
adapted to a broad range of wireless applications, such as
sensing and channel extrapolation.

In summary, the above analysis yields two design
principles for our hybrid SSL framework. First, from
Theorem 1, incorporating multiple generative-based objectives
encourages the representation to suppress shared redundancy
across tasks (e.g., channel noise and hardware impairments)
while preserving richer channel semantics. This motivates
combining SF-MCM, which exploits spatial-frequency cor-
relations inherent in MIMO-OFDM channels, with DTI,
which enforces cross-domain consistency between the spatial-
frequency and angle-delay representations. Second, from
Theorem 2, contrastive-based SSL introduces task-relevant
structure by maximizing a lower bound on the mutual informa-
tion between the representation and downstream labels. This
motivates the design of PICL, which uses co-located channel
observations under different BS configurations as positive
pairs, thereby injecting localization-specific invariance into the
representation. These two principles jointly inform the hybrid
pretraining framework presented in Sec. IV.

IV. SELF-SUPERVISED PRETRAINING FRAMEWORK

Based on the above analysis, we develop a hybrid SSL
framework tailored for wireless localization tasks, where SF-
MCM and DTI are generative-based SSL methods, while
PICL is a contrastive-based SSL method. Unlike purely data-
driven SSL frameworks in CV or NLP, the proposed LWLM
leverages not only large-scale data but also explicitly inte-
grates domain knowledge of wireless propagation. Each SSL
objective is physically motivated: SF-MCM exploits the inher-
ent spatial–frequency correlations of MIMO-OFDM channels,
DTI leverages the information equivalence between differ-
ent physical domains (i.e., spatial–frequency and angle–delay
domains), and PICL captures the geometric invariance of prop-
agation paths under varying BS configurations. This design
combines knowledge extracted from data with that derived
from wireless channel models, enabling LWLM to effec-
tively reuse and internalize physical channel priors for more
interpretable and generalizable representations. The schematic
diagram of the pretraining algorithm is shown in Fig. 2. It is
worth noting that SF-MCM is adapted from existing masked
modeling works [29], [30], while DTI and PICL are newly
introduced.

A. SF-MCM-Based SSL

SF-MCM is a generative SSL method that captures channel
semantics by randomly masking spatial-frequency channel
data and reconstructing it. The main objective of this SSL
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Fig. 2. Schematic diagram of the pretraining algorithm. The channel semantic representation os based on the hybrid SSL method is the concatenation of the
three representations oSF-MCMs , oDTI

s , oPICL
s . At each training step, we compute a weighted sum of three separate losses as the final pretraining loss.

method is to enable the neural network to generate the masked
portions, thereby learning the correlations across subcarriers
and antennas.

Given a CFR sample Hs, we randomly select subsets of
antennas and subcarriers to be masked, denoted as NM

ant ⊆
{1, . . ., Nant} and NM

subc ⊆ {1, . . ., Nsubc}, with |NM
ant | = N̂M

ant
and |NM

subc| = N̂M
subc, respectively. We define a binary masking

matrix M ∈ {0, 1}Nant×Nsubc as

[M ]i,j =

{
0, i ∈ NM

ant or j ∈ NM
subc

1, otherwise
, (9)

where [M ]i,j = 0 indicates that the corresponding spatial-
frequency entry (i, j) is masked (i.e., removed and requires
reconstruction), while [M ]i,j = 1 denotes an unmasked entry.
The masked channel, denoted as T SF-MCM(Hs), is given by

T SF-MCM(Hs) = Hs �M , (10)

where � denotes element-wise multiplication. The masked
channel T SF-MCM(Hs) serves as the input to the LWLM
encoder to obtain a latent representation, i.e., oSF-MCM

s =
FLWLM

Φ (T SF-MCM(Hs)), where oSF-MCM
s represents the latent

embedding learned from the SF-MCM pretraining objective.
Subsequently, the latent representation is decoded via a

decoder FSF-MCM
ΘSF-MCM(·) to reconstruct the original CFR, i.e.,

Ĥ
SF-MCM
s = FSF-MCM

ΘSF-MCM
(oSF-MCM
s ), where Ĥ

SF-MCM
s is the

reconstructed channel by SF-MCM decoder. As stated in
Theorem 1, minimizing the reconstruction error helps cap-
ture richer channel semantics. Therefore, we adopt the mean
squared error (MSE) loss as the reconstruction objective:

LSF-MCM =
1

Nbat

∑
Hs∈Nbat

∥∥∥(Ĥ
SF-MCM
s −Hs)� (1M−M)

∥∥∥2

F
,

(11)
where ‖ · ‖F denotes the Frobenius norm and 1M denotes the
all-ones matrix of the same size as M . 1M −M restricts the
loss to masked positions, forcing the encoder to infer them
from the unmasked context.

B. DTI-Based SSL

DTI learns general-purpose features across different
physically meaningful channel domains by learning their

transformations. This essentially enables LWLM to acquire
domain transformation knowledge commonly used in the
wireless field, thereby obtaining cross-domain consistent rep-
resentations that preserve essential channel semantics. In
this work, we consider the spatial-frequency and angle-delay
domains, though the approach is extendable to others. Given
a spatial-frequency domain channel representation Hs, its
corresponding angle-delay domain representation TDTI(Hs)
can be obtained by two-dimensional discrete Fourier trans-
forms (2D-DFT). The transformation process can be expressed
as TDTI(Hs) = W H

θHsW
∗
τ , where (·)H denotes conju-

gate transpose and (·)∗ denotes the complex conjugation.
The unitary DFT matrices W θ ∈ CNant×Nant and W τ ∈
CNsubc×Nsubc map the spatial domain to the angle domain
and the frequency domain to the delay domain, respec-
tively. Each element of the DFT matrix can be expressed
as [W θ]i1,i2 = 1√

Nant
exp
(
−j2π i1i2Nant

)
, and [W τ ]i1,i2 =

1√
Nsubc

exp
(
−j2π i1i2

Nsubc

)
. To learn transformation-invariant fea-

tures, the LWLM encoder first maps the input CFR into a latent
representation: oDTI

s = FLWLM
Φ (Hs). Then, the DTI decoder,

i.e. FDTI
ΘDTI

(·) with parameters ΘDTI, decodes oDTI
s to the angle-

delay domain, i.e., Ĥ
DTI
s = FDTI

ΘDTI
(oDTI
s ), where Ĥ

DTI
s denotes

the output of the DTI decoder.
Following Theorem 1, our target is to minimize the recon-

struction loss. Considering the sparsity of the channel in the
angle-delay domain, the reconstruction loss LDTI is defined
via angle-delay dissimilarity [35]:

LDTI =
1

Nbat

∑
Hs∈Nbat

1−

∣∣∣〈TDTI(Hs), Ĥ
DTI
s 〉

∣∣∣
‖TDTI(Hs)‖ · ‖Ĥ

DTI
s ‖

 , (12)

where 〈·, ·〉 denotes the Frobenius inner product.

C. PICL-Based SSL

PICL leverages location invariance across different BSs or
configurations using contrastive learning. Unlike SF-MCM and
DTI, PICL relies on co-location information (e.g., multi-BS
reception of the same uplink transmission or UE identifiers)
to construct positive pairs, while still being free of explicit
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position labels. By treating pairs of CSI observations from
the same location as positive samples, the encoder learns to
associate these views with similar latent representations. As
shown in Theorem 2, contrastive-based PICL enhances the
expressiveness of representations for task-specific semantics,
making them more suitable for localization.

Given a CFR sample Hs and its corresponding positive
sample Hs+ , both of which are captured at the same location
but under different BS deployments or configuration settings,
these paired samples are used to guide the contrastive learning
process in PICL.3 This reflects a realistic acquisition process
and does not rely on position labels during training. The
LWLM encoder generates latent representations as follows:

oPICL
s = FLWLM

Φ (Hs), oPICL
s+ = FLWLM

Φ (Hs+). (13)

Latent representations oPICL
s and oPICL

s+ are then processed by
PICL decoder FPICL

ΘPICL
(·), incorporating the associated BS con-

figuration, to produce configuration-invariant representations:

õPICL
s = FPICL

ΘPICL
(oPICL
s , cs), õPICL

s+ = FPICL
ΘPICL

(oPICL
s+ , cs+), (14)

where cs = [pbs
s , Bbw, s includes the BS location and band-

width configuration.4

During training, as described in Theorem 2, we employ the
NT-Xent loss [45], which is a special form of the InfoNCE
loss [46]. Specifically, two mini-batches of channel samples,
N bat

1 and N bat
2 , are sampled from pretraining datasets Dpre,

each containing Nbat samples. The s-th sample in N bat
1 and

the s+-th sample in N bat
2 form a positive pair, while all others

(2Nbat−2) samples are treated as negatives. Let Ñ bat = N bat
1 ∪

N bat
2 denote the full batch. The PICL loss is defined as

LPICL =
1

2Nbat

∑
s∈Ñ bat

∑
s+∈Ñ bat

1s,s+`s,s+ , (15)

where 1s,s+ = 1 if s and s+ form a positive pair, and 1s,s+ =
0 otherwise. For each positive pair (s, s+), the contrastive loss
`s,s+ is given by

`s,s+ = − log
exp

(
sim(õPICL

s , õPICL
s+ )/τ

)∑
s?∈Ñ bat,s? 6=s

exp
(
sim(õPICL

s , õPICL
s? )/τ

) . (16)

where sim(a, b) = a>b
‖a‖‖b‖ denotes cosine similarity and τ is

a temperature hyperparameter.

D. LWLM Architecture and Training Details

In this subsection, we provide a detailed description of
the implementation and pretraining procedure of the proposed
LWLM. Specifically, we describe the architecture of the
encoder and SSL-specific decoders.

3In practical networks, paired CSI samples can be obtained from multi-BS
measurements collected for positioning tasks, e.g., UTDOA-based localization
in 5G systems [8]. A UE transmission received by multiple BSs within a
short time window naturally forms multi-view observations at approximately
the same location. Strict synchronization is not required as long as the UE
displacement during the measurement interval is small.

4In this paper, we consider only bandwidth variation, but this formulation
can be easily extended to incorporate other configuration parameters such as
frequency band, transmit power, etc.

Fig. 3. Schematic diagram of LWLM encoder architecture.

1) Model Input: As mentioned above, the input to the
model is the complex CFR matrix Hs. To facilitate real-
valued neural network processing, we represent the complex
CSI using its magnitude and phase components, which form
a bijective transformation of the original complex signal.5

This amplitude–phase representation preserves full informa-
tion while enabling stable training with standard real-valued
networks. Specifically, we rewrite it as

Hs = [|Hs|,∠Hs] ∈ R2×Nant×Nsubc . (17)

The input Hs is a 3D tensor of shape (2, Nant, Nsubc), with
the first dimension corresponding to the amplitude and phase,
respectively.

2) Channel Embedding: As shown in Fig. 3, before feeding
into the transformer encoder, we perform channel tokenization
to convert the 3D channel input Hs into a sequence of
embeddings. Inspired by the tokens-to-token vision trans-
former (T2T-ViT) framework [47], we apply a 2D CNN layer
with Nembed convolution kernels of size Kcnn × Kcnn and
stride Scnn along both dimensions. This operation produces
Npatch tokens, each represented by an Nembed-dimensional
vector. The total number of patches Npatch is computed as
Npatch =

⌊
Nant−Kcnn
Scnn

+ 1
⌋
×
⌊
Nsubc−Kcnn

Scnn
+ 1
⌋

.
Let xembed

s,u denote the u-th token for sample s. To guide
the model in learning global channel semantics (GCSs) for
localization, inspired by BERT’s [CLS] token [24], we intro-
duce a learnable embedding called the localization semantic
token (LST). LST is denoted by xembed

l,0 , and is placed at the
beginning of the token sequence. As a trainable embedding,
LST xembed

l,0 has no actual semantics before being input into
the transformer encoder. This means that LST will not be
biased towards its own local semantics like other tokens. After
passing through multiple layers of transformers, it gradually
integrates information from all tokens via the multi-head
attention mechanism, thereby aggregating GCSs. Additionally,

5We adopt real-valued networks for stable and efficient training, consistent
with most existing works [10], [31], [40]. Exploring complex-valued neural
networks is left for future work.
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since transformers are permutation-invariant, we incorporate
sequence embeddings6 to embed sequence-specific informa-
tion. Consequently, the embedding sequence input Xembed

s ∈
R(Npatch+1)×Nembed to the transformer is defined as

Xembed
s = [xembed

l,0 ,xembed
l,1 , . . .,xembed

l,Npatch
] + Eseq, (18)

where Eseq ∈ R(Npatch+1)×Nembed is the sequence embedding
matrix [48], with entries defined as

[Eseq]seq,2i = sin
( seq

100002i/Nembed

)
, (19)

[Eseq]seq,2i+1 = cos
( seq

100002i/Nembed

)
, (20)

for sequence index seq ∈ {0, 1, . . ., Npatch} and embedding
dimension index i. This tokenization strategy transforms the
3D channel structure into a sequential format, enabling the
transformer to capture both local and global dependencies
across antennas and subcarriers.

3) LWLM Encoder Architecture: As illustrated in Fig. 3,
the LWLM encoder FLWLM

Φ (·) consists of Nenc transformer
encoder layers followed by a normalization layer. Each
transformer encoder layer includes multi-head self-attention
modules and feed-forward neural networks to model long-
range dependencies and semantic interactions across tokenized
representations. Details of the transformer encoder layer can
be found in [48]. The final normalization layer helps stabilize
feature distributions and facilitates efficient training conver-
gence.

The transformer encoder maps each Nembed-dimensional
token to a semantic representation of dimension Nlatent, result-
ing in an output matrix os ∈ R(Npatch+1)×Nlatent . We further
partition the latent output os into three distinct parts to support
the individual SSL objectives described in Sections IV-A,
IV-B, and IV-C. The entire channel representation can be
expressed as os = [oSF-MCM

s ,oDTI
s ,oPICL

s ], where oSF-MCM
s ∈

R(Npatch+1)×NSF-MCM , oDTI
s ∈ R(Npatch+1)×NDTI , and oPICL

s ∈
R(Npatch+1)×NPICL are the feature segments sent to their respec-
tive decoders. Therefore, the total dimension of Nlatent is given
by NSF-MCM +NDTI +NPICL = Nlatent.

In particular, the first row of os, corresponding to the LST,
is denoted by oLST

s , which serves as the GCS information.
This vector captures high-level, location-relevant features and
is used as input for downstream localization decoders. Detailed
use of oLST

s for localization tasks will be introduced in
Sec. V.

4) Pretraining Decoder Architecture: Fig. 4 illustrates
the pretraining decoder architectures. The SF-MCM and
DTI decoders have identical transformer-decoder-based struc-
tures with different parameters. Details of the transformer
decoder can be found in [48]. Given semantic representations
oSF-MCM
s or oDTI

s , the transformer decoder with Ndec layers
reconstructs the channel representation. After decoding, the
LST token is discarded, and the remaining tokens of shape
(Nbat, Npatch, Nembed) are folded [47] to match the input dimen-

sions. The final output is a 4-dimensional tensor Ĥ
SF-MCM

s

6In the context of transformers, this is commonly referred to as position
embeddings [48], indicating the sequential order of each patch. However, to
avoid confusion with the position information in localization tasks, we term
this as sequence embeddings.

Fig. 4. Schematic diagram of pretraining decoder architecture.

or Ĥ
DTI

s with shape (Nbat, 2, Nant, Nsubc), where the second
dimension represents the real and imaginary parts of the
channel in the spatial-frequency and angle-delay domains for

Ĥ
SF-MCM

s and Ĥ
DTI

s , respectively. Based on Ĥ
SF-MCM

s and

Ĥ
DTI

s , the losses defined in Sec. IV-A and Sec. IV-B can be
equivalently computed via a differentiable transformation.

For the PICL decoder, the semantic representation oPICL
s

is first processed by a mean pooling operation over the patch
dimension, producing a pooled channel representation of shape
(Nbat, NPICL). Simultaneously, the BS configuration vector cs
is passed through a single-layer MLP to generate a config-
uration embedding of the same shape as the pooled channel
representation. These two embeddings are then combined via
element-wise addition. The resulting vector is fed into another
single-layer MLP, which outputs a final location-dependent
embedding õPICL

s ∈ RNbat×ÑPICL , where ÑPICL is an output
dimension for downstream contrastive learning objectives.

5) Pretraining Process: The pretraining procedure is sum-
marized in Algorithm 1, which outlines the detailed steps for
optimizing LWLM under the proposed SSL method. First,
a batch of channel samples N bat

1 is drawn from the unla-
beled dataset Dpre. Based on N bat

1 , a second batch N bat
2 is

constructed, where each sample in N bat
2 serves as a positive

counterpart for the corresponding sample in N bat
1 , as discussed

in Sec. IV-C. Using N bat
1 , we compute the SF-MCM and DTI

losses LSF-MCM and LDTI as described in Eq. (11) and (12),
respectively (see Sections IV-A and IV-B). For the PICL loss
LPICL, both batches N bat

1 and N bat
2 are used jointly to compute

the loss, as defined in Eq. (15) and (16). For each task-
specific loss, we first compute the full semantic representation
os for every sample s, and extract the corresponding task-
specific embeddings oSF-MCM

s , oDTI
s , and oPICL

s as described in
Sec IV-A, IV-B and IV-C, and illustrated in Fig. 3. Finally,
the total pretraining objective Lpretrain is defined as a weighted
combination of the three pretraining losses:

Lpretrain = αSF-MCMLSF-MCM + αDTILDTI + αPICLLPICL, (21)

where αSF-MCM, αDTI, αPICL are predefined weighting coeffi-
cients that balance the contribution of each loss component.

V. DOWNSTREAM LOCALIZATION-RELEVANT TASKS

We evaluate LWLM on four localization-related downstream
tasks: ToA estimation, AoA estimation, single-BS localization,
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Algorithm 1 Self-Supervised Pretraining of LWLM

Fig. 5. Schematic diagram of the encoder-decoder architecture for ToA
estimation, AoA estimation, and single-BS localization. Blue boxes indicate
the decoder components.

and multi-BS localization. Each task employs a lightweight
decoder fine-tuned with a small amount of labeled data, with
both the pretrained encoder and decoder updated during fine-
tuning.

A. ToA Estimation

ToA estimation aims to predict the first-path propagation
delay τs,1 from the BS to the UE for channel Hs in LOS sce-
narios, which is often used to infer the radial distance between
them. We first extract the GCS oLST

s using the pretrained
LWLM encoder FLWLM

Φ (·), as introduced in Sec. IV-D. The
ToA is then predicted using a task-specific decoder Fd-task

ΘToA
that

takes both the semantic representation oLST
s = FLWLM

Φ (Hs)
and the BS configuration cs as input:

τ̂s,1 = Fd-task
ΘToA

(oLST
s , cs). (22)

The decoder is implemented by MLPs as shown in Fig. 5.
The BS configuration cs uses a single-layer MLP embedding
and adds it to oLST

s , which is then estimated by a two-layer
regression MLP. The training objective is to minimize the
mean absolute error (MAE):

LToA =
1

Nbat

∑
s∈Nbat

|τ̂s,1 − τs,1| . (23)

B. AoA Estimation

Similar to ToA estimation, AoA estimation aims to deter-
mine the azimuth angle θs,1 of the first path from the UE to
the BS in LOS scenarios. Based on channel Hs, we use the
LWLM encoder to extract the GCS oLST

s = FLWLM
Φ (Hs). The

AoA is then estimated by a dedicated decoder Fd-task
ΘAoA

:

θ̂s,1 = Fd-task
ΘAoA

(oLST
s , cs). (24)

The decoder architecture is similar to that of ToA, as shown
in Fig. 5. The loss function is also based on MAE:

LAoA =
1

Nbat

∑
s∈Nbat

∣∣∣θ̂s,1 − θs,1∣∣∣ . (25)

C. Single-BS Localization

Single-BS localization aims to estimate the UE position
based solely on the CSI received from a single BS. Given
a CFR sample Hs, the LWLM encoder extracts the GCS
representation oLST

s . A task-specific decoder Fd-task
ΘSB-Loc

then
predicts the UE location p̂ue

s :

p̂ue
s = Fd-task

ΘSB-Loc
(oLST
s , cs), (26)

As illustrated in Fig. 5, the decoder shares the same archi-
tecture as those used for ToA and AoA estimation. It consists
of a configuration embedding module (a single-layer MLP)
followed by a two-layer MLP with output dimension dp. The
configuration embedding is first combined with the semantic
vector oLST

s via element-wise addition, and the resulting fea-
ture is used for position regression. The training loss is the
mean Euclidean distance:

Lloc =
1

Nbat

∑
s∈Nbat

‖p̂ue
s − pue

s ‖2 . (27)

D. Multi-BS Localization

Although single-BS localization performs well in certain
cases, it often suffers in multipath-rich or NLoS scenarios. In
contrast, multi-BS localization aggregates CSI from multiple
BSs to jointly estimate the UE position, thereby improving
robustness and accuracy.

Let M denote the number of participating BSs. For a
fixed UE location, the set of CFR samples collected from
M BSs is denoted as {Hm,s}Mm=1. Each channel sample is
independently encoded by the LWLM encoder to obtain the
corresponding GCS representation oLST

m,s.
To maintain scalability with varying numbers of BSs, we

extend the single-BS decoder design, as shown in Fig. 5.
Specifically, each BS independently estimates a candidate UE
position p̂ue

m,s using a dedicated single-BS decoder Fd-task
ΘSB-Loc,m

,
which operates on the semantic vector oLST

m,s and its corre-
sponding BS configuration cm,s:

p̂ue
m,s = Fd-task

ΘSB-Loc,m
(oLST
m,s, cm,s). (28)

An attention-based fusion mechanism is subsequently applied
to aggregate position estimates from all BSs. The final UE
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Fig. 6. Schematic diagram of multi-BS localization decoder architecture.

position is computed as a weighted sum of the individual
predictions:

p̂ue
s =

M∑
m=1

wm,s · p̂ue
m,s, (29)

where wm,s denotes the attention weight associated with BS
m. The attention weight wm,s is derived from the feature
vector xSB

m,s extracted from the penultimate layer of the
corresponding single-BS localization decoder. We employ a
lightweight MLP as the attention layer, denoted as MLPattn(·),
to compute the attention logits:

wm,s =
exp

(
MLPattn(xSB

m,s)
)∑M

m∗=1 exp
(
MLPattn(xSB

m∗,s)
) . (30)

This attention mechanism enables the model to assign adaptive
confidence weights to each BS, effectively leveraging the most
reliable information sources in challenging environments.

Consequently, the overall multi-BS localization decoder
FΘMB-Loc consists of two key components: (i) Single-BS
decoders {Fd-task

ΘSB-Loc,m
}Mm=1 and (ii) an attention-based fusion

module implemented via MLPattn(·). During fine-tuning, we
only need to train the attention layer once, even for different
numbers of participating BSs. The output of the attention layer
can be normalized by (30) to adapt to different numbers of
BSs. In addition, during actual deployment, the localization
results and weights of each BS can be transmitted to the fusion
center or the user side for aggregation, effectively reducing the
data transmission overhead. This modular design offers both
flexibility and scalability, making it well-suited for deployment
in dynamic wireless environments with varying numbers of
BSs. Similar to the single-BS localization, we use Eq. (27) as
the loss function.

VI. EXPERIMENTS

A. Experiment Settings

In this study, we use DeepMIMO [49], a widely adopted
ray-tracing-based channel dataset, to evaluate our proposed
wireless localization algorithms. Specifically, we select the
O1 scenario [49], which models a typical outdoor urban
environment with two intersecting streets, as shown in Fig. 7.

For the self-supervised pretraining phase, we consider 4 BSs
(i.e., BS 3, 4, 9, and 10). Each BS is equipped with a ULA
comprising 32 antennas and utilizes 128 subcarriers. The chan-
nel bandwidths used during the pretraining phase are set to
10 MHz, 20 MHz, and 50 MHz. Channel data are collected
from the spatial region highlighted by the red rectangle along
the horizontal street shown in Fig. 7. For each BS config-
uration (combination of BS location and bandwidth setting),

Fig. 7. Schematic diagram of channel simulation scenario O1. The red dashed
box is the sampling area of the channel, and the red solid box represents the
4 BSs involved in channel collection.

TABLE I
SYSTEM AND MODEL PARAMETERS

we collect channel measurements from 488,698 unique spatial
locations, resulting in a comprehensive pretraining dataset
containing 4×3×488, 698 = 5, 864, 376 channel samples. In
the fine-tuning stage, unless otherwise specified, we randomly
select channel samples from 10, 000 locations for training,
channel samples from 1, 000 locations for validation, and an
additional 10,000 locations for testing the performance of our
model. System parameters and model parameters deployment
details are shown in Table I. We use 200 epochs for pretraining
and 1000 epochs for fine-tuning. Although fine-tuning uses
more epochs numerically, the total number of optimization
steps during fine-tuning (about 300,000 steps) is nearly one
order of magnitude smaller than that of pretraining (about
3,000,000 steps). The larger fine-tuning epoch budget is used
to ensure sufficient convergence under limited labeled data
and to allow non-pretrained baselines to fully approach their
performance limits for fair comparison. In the ToA estimation,
AoA estimation, and single BS localization experiments, we
take the performance of BS 3 as a representative case study
to evaluate and compare the effectiveness of the proposed
method. Although the data for both pretraining and fine-tuning
are collected from the same scenario, this setting is reasonable
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Fig. 8. CDF of ToA estimation error with 10,000 fine-tuning samples.

since the pretraining stage does not require labeled data, and
in practical systems, each BS can typically provide sufficient
channel data to support pretraining.

We evaluate the performance of the following algorithms:
• LWLM: The proposed model trained with our

hybrid self-supervised pretraining approach combining
SF-MCM, DTI, and PICL.

• LWLM-SFMCM: Only the SF-MCM-based pretraining
strategy is used as an ablation experiment. LWLM-
SFMCM is similar to existing work, i.e., LWM [29].

• LWLM-DTI: Only the DTI-based pretraining strategy is
used as an ablation experiment.

• LWLM-PICL: Only the PICL-based pretraining strategy
is used as an ablation experiment.

• LWLM-Base: The proposed Transformer-based architec-
ture trained directly on the localization task without any
pretraining. The baseline model employs an advanced
Transformer structure but does not utilize pretraining for
representation extraction.

• CNN: Use ResNet-34 [10], with 21.28 M parameters, as
the backbone network model architecture for localization.

• OMP: A classical model-based localization algorithm
employing OMP, which estimates angles and distances
between the user and the BS. For multi-BS localization
tasks, OMP estimates from multiple BSs are averaged to
obtain the final location estimation.

• MUSIC: A subspace-based method that estimates spatial
parameters using eigenvalue decomposition of the covari-
ance matrix.

• ESPRIT: A subspace-based method that exploits rota-
tional invariance properties for parameter estimation.

B. ToA Estimation Results

Fig. 8 presents the cumulative distribution function (CDF)
of ToA estimation errors across different methods. Among
the single-objective pretraining methods, LWLM-SFMCM,
LWLM-DTI, and LWLM-PICL achieve 50% ToA estimation
errors of 0.39 m, 0.43 m, and 0.41 m, respectively. The
LWLM-Base model without any pretraining yields a 50% error
of 0.48 m. Our proposed LWLM, which integrates all three
SSL objectives, achieves the best performance with a 50%
ToA estimation error of only 0.36 m. This corresponds to a
reduction of approximately 9.0%–16.7% in error compared to
the single-objective variants, and a 26.0% reduction relative

Fig. 9. CDF of AoA estimation error with 10,000 fine-tuning samples.

to LWLM-Base. LWLM also outperforms the CNN-based
approach, achieving a performance improvement of 16.0%.
Moreover, LWLM achieves better performance than the high-
resolution model-based algorithms, including OMP, MUSIC,
and ESPRIT, further demonstrating its effectiveness for high-
precision ToA estimation.

C. AoA Estimation Results

Fig. 9 compares the AoA estimation performance across
different models in terms of the CDF of estimation errors.
Among all methods, our proposed LWLM achieves the
best result, with a 50% AoA error of only 0.32◦, indicat-
ing its strong capability in capturing angle-related semantic
features from wireless channels. The LWLM-Base model
without pretraining reaches a 50% error of 0.49◦, while
the single-objective pretrained models, i.e., LWLM-SFMCM,
LWLM-DTI, and LWLM-PICL, show 0.36◦, 0.32◦, and 0.47◦,
respectively. LWLM achieves a 34.7% and 25.9% reduction
in the median AoA error compared to LWLM-Base and
the CNN approach, respectively. Furthermore, LWLM also
outperforms the model-based methods (OMP, MUSIC, and
ESPRIT). Notably, LWLM-DTI achieves the best performance
among the three single-objective SSL methods, as its cross-
domain consistency objective enables the encoder to capture
features in the angle-delay domain that are directly relevant to
AoA estimation.

D. Single-BS Localization Results

Fig. 10 (a) shows the CDF of localization errors. All
three single-pretraining methods significantly outperform the
non-pretrained models (LWLM-Base and CNN), while the
proposed LWLM, integrating all three objectives, further
improves localization accuracy. Specifically, the proposed
LWLM achieves a median localization error of 0.67 m,
reducing the error by approximately 81.8%, 71.6%, and
63.0% compared to the model-based OMP, MUSIC,
and ESPRIT algorithms, respectively. Additionally, LWLM
achieves 51.4%–87.5% improvement over LWLM-Base and
CNN, and further reduces localization error by 36.7%–51.1%
compared with single-pretraining methods, demonstrating the
effectiveness of the proposed hybrid SSL approach in single-
BS localization.

To evaluate generalization under limited supervision during
the fine-tuning phase, we compare localization accuracy across
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Fig. 10. Performance evaluation of single-BS localization tasks under different settings.

Fig. 11. Performance evaluation of multi-BS localization tasks under different settings.

Fig. 12. Average localization error with different numbers of BSs on Sionna
datasets.

different fine-tuning sample sizes, as shown in Fig. 10 (b). We
observe that the localization error consistently decreases as the
amount of training data increases. However, when fine-tuning
data is scarce, the advantages of self-supervised pretraining
become particularly prominent. Notably, our proposed LWLM
model, utilizing a hybrid pretraining strategy, achieves an
average localization error of only 2.21 m with only 2,000 fine-
tuning samples, significantly outperforming non-pretrained
models and those baselines using a single pretraining method.
These results confirm the strong generalization capability of
LWLM in label-limited localization scenarios.

Fig. 10 (c) illustrates the localization performance under
varying bandwidth configurations. As the bandwidth increases,
the temporal resolution of the channel improves, resulting
in lower localization error across all models. Importantly,

our pretraining dataset includes only 10 MHz, 20 MHz, and
50 MHz bandwidths, whereas the 30 MHz and 40 MHz
configurations were excluded from pretraining. Despite this,
LWLM maintains strong performance across all bandwidth
settings. With 30MHz bandwidth, LWLM can achieve an aver-
age localization error of 0.80 m, which is 36.0-55.8% lower
than other methods based on a single pretraining method. This
result demonstrates the robustness of our pretrained model and
its strong transferability across unseen deployment conditions.

To simulate practical LTE/5G systems where CSI is avail-
able only at pilot positions, we evaluate localization under
comb-type pilot configurations. Different from Fig. 10 (c),
Fig. 10 (d) shows results at 10 MHz with pilot intervals
Npilot = {1, 2, 3, 4, 5}, where pilots are inserted every Npilot
subcarriers or antennas and other entries are set to zero. Here,
Npilot = 1 indicates that pilot signals are present at all posi-
tions of the channel matrix. As Npilot increases, performance
degrades due to sparser channel information. When Npilot = 3,
LWLM-Base suffers significant performance loss. DTI and
PICL maintain reasonable accuracy up to Npilot = 3 but
degrade rapidly beyond that. SF-MCM learns the correlations
across subcarriers and antennas, making it naturally suited for
modeling channel features under sparse pilot configurations. It
therefore outperforms other single-objective variants but still
exhibits significant degradation when Npilot > 4. In contrast,
the proposed LWLM achieves the highest robustness, attaining
only 2.86 m average error even at Npilot = 5, highlighting
the effectiveness of combining masked modeling and invariant
feature learning under sparse pilot conditions.
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E. Multi-BS Localization Results

Fig. 11 (a) shows the CDF of localization errors with 4
BSs and 10,000 fine-tuning samples. Even without pretraining,
LWLM-Base achieves a median error of 0.74 m, significantly
outperforming CNN, as the multi-BS setting enables learn-
ing position-invariant semantics across BSs, thus facilitating
better generalization. With pretraining, performance further
improves. Our proposed LWLM achieves the best median error
of 0.51 m, corresponding to 1.9%–25.9% improvement over
single-objective pretraining methods and 32.0% over LWLM-
Base.

Fig. 11 (b) illustrates the impact of the number of BSs on
localization performance. As shown in Fig. 11 (b), the local-
ization error of all transformer-based methods consistently
decreases as the number of BSs increases. This is expected,
as more BSs provide richer spatial information, which helps
the model better disambiguate UE positions and improves
estimation certainty. In contrast, the CNN method exhibits a
performance degradation when the number of BSs increases.
This is because the increase in the number of BSs leads to
an increase in the input dimension, which exacerbates the
overfitting of the CNN architecture. However, CNN is unable
to perform effective semantic aggregation, which increases
the localization error during testing. Among all methods,
the proposed hybrid pretraining model LWLM consistently
achieves the best localization accuracy. When using 4 BSs,
LWLM achieves an average localization error of 0.57 meters,
which is 11.9% to 27.8% lower than all single pretraining
algorithms. This highlights the robustness and scalability of
the hybrid self-supervised framework in multi-BS scenarios.

Fig. 11 (c) shows the average localization error under differ-
ent fine-tuning dataset sizes. Increasing the amount of labeled
data improves the performance of all models. Our proposed
LWLM consistently outperforms all baselines across all data
scales. Remarkably, even with only 2,000 fine-tuning samples,
LWLM achieves an average localization error of 0.96 m, which
represents a relative improvement of 25.6%–48.9% over other
baselines based on the transformer. This demonstrates the
strong data efficiency and few-shot generalization capability
of LWLM in multi-BS localization scenarios.

F. Cross-Dataset Results

To evaluate cross-domain generalization, we test LWLM
on the Sionna dataset [50], which features a distinct propa-
gation environment from the DeepMIMO-O1 scenario used
for pretraining. We adopt the same system configuration
(10 MHz bandwidth, 32 antennas per BS, 128 subcarriers)
but with Sionna’s ray-tracing channel model in a different
64 m ×64 m scenario with 5 BSs at the 4 corners and
the center. We use 2000 labeled samples for fine-tuning and
1000 for testing. The results for varying numbers of BSs
are shown in Fig. 12. CNN performance degrades as the
number of BSs increases due to overfitting caused by the
enlarged input dimension. LWLM achieves the best accuracy
in almost all cases, except for a slight inferiority to LWLM-
DTI in the single-BS scenario. For example, with 2 BSs,
LWLM improves accuracy by approximately 0.18–0.93 m over

TABLE II
MODEL COMPLEXITY AND AVERAGE INFERENCE LATENCY

all baselines. These results confirm the strong cross-domain
generalization of the proposed hybrid pretraining framework.
Although ray-tracing datasets do not fully capture real-world
hardware impairments such as phase noise, frequency offset,
RF nonlinearity, and calibration mismatch, these effects can
be incorporated during pretraining to improve robustness. In
addition, domain adaptation strategies, such as fine-tuning
with limited real-world labeled data or impairment-aware data
augmentation, can help mitigate the simulation-to-reality gap.

G. Computational Complexity and Inference Latency

We further analyze the computational complexity and infer-
ence latency of the proposed LWLM and compare it with
representative baselines. Table II reports parameter count,
FLOPs, and average inference latency per sample for the
single-BS localization task. The inference latency is measured
by dividing the total processing time by the number of
samples, with 1000 samples used for testing. For the AI-based
methods (CNN and LWLM), inference is performed on an
NVIDIA A40 GPU, while for the model-based methods (OMP,
MUSIC, and ESPRIT), inference is performed on an Intel
Xeon Gold 6226R CPU at 2.90 GHz. Although LWLM has
higher theoretical FLOPs than CNN, its practical inference
latency remains comparable (about 2.5 ms). This is due to
the high parallelizability of Transformer operations on GPUs.
In contrast, classical model-based methods such as OMP,
MUSIC, and ESPRIT require significantly longer inference
time (63–140 ms per sample), as they are typically executed
on CPUs and are less amenable to parallelization. The latency
of about 2.5 ms per sample is within the typical 6G positioning
budget, indicating the feasibility of LWLM for delay-sensitive
localization applications.

H. Impact of Fine-Tuning Strategies

We also compare three fine-tuning strategies for LWLM:
(i) Frozen (only the decoder is trained), (ii) Gradual unfreezing
(encoder frozen for the first 500 epochs, then fully fine-tuned),
and (iii) Full fine-tune (all parameters updated throughout).
LWLM-Base, trained from scratch without pretraining, is
included as a reference. Fig. 13 compares the localiza-
tion performance of these strategies. With a frozen encoder,
LWLM achieves a median localization error of 3.39 m, which
outperforms LWLM-Base, confirming that the pretrained
representations alone carry substantial localization-relevant
semantics. Gradual unfreezing further improves performance
to 0.74 m by allowing the encoder to adapt after the decoder
has stabilized, but still exhibits approximately 10.5% higher
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Fig. 13. CDF of single-BS localization error under different fine-tuning
strategies.

Fig. 14. Average single-BS localization error under different scaling factors
of each loss weight.

median error compared to full fine-tuning. Full fine-tuning
achieves the best median localization error of 0.67 m, as
it allows the encoder to fully adapt to the downstream
localization task. These results indicate that the pretrained
representations provide a high-quality initialization, but the
gap between the self-supervised pretraining objectives and
the supervised localization task requires encoder adaptation
for optimal performance. In future work, we will explore
parameter-efficient fine-tuning techniques such as low-rank
adaptation (LoRA) to better balance preserving pretrained
knowledge and adapting to downstream tasks.

I. Sensitivity Analysis of Loss Weights

To investigate the sensitivity of LWLM to the loss weight
selection, we vary each weight individually while keeping
the other two fixed at their default values. Fig. 14 shows
the average single-BS localization error as a function of the
scaling factor applied to each weight. The scaling factor ×0
corresponds to removing the respective pretraining objective,
while ×1 corresponds to the default setting (αSF-MCM = 10,
αDTI = 20, αPICL = 1). As shown in Fig. 14, removing
any single objective (×0) consistently degrades performance,
with SF-MCM removal causing the largest drop. Within the
×0.5 to ×2 range, all three curves exhibit only marginal
variation, confirming that LWLM is robust to moderate weight
variations. These results indicate that the default weights are
near-optimal under the linear combination framework, and that
the hybrid of all three objectives consistently outperforms any
pairwise combination. Furthermore, more flexible multi-task

balancing strategies, such as Mixture-of-Experts (MoE), may
further improve the integration of different SSL objectives and
can be explored in future work.

VII. CONCLUSION

In this paper, we proposed the LWLM, a transformer-
based self-supervised foundation model tailored for wireless
localization tasks. To overcome the limitations of task-specific
models and improve generalization across diverse wireless
configurations, we introduced a hybrid SSL framework that
integrates SF-MCM, DTI, and PICL. These objectives enable
LWLM to learn rich, diverse, and transferable channel seman-
tics from large-scale unlabeled data. We further designed
lightweight task-specific decoders for a range of downstream
localization tasks, including ToA and AoA estimation, as well
as single-BS and multi-BS localization. Extensive experiments
demonstrate that LWLM significantly outperforms existing
supervised and unsupervised baselines across all tasks. In par-
ticular, LWLM achieves high accuracy with minimal labeled
data and demonstrates strong robustness to unseen BS configu-
rations and cross-dataset scenarios. Overall, LWLM represents
a meaningful step toward foundation models for wireless
localization in future 6G networks, providing a reusable pre-
trained encoder that can be efficiently adapted to a range of
localization-related tasks.

Looking ahead, future work could focus on extending
LWLM towards a broader localization foundation model.
Important directions include considering 3D localization sce-
narios, incorporating hardware impairments, exploring richer
BS configurations, and leveraging multimodal auxiliary infor-
mation. While ray-tracing channels serve as a necessary and
widely accepted first step, extending LWLM to real-world
measurements is an important next step. In addition, with
respect to AI model training and fine-tuning, it is crucial to
investigate broader deployment scenarios while reducing fine-
tuning overhead, such as LoRA.

APPENDIX A
PROOF OF THEOREM 1

For each generative-based SSL task, the IB objective
can be expanded as I(O;H) − βkgI

(
O;Tkg (H)

)
=

H(H) − H(H|O) − βkg
(
H(Tkg (H))−H(Tkg (H)|O)

)
=

H(H) − H
(
Tkg (H)|O

)
− H

(
T kg (H)|Tkg (H), O

)
−

βkg
(
H(Tkg (H))−H(Tkg (H)|O)

)
= H(H)−

βkgH
(
Tkg (H)

)
+ (βkg − 1)H

(
Tkg (H)|O

)
−

H
(
T kg (H)|Tkg (H), O

)
. Here, H(H)−βkgH

(
Tkg (H)

)
= C

is a constant independent of the parameters Φ, Θkg and Θkg .
We assume that qΦ(O|H) ≈ q(O|H), pΘkg

(Tkg (H)|O) ≈
p(Tkg (H)|O), and pΘkg

(T kg (H)|Tkg (H), O) ≈
p(T kg (H)|Tkg (H), O).7 Generative model pΘkg

(Tkg (H)|O)

and pΘkg
(T kg (H)|Tkg (H), O) can also be considered as

decoders for Tkg (H) and T kg (H). Then, we have

H
(
Tkg (H)|O

)
= −Ep(O,H)

[
ln p(Tkg (H) |O)

]
7In practice, we assume that the model capacity is large enough for these

parameterized distributions to closely match the true ones.
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≈− Ep(H)qΦ(O|H)

[
ln pΘkg

(
Tkg (H)|O

)]
=Lkg (Φ,Θkg ),

(31)

and

H
(
T kg(H)|Tkg (H),O

)
= −Ep(O,H)

[
ln p
(
T kg (H)|Tkg (H),O

)]
≈ −Ep(H)qΦ(O|H)

[
ln pΘkg

(
T kg (H)|Tkg (H), O

)]
= Lkg (Φ,Θkg ). (32)

Based on above, We have I(O;H)−βkgI
(
O;Tkg (H)

)
≈

(βkg−1)Lkg (Φ,Θkg )− Lkg (Φ,Θkg ) + C, which completes
the proof.

APPENDIX B
PROOF OF THEOREM 2

Let O and O+ denote the random variables corresponding
to the encoder representations of two channel observations
(Hs,Hs+) that share the same label ys. Assuming the
encoder operates independently across samples, and both Hs

and Hs+ are drawn conditionally on the same label, we have
the Markov chain of random variables: O → Y → O+. By the
data processing inequality, we obtain I(O;Y ) ≥ I(O;O+).
Following the result from [46], the InfoNCE loss LInfoNCE
provides a variational lower bound on I(O;O+): I(O;O+) ≥
log(Nbat)− LInfoNCE. Combining the two inequalities, we get
I(O;Y ) ≥ I(O;O+) ≥ log(Nbat)−LInfoNCE, which completes
the proof.
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