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ABSTRACT Fully decoupled RAN (FD-RAN) aims to improve network performance by decoupling the
hardware of base stations (BSs) and enabling flexible cooperation, making it a promising architecture
for next-generation wireless networks. With the emergence of artificial intelligence, FD-RAN provides
an opportunity to integrate physical-layer signal processing with neural network models. However,
conventional deep learning-based multi-input multi-output (MIMO) equalization methods often rely on
extensive offline training under fixed channel conditions, resulting in limited generalization to unseen
wireless environments. Motivated by the strong generalization ability demonstrated by in-context learning
(ICL) in natural language processing, we extend ICL to cooperative MIMO equalization in the FD-RAN
framework. In this setup, geographical location information is incorporated as side information to
enhance inference accuracy. Lightweight Transformer encoders are deployed at resource-constrained
BSs to compress received signals, which are then forwarded to a central unit where a large decoder-
only Transformer, adapted from GPT-2, performs equalization. The components are jointly trained to
capture channel characteristics effectively. We further evaluate the generalization capability of large
models by comparing the proposed ICL-based equalizer against meta-learning baselines. Experimental
results show that our method achieves over 29% improvement in normalized mean square error under
8-bit and 12-bit fronthaul constraints compared to an unquantized LMMSE baseline. Moreover, as
the pretraining dataset size increases, the ICL-based equalizer consistently outperforms meta-learning
approaches, underscoring its scalability and potential for deployment in large-scale, data-driven wireless
systems.

INDEX TERMS MIMO equalization, transformer, in-context learning.

. INTRODUCTION

RTIFICIAL intelligence-enabled radio access networks

(AI-RAN) are increasingly recognized as an indispens-
able component of next-generation wireless networks [1].
These networks harness the power of Al to optimize resource
allocation, network management, and user experience, mark-
ing a significant departure from traditional approaches. As
the demand for more efficient and scalable wireless systems
grows, Al-driven solutions have become crucial in handling

the complexity of modern communication environments.
Transformer-based sequence models have demonstrated
remarkable capabilities across various domains, particularly
in natural language processing (NLP), where their ability to
perform in-context learning (ICL) has significantly improved
adaptation and generalization [2]. Unlike traditional deep
learning models that require task-specific training, large
Transformer models can infer from contextual information
and generalize to new tasks without explicit parameter
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updates [3]. This powerful feature of ICL has sparked
significant interest in applying these models beyond NLP,
extending their potential to fields such as wireless communi-
cations [4], [5], which increase the adaptability to dynamic
conditions.

MIMO equalization is a fundamental problem in wireless
communication, aiming to mitigate channel distortion and
interference to ensure reliable data transmission. Traditional
equalization techniques, such as minimum mean square
error (LMMSE) and maximum likelihood detection, require
substantial prior knowledge of channel statistics [6]. Recent
advances in deep learning have introduced data-driven
equalization approaches, including supervised learning
and meta-learning [7], [8], which enhance adaptability to
dynamic channel conditions. However, these methods heavily
rely on labeled training data and can struggle with gen-
eralization in highly heterogeneous and dynamic wireless
environments, where the channel properties fluctuate rapidly.
A promising new paradigm in next-generation wireless
networks is the fully-decoupled RAN (FD-RAN) [9], [10],
[11], [12]. Unlike conventional RAN architectures that
tightly couple uplink and downlink operations, FD-RAN
allows for their independent optimization, offering enhanced
flexibility in resource allocation, interference management,
and network scalability. One of the key advantages of FD-
RAN is its ability to leverage spatial location information
for network parameter adaptation. By incorporating geo-
graphic information (GI), FD-RAN can dynamically predict
and optimize transmission power, beamforming strategies,
improving network efficiency and performance under varying
propagation conditions.

This paper investigates the application of ICL based on GI
in multi-user MIMO (MU-MIMO) systems. A preliminary
version of this work was presented in [13], where we focused
on MU setup. Specifically, we consider the scenario where
the uplink BS to central unit (CU) fronthaul capacity is
limited. In this case, the analog signals received at the uplink
BS are first quantized into digital signals with a fixed number
of bits and then transmitted to the CU for MU equalization.
Traditional quantization equalizers typically rely on the
Bussgang decomposition-based LMMSE algorithm, where
the received signals are passed through the Bussgang
uniform quantizer [14], [15], [16]. In contrast, we propose
a novel equalization framework that combines lightweight
tiny-Transformer-based encoders deployed at uplink BSs
with a centralized decoder-only Transformer decoder at the
CU, incorporating GI as part of the input. Specifically,
the tiny-Transformer is used for uplink data compression,
thus reducing the fronthaul capacity requirements, while
the decoder-only Transformer is for MU equalization. For
a fair comparison, we still adopt the same Bussgang
uniform quantizer. To investigate the model’s generalization
capability, we define tasks as specific user distributions,
training the model on existing user drops and testing it
on new user drops. Unlike traditional deep learning-based
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methods that rely on fine-tuning (e.g., meta-learning-based
methods [17]), our approach utilizes prompt-based reasoning
based on GI as well as pilot information for data symbol
inference, thus eliminating the need for additional parameter
updates when testing on new user drop data. To evaluate the
effectiveness of this approach, we compare our ICL-based
equalizer with meta-learning baselines based on model-
agnostic meta-learning [18]. The main contributions of this
paper are summarized as follows:

« We propose the concept of tasks within a representative
equalization framework. Through comparative analy-
sis of training and testing datasets from both ICL
and meta-learning baselines, this methodology enables
comprehensive evaluation of model performance across
task variations and adaptability to novel data scenarios.
Furthermore, we conduct a parametric study examining
the impact of pre-training data volume on equalization
effectiveness, revealing through numerical simulations
that ICL demonstrates superior MSE performance over
meta-learning approaches with increasing pre-training
data scales. This empirical evidence substantiates the
enhanced generalization potential inherent in large-scale
model architectures.

« We propose a novel joint compression-equalization
framework based on an encoder-decoder architecture,
specifically designed for resource-constrained wireless
communication systems. The framework employs tiny
Transformers as encoders, strategically deployed at
each uplink BS with limited computational resources,
to efficiently compress received analog signals. The
decoding process is implemented through a large
decoder-only Transformer architecture, and we lever-
age the decoder-only GPT-2 model at the CU. This
architecture processes quantized compressed signals
from multiple uplink BSs through concatenation before
equalization. Notably, our framework incorporates an
innovative approach by integrating user geographic
location information as auxiliary input during the
equalization process.

e We performed a comprehensive investigation into
the impact of encoder compression dimensionality
on system performance, specifically comparing two
configurations: E2_GI_ICL, where the encoder out-
puts a 2-dimensional representation, and E1_GI_ICL,
where the encoder outputs a 1-dimensional represen-
tation. These proposed configurations were evaluated
against multiple baseline systems: the conventional
Bussgang uniform quantization-based LMMSE equal-
izer (BLMMSE), the standard LMMSE equalizer
without quantization, and the GI_ICL equalizer without
encoder implementation. Simulation results demonstrate
that the proposed encoder-integrated ICL algorithm
achieves superior MSE performance across various
fronthaul capacity scenarios. Particularly noteworthy is
the performance breakthrough of E1_GI_ICL, which
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surpasses conventional LMMSE performance at 8-bit
fronthaul capacity, marking a significant advancement
for low-capacity fronthaul equalization systems.

Il. RELATED WORKS

A. ADVANCES IN MIMO EQUALIZATION

MIMO systems are crucial for beyond-5G and 6G wireless
networks, aiming to provide uniform service quality by
utilizing distributed access points to serve users jointly.
Peng et al. studied uplink resource allocation for CF
massive MIMO-enabled URLLC in smart factories under
finite blocklength and imperfect CSI constraints [19], and
further investigated CF massive MIMO URLLC systems
with pilot reuse, proposing joint pilot and power allocation
to maximize user admission [20]. Bjornson and Sanguinetti
highlighted the significance of centralized MMSE processing
in maximizing spectral efficiency and minimizing fron-
thaul signaling, thereby outperforming conventional cellular
MIMO and small cell networks [21]. Kassam et al. proposed
a centralized hybrid analog-digital equalizer for millimeter-
wave cell-free MIMO, achieving near-digital performance
with reduced complexity and power consumption [22].
Additionally, He et al. developed a distributed expecta-
tion propagation detector, which improves bit-error rates
and system performance under imperfect channel state
information conditions [23]. Kassam et al. [24] introduced
a distributed hybrid analog/digital equalization scheme for
cooperative cell-free networks. In the context of digital band
processing-based massive MIMO systems, Zhao et al. [25]
proposed decentralized LMMSE equalization techniques to
mitigate the impact of colored noise in both star and
daisy chain digital band processing architectures. Their work
emphasizes reducing the communication overhead while
maintaining high detection performance through dimension-
ality reduction and block coordinate descent optimization.
To further address the trade-off between centralized and dis-
tributed processing, Hong et al. [26] proposed a group-joint
MMSE complementary-based distributed uplink scheme.
Their work bridges the gap between centralized and fully
distributed MMSE equalization through a novel group-
sliced approach, distributing computational and backhaul
signaling overhead across the network. Low-resolution
digital-to-analog converters (DACs) and quantized signal
processing have gained significant attention in massive MU-
MIMO systems to reduce power consumption and hardware
complexity. Several studies have investigated the impact
of low-resolution DACs and quantizers on the system
performance. Jacobsson et al. [27] analyzed the impact of
low-resolution DACs in a massive MU-MIMO downlink
scenario, considering the practically relevant case of over-
sampling DACs. Using Bussgang’s theorem, they derived
analytical expressions for the uncoded bit error rate under
linear precoding schemes, such as zero-forcing. Chen [28]
addressed the equalization problem in massive MU-MIMO
uplink systems under low-resolution quantization. The study
proposed a finite-alphabet MMSE equalizer formulated
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as an optimization problem on a Riemannian manifold.
The proposed Riemannian manifold optimization algorithm
improved the performance of a 2-bit quantized equalizer
while maintaining similar computational complexity as exist-
ing approaches. Liu et al. [29] introduced the second-order
Hermite expansion model to analyze low-resolution quan-
tized MIMO detection. Unlike existing linear approximation
methods, their approach characterizes quantization distortion
through the second-order Hermite kernel while preserving
the first-order signal kernel.

B. DEEP LEARNING FOR MIMO EQUALIZATION

Deep learning has been widely applied to enhance the
detection performance in massive MIMO systems. Several
works have explored the application of deep neural networks
(DNNs) in MIMO detection, focusing on performance
improvement and complexity reduction. Albreem et al. [30]
provided an extensive analysis of deep learning-based MIMO
detection techniques, categorizing different architectures
and discussing their trade-offs in terms of performance
and computational complexity. Hu et al. [31] investigated
the interpretability of deep MIMO detection methods.
They compared data-driven deep detectors with model-
driven approaches based on traditional detection algorithms.
Raviv et al. proposed an online meta-learning frame-
work for DNN-based receivers, demonstrating substantial
performance gains in rapidly changing channels [32]. They
further explored adaptive and flexible Al solutions for deep
receivers, emphasizing efficient data acquisition and robust
training algorithms [32]. Zhang et al. developed a meta-
learning-based framework for MIMO detectors, showcasing
enhanced convergence and robustness. These advancements
underscore the transformative impact of meta-learning in
optimizing receiver design for modern wireless communica-
tion systems [8]. Khobahi et al. [33] proposed LoRD-Net, a
deep detection network designed to recover information sym-
bols from one-bit quantized measurements. Their approach
utilizes deep unfolding of first-order optimization iterations
to develop a model-aware data-driven architecture. Notably,
LoRD-Net does not require prior knowledge of the channel
matrix, leveraging a two-stage training method to enhance
performance. In the context of uplink massive MIMO
systems, Lin et al. [34] developed a deep learning-based lin-
ear MMSE precoder that improves system performance under
one-bit analog-to-digital converter (ADC) constraints. Their
method unfolds the projected gradient descent algorithm
into a deep neural network, treating step sizes as trainable
parameters. Simulation results indicate that this approach
outperforms conventional projected gradient descent algo-
rithms while maintaining lower complexity. For channel
estimation in millimeter-wave MIMO systems, Doshi and
Andrews [35] formulated the problem as an inverse recon-
struction task using deep generative networks. Their method
optimizes the input vector of a pre-trained generative
model to maximize a correlation-based loss function. The
proposed deep generative prior significantly outperforms the
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Bernoulli-Gaussian approximative message passing method
in Line-of-Sight (LOS) scenarios and achieves comparable
performance in non-LOS conditions.

C. AI-DRIVEN MIMO: GENERATIVE Al & TRANSFORMER
Generative Al plays a crucial role in wireless networks
by optimizing resource allocation, enhancing channel
estimation, improving MIMO equalization, and enabling
intelligent cooperative computing [36], [37], [38]. The suc-
cess of Transformers in various domains has inspired
their adoption in wireless communication, particularly
for enhancing signal processing, channel estimation, and
interference management. Zayat et al. [39] introduced
Transformer-masked autoencoders for efficient data com-
pression and complexity reduction in advanced wireless
networks. Wang et al. [40] developed the WIR-Transformer
to recognize wireless interference with reduced compu-
tational overhead. Singh et al. [41] proposed a graph
Transformer for channel estimation in intelligent reflection
surface-aided systems, improving accuracy while lowering
training costs. Liu et al. [42] demonstrated that a transformer-
based denoising network could enhance angle-of-arrival
estimation in non-LOS environments. Rajagopalan et al. [43]
further explored in-context estimation with Transformers,
achieving near-optimal performance with minimal data.
These works collectively highlight the adaptability and
efficiency of Transformers in wireless communication
tasks. Beyond conventional Transformer applications, recent
research has leveraged large language models (LLMs),
which are built on Transformer architectures, to optimize
MIMO systems. Sun et al. [44] introduced an AirFL-based
LoRA framework for fine-tuning LLMs in 6G networks,
utilizing over-the-air computation (AirComp) for efficient
model aggregation in MIMO orthogonal frequency division
multiplexing systems. Liu et al. [45] proposed LLM4CP,
a pre-trained LLM-based approach for channel prediction
in massive MIMO, demonstrating superior generalization
capabilities and lower computational costs. Sheng et al. [46]
developed UADFormer, a Transformer-based deep learn-
ing model for user activity detection in cell-free massive
MIMO, integrating sparse attention and transfer learning for
enhanced efficiency.

However, existing studies have not fully explored the ICL
capabilities of transformers in wireless communication. In
particular, the potential of decoder-only Transformers for
MIMO equalization remains underexplored, and there is
a lack of research on encoder-decoder-based joint training
architectures for communication tasks. To bridge this gap, we
investigate the role of decoder-only Transformer-based ICL
in MIMO equalization and propose a novel encoder-decoder
framework to enhance its effectiveness.

Notations: In this paper, O~ L O)*, (), and ()T indicate
the inverse, conjugate, conjugate transpose, and regular
transpose of a matrix, respectively. Iy refers to the identity
matrix of size N x N, while || - || stands for the Euclidean
norm. The expression x ~ CA/(0, X) describes a complex
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Gaussian random vector with zero mean and covariance X.
E signifies the expected value, and tr{-} stands for the trace
of a matrix. The block diagonal matrix diag{Aj,...,Ar}
contains Aj, ..., Ay along its diagonal.

lll. SYSTEM MODEL

We consider a collaborative equalization scenario in FD-
RAN, including L geographically distributed uplink BSs as
well as a CU, where each uplink BS is equipped with N
antennas. Each uplink BS connects to the CU via a limited
capacity fronthaul connection. A block-fading environment
with t-length blocks is considered in this work, including
T, < T channel uses as pilots, and the following 7y =7 — 1,
channel uses for data transmission. There are K single-
antenna users (UE) in the network and the channel between
uplink BS / and UE k is denoted as hy € CV. Taking into
account a correlated Rayleigh fading channel, each channel
instance can be generated by drawing from the correlated
Rayleigh fading distribution

hi ~ CN(0, Ryy) € CV, (D)

where Ry € CV*N denotes the spatial correlation matrix.

« = [Bk1, -- ., Bkr] denotes the collection of the large-scale
fading between UE k and BS [, where By = tr(Ry)/N
includes pathloss and shadowing.

A. PILOT AND DATA TRANSMISSION WITHOUT
QUANTIZATION

For the uplink pilot training, we assume the mutually
orthogonal 7p-length pilot sequence {y1,..., ¥}, where
VoV € C%»*! with the normalized energy ||1//p,{||2 = 1.
Let pr € {1, ..., 75} denote the pilot assigned to user k, and
‘Pr refers to the subset of users that use the same pilot as
user k. The assigned transmitted pilot sequences of all UEs
are W = [y, ..., Ypl € C%*K the I-th BS receives

K
Yf = ,/p,'thh,'llﬁ;i + NP, ()
i=1

where p; denotes the transmit power of pilot r,,, Nf €
CN*% represents complex Gaussian noise at the receiver
with independent and identically distributed (i.i.d) elements
(.e., [Nf]i,j ~ CN(0,62)). As the number of users often
exceeds the available number of pilot sequences (i.e.,
K > 7,), multiple users may use the same pilot sequence
simultaneously, inevitably leading to pilot contamination.
The CU estimates the channels using MMSE based on
received pilot signals and channel statistics from BSs. These
estimates are independently computed for each BS without
compromising optimality. Subsequently, for each user k, the
CU aggregates these results to form a comprehensive channel
estimate [21]
hi1
h = ~CN (o, kakcb,;le), 3)
i
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TABLE 1. The optimal step Size and distortion of a uniform quantizer with Bussgang
decomposition [47].

« ‘ Aopt ‘ O'g a

1 1.596 0.2313 0.6366
2 0.9957 0.10472 0.88115
3 0.586 0.036037 0.96256
4 0.3352 0.011409 0.98845
5 0.1881 0.003482 0.996505
6 0.1041 0.001389 0.99896
7 0.0568 0.000342 0.99969
8 0.0307 | 0.0000876 | 0.999912

where Ry = diag(R1,...,Ri) € CIV*IN | the inverse

of the correlation matrix ®; can be expressed as <I>,:1 =
diag(<1>;k1], e, <I>[jle), and each @, ; this matrix in terms of
the received signal yﬁk ; can be denoted by

H
<I>pk,z=E{y$k,,(>/;k,,) }=erpiRiz+IN, €5

i€Py

where ) | = Y[y € CN denotes the correlates of the
received signal Yf with the associated pilot signal v,,.
The estimation error for the channel is given by h; =

hy — hy ~ CN(0, Cx), where Cy = diag(Cy1, . . ., Crr).
The estimate izkl and estimation error ivzkl = hy — fzkl are
i.i.d hy ~ CN(0, Cy) with [21]
Cu = E{ﬁkzizﬁ] =Ry — kakal‘P;kl,lel- )

During the uplink data transmission phase, all UEs
transmit their signals to the BSs. The signal sent by the kth
UE is represented as x; = ./piSk, where s € Si is the
transmitted symbol drawn from the constellation S, with
E{|sx|*} = 1. Here, gx denotes the transmit power. The
received signal at the /th BS, denoted by the N x 1 vector
Y;i, is given by

K
YY = \/EZ hast 4 N¢, (6)
k=1

where Nld € CV represents the noise at the [-th BS,
with [Nld]i, i~ CN(0, o?), following a circularly symmetric
complex Gaussian distribution.

B. PILOT AND DATA TRANSMISSION WITH
QUANTIZATION

Each receiver at one BS leverages two identical ADCs in
each radio-frequency chain to quantify the in-phase and
quadrature signals separately. Suppose that the ADCs at BS
[ use b; bits for quantization. Thus, Yf is quantized via

Y = Q:(Y)) = Q(R(YD)) +/Q(S(Y))), (7)

where, Q. denotes the element-wise complex-valued quan-
tizer including two real-valued quantizer Q. To be specific,

VOLUME 6, 2025

the midrise uniform quantizer is applied [47], and each
element y of Yf is quantized as follows

A, y=-(3+1)aA,
1
v—i——)A, VA<y<(+1) A,
o =] (3 Y , ®)
V=—7+1,...,7—2,
V—1 \4
A, y= (5 - 1A,

with A denotes the step size of the quantizer with V = 2°,
where b denotes the quantization bits. The optimal step size
can be solved by maximizing the signal-to-distortion noise
ratio, which can be found in Table 1 [47].

To approximate the nonlinear effect of quantization, we
refer the well-known Bussgang decomposition theory [48],
the quantized version of the received pilot signal at the /th
BS is given by

Y = aY) +E}
K
= a0 Y hiy,, +aN; +Ef, ©)
i=1
where E‘;’ denotes the quantization distortion caused by the
ADCs at BS [ during the stage of uplink pilot transmission.

Next, CU can get szl of user k at BS [, by exploiting the
pilot sequence v/, to correlate the received quantized signal

?’; as

&II:I = Yf 'ﬁ;k

K
= a./Tppkhi + a\/Tppi Z hiﬂ/f;,-'ﬁ;k

i=1,ik
+ il + &), (10)
where, 1'1’,:1 £ N‘;’ w;‘k, and e[;k £ Ef w];“k. Therefore, the

LMMSE estimate of hy; given yﬁ, is

= - p\Hop 1\ 1. .

hy = E{hleyZl}(]E{(yZl) YZ}) o = cu¥y. (1D
where

Cki

a. /Ty Pk Bik
2
Y| + 1) +a§(pl- K B+ 1)

= . (12)
a? (tppi ZrK:l,iyék Bi

The mean-square of the n-th element of ﬁ;k denoted by 4,
and is given by

25| ]

~ K
a? (fppi Z,‘:Li;&k Bit

~2 2
a“tpprBy

2
Yo + 1) + O'Z,z(pi K B+ 1)

. (13)

The detailed proof can be seen in [49, Lemma 5].

The received signal at the [-th BS from all UEs, i.e.,
Yf is given by Eq. (6). Exploiting the same quantizer, the
quantized received data Y;l is given by

¥ = oY) = o(wyh) +jec(vf). a4
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Notably, the same quantizer used for pilot signal quantization
is applied here for the data signal quantization, ensuring
uniformity in quantization handling across transmission
phases. This approach allows the system to maintain con-
sistent quantization distortion characteristics in both pilot
and data stages, which simplifies the design and analysis of
quantization effects on channel estimation and subsequent
data decoding.

C. CENTRALIZED EQUALIZATION

Let 7 € CMN be a detector matrix that depends on the
estimated channel information at the receiver, i.e., I~1k1, Vi, k.
We assume vV, = [vkl, .. vkL]T refers to the k-th column of
the detector matrix V, w1th Vi € CV*1. The received signal
for the k-th user after using the detector at the CU is given

=[5 (57

where ?f’ is defined in Eq. (14).

Equalization with Quantization: Quantization introduces
additional uncertainty in the channel estimates, which can
lead to performance degradation. We account for the effects
of quantization on the channel estimates, a critical consid-
eration in practical communication systems. The centralized
MMSE equalizer is defined as

K —1
Ve = (212,0,' Zil,/jlfl + RQ> ilk,

i=1

5)

(16)

where hk = [hkl, ... éL and the covariance matrix in
terms of quantlzatlon R is denoted as

RQ—p,Zq,WQ-l-I +F<,
i=1
_g2_ 12
=857 -T7,

A7)
(18)

o2y
S2 = (1 + %)diag(rep(ﬁil,N), -, 1ep(Bir, N)),

(19)
TI.Q = diag(rep(yi1, N), ..., rep(yir, N)), (20)
2
O~
FQ = L1 Q1)
a

Equalization without Quantization: In this case, we con-
sider the scenario where quantization effects are negligible,
allowing for idealized channel estimation. The MMSE
combining vector is given by

K -1
Vi = Pk (Z Pi <h;h,H + Ci) + 021LN> he.  (22)
i=1

Eq. (22) emphasizes the use of precise channel state
information, facilitating optimal signal combining. The
MMSE approach minimizes the mean squared error between
the estimated signal and the actual transmitted signal,
effectively enhancing the quality of the received signal.
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IV. TASK DEFINITION AND META-LEARNING BASELINE
This section defines the equalization task, outlines the
data preparation process, introduces a meta-learning-based
baseline using MAML for collaborative equalization, and
compares it with ICL in terms of training and inference
procedures.

A. TASK DEFINITION AND DATA PREPARATION
Unlike prior works [4], [50], [51], where each task cor-
responds to channel realizations sampled from a fixed
channel covariance matrix, we propose a more dynamic
definition. This definition accounts for variations in user dis-
tribution, spatial correlation, and small-scale fading effects.
Specifically, we define task 7; as the coherence blocks
generated from the i-th user drop, with corresponding
channel realizations {Ay, ..., hg}, where hy = [hg1, ..., hir]
is drawn from spatial correlation matrices {Ry, ..., Rx}, and
Ry = diag(R1, - .., Rip).-

By denoting 7™ as the number of channel realizations,
the data in fask T; can be represented as

'7'1‘6
Dy =Y (Y, ¥, Y s);. (23)

J=1
The data in each task 7; is represented as tuples
{YP, W, Y? s}, sampled during i-th user drop. Besides, W
and s = [sq1,..., sK]~represent the transmit pilot and data,

respectively, while Y?” and Y? denote the received pilot
and data that experience the same channel. Additionally,
YP = [?p,...,Yi] and Y¢ = [YY, ...,S?Z] represent the
concatenation of quantized received pilot signals and data
signals, respectively. In corresponding the number of rasks
is denoted as Tdr and the total number of data is represented

as D = Zl 1 DT For meta-training and testing, in task T,
we define Dm““ = ZTTI (Y?, W¥}; for model training, and

Dt%s‘ = Z 1{Y s}; for calculating the model testing loss.

The detalled data preparation process for each task is
delineated in Algorithm 1. For every task 7;, the number of
users, denoted as K, is randomly selected from a predefined
set {1, ..., K}. Each user is assigned random locations within
the network coverage area, simulating realistic deployment
scenarios. During each channel realization step j, channel
state information is generated, to calculate further the
training data D‘ra‘" and testing data D‘e“ This methodology
ensures that each task encapsulates the randomness inherent
in user positioning and signal reception, yielding a robust
and diverse dataset for both training the meta-learning and
ICL algorithm.

B. META-LEARNING FOR COLLABORATIVE
EQUALIZATION

We use the MAML framework [18] for fast adaptation to
new equalization tasks. MAML optimizes a set of shared
model parameters, 6, such that minimal updates are required
to adapt the model to new, unseen tasks, leveraging two
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FIGURE 1. Meta-learning-based equalization is illustrated on the left, while in-context learning-based equalization is depicted on the right.

Algorithm 1 Data Preparation

Algorithm 2 Meta-Learning for Collaborative Equalization

Initialize dataset D
for each task 7;, where i=1,..., 7% do
Initialize task-specific dataset D,
Randomly select the number of users k € {1, ..., K}
/I Generate random user drops
for each channel realization step j=1,..., 7 do
Each user randomly selects a pilot sequence {®};
and data symbols {s};
Generate channel realizations {hy, ..., hg};
Obtain quantized received pilot signals {f/p}j and
data symbols {f’d}j.
Append to task data: D7;: = Dy, U {f/P, v, f/d, s}
11:  end for
12:  Add task data to the main dataset: D: = D U Dr;
13: end for

1:
2:
3:
4:
5
6
7

*®

10:

main processes: the inner-loop (task-specific adaptation) and
outer-loop (meta-optimization).

Inner-Loop (Task-Specific Update): For each task T;,
the model begins with shared parameters 6 and performs
gradient descente steps on the task-specific loss function

£t7r?in(9) = Z]Zl |{§~(Z~}j — {¥}l; S?Z denotes the output pf
the network 6 given Y”, computed over the dataset Diﬁ““.

The task-specific parameters, 6/, are updated as follows:

6 =6 — nve,ct;fi“(e) (24)

where 7 is the inner-loop learning rate. The resulting task-
adapted parameters, 6/, are optimized to minimize the
equalization error for the current task.

Outer-Loop (Meta-Optimization): After obtaining 6] for
each task, we evaluate the adapted model on a new dataset
(the query set) D", The meta-objective is to minimize the

Tre - ~
accumulated loss Et%“(@’) =21 1{Y4,}; — {s};], where Y¢,
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1: // Meta Training stage:
2: Input: Data D, inner-loop learning rate 7, outer-loop
learning rate A

3: Initialize model parameters 6

4: for outer-loop update do

5. for each task 7; do

6: for inner-loop update do

7: Update task-adapted parameters according to

Eq. (24)

8: end for

9: Calculate the testing loss ,C‘%St(@’ )

10:  end for

11:  Update 6 using meta-gradient according to Eq. (25)

12: end for

13: Store parameters 6"

14: // Inference stage:

15: for each unseen task do

16:  Generate data {f/f’ , WV, f/ld}

17: Do adaptation on 8” given {¥”, W}, like Eq.(24) and
inference f/ld with updated parameters

18: end for

denotes the output of the network 6’ given Y4 across all tasks,
updating the shared parameters 6’ to improve generalization
across tasks. The outer-loop optimization is given by:

Tdr
0" <0 —aVy Y L5

i=1

(25)

where A is the outer-loop learning rate. This step ensures
that 6 is optimized to provide a strong initialization, enabling
rapid adaptation to new equalization tasks with minimal data.

As shown in Algorithm 2, by learning a meta-model,
the model can leverage pilot data D™ to perform rapid
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FIGURE 2. Joint Transformer-based signal processing: tiny encoder Transformers at BSs and a large decoder-only Transformer at the CU.

adaptation and inference in new, unseen environments
(i.e., with new user distributions). This approach is more
efficient than training from scratch, as it avoids the time-
consuming process of starting from zero for each new
environment.

C. ICL VERSUS META LEARNING ON EQUALIZATION

In Fig. 1, the left and right part shows the collaborative
equalization pipelines based on meta learning and ICL,
respectively. As offline supervised learning algorithms, both
utilize the same dataset for model training and testing,
but they differ in implementation details. The training
and inference phases for each are analyzed as follows:
Training Phase: As shown in the upper left of Fig. 1, for
Meta Learning-based equalization, given identical data, meta
learning (top left of Fig. 1) and ICL (top right of Fig. 1)
respectively perform meta training and pretraining using the
coherence block data generated. Meta larning involves three
steps: first, for each task, the received pilot data and the
ground truth of the pilot data, D%ﬁn, are used to update
the initial model parameters 6, resulting in task-specific
network parameters Oi’ ; next, for each task, with the updated
parameters 6, the received symbol data are input, and a loss
is computed based on the model output and the received data,
D‘%St; finally, the network is updated based on the aggregated
loss to obtain the meta network 6”. For ICL pretraining, as
illustrated in the top right of Fig. 1, the coherence blocks
in the received data are processed such that one coherence
block is sequentially split into multiple prompts, with each
prompt’s data equal to the number of data symbols in that
coherence block.
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Inference Phase: As depicted in the lower left of Fig. 1,
meta learning-based equalization requires an adaptation of
the meta network 6” using pilot data and its ground truth,
resulting in a new network parameters, and subsequently
performing inference on the received symbol data using the
updated parameters. The ICL inference process (bottom right
of Fig. 1) involves generating prompts based on the received
coherence blocks and directly inferring using the pretrained
prompts and model parameters. The detailed ICL process is
provided in the subsequent sections.

V. TRANSFORMER-ENCODER-BASED ICL FOR MIMO
EQUALIZATION

As described in Fig. 2, in this work, we propose an advanced
equalization framework leveraging a joint Transformer
encoder and decoder-only Transformer decoder architecture
for collaborative equalization. This framework begins with
multiple BSs collecting analog signals, which are subse-
quently quantized through ADCs before being processed
by a Transformer encoder. The encoded features are then
transmitted via the fronthaul to the CU, where they are
aggregated with additional contextual information, including
pilot signals and geographical information. These combined
inputs are then decoded by a decoder-only Transformer,
which is designed to perform equalization through masked
multi-head attention, ensuring causality by allowing each
output to depend only on current and past inputs.

A. TRANSFORMER BASED ENCODER
As illustrated in the left side of Fig. 2, the Transformer-
based encoder takes the sequence of received pilot and data
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signals as input, represented as

d
(v7.¥7)

= (7], [¥7] o Y7, YE) e © D), 26

which consists of the pilot Yf and data Y;i received by
BS L
The first step is linear embedding operation E(-), which
maps each received symbol to a vector of dimension D,.
Before that, the complex received symbols [Yf ],-,Yld, €
cN are mapped into the corresponding real-valued vec-
tors [Y/];,€ R?¥ by concatenating real and imaginary
components as
[¥7], = [=v7n). 50v7). @)
and the same operation is applied to the received vectors Y;j
to obtain the real-valued vectors SA(? € R?V . In the following,
the notations [SA(III ]; and SA(? refers to 2N x 1 real-valued
vectors. The post-embedding sequence E; = E(f(p ,SA(;’) €
RPex(mp+1) i5 obtained by multiplying each vector, i.e., pilot

f/f or data f/ld with a trainable embedding matrix M, €
RDex2N 4

d
E = E(Y‘l”, Yl)

= (V) (W] T, ),

PR
1

(28)

where each column of matrix E; corresponds to a token.

The embedded sequence E; undergoes multiple iterations
of a multi-head attention mechanism across C layers. Each
layer ¢ produces a sequence of 7, + 1 transformed tokens Ej
forc =1, ..., C. The c-th layer takes the sequence of tokens
EIC_l from the preceding layer as its input, with E? =E. It
applies H attention heads, aggregated to form the input Ef
for the subsequent layer. In the final layer, the output EZC is
quantized and transmitted to the CU via wired fronthaul.

In each layer c, the attention mechanism involves 3H
trainable weight matrices: key matrices WK e RPo*De,
query matrices Wg € RPoxDe and value matrices W,‘l/ €
RDv*De for all heads h = 1,...,H. Here D, = D, =
D./H. For each head # in layer c, the softmax self-attention
generates T, + 1 modified tokens as follows

(whe)" (woe )
A\ |

Bﬁl = WXEffl - softmax (29)

where the softmax function is applied column-wise. The
outputs from all heads are concatenated token-wise and

linearly projected into a sequence of 7, + 1 tokens, each
with dimension D, as

T
A = (W0> [BS,....BS.....BY), (30)
where WO e RFDPv»*De ig another trainable weight matrix.
Finally, each token is processed in parallel through a two-
layer feed-forward neural network with residual connections
to produce the output

ES = Wla(wzﬂ(Ac n E;—l)) FACHES (1)
where Wi € RP<*Pr and W, € RP D¢ are trainable weight
matrices, Dy denotes the number of hidden neurons, B(-) is
the layer normalization operation, and §(-) is the Gaussian
Error Linear Unit (GeLU) activation function.

The attention output of the final layer, denoted as EC,
is subjected to a trainable linear transformation. This linear
layer is designed to have an output dimension D,, which is
less than 2N (i.e., D, < 2N), such that Ef € RP-x@+D),
This linear layer primarily serves for data compression,
reducing the dimensionality from 2N to a more compact
dimension D,,.

B. ICL EQUALIZATION WITH DECODER-ONLY
TRANSFORMER
Let EZC represent the quantized output of the compressed
signal Ef from BS /, using the same quantizer. In this way,
we can denote the concatenation of the i-th symbol, where
i=1,...,7 + 1, from all BSs as

[E€] = [IE . B TEEL),

1

(32)

where [E€]; € REPe, denotes the i-th, i < 7,41, compressed
and quantized pilots from BS /. Furthermore, and the
last symbol [E,C],pﬂ is compressed and quantized data.
Accordingly, the concatenation of the i-th ground truth pilot
symbol of UE k is denoted as

(%] = [tdi o Wi W]

where [W]; € R Here, ¥, = [R(¥p), IWp)] €
R2*% represents the concatenation of real and imaginary
components of .

Geographical Information-Aware  Equalization: Let
(xk, Yk, k) denote the location of the k-th UE and (x;, y;, 27)
denote the location of the /-th uplink BS. The AoA between
UE k and uplink BS [/ is given by

_1<yk —yz>
o, = tan .
Xk — X|

Thus, we define the AoA matrix as & € REXL  where
[e]x.; = ak,;- To incorporate geographical information into

(33)

EP) = (Meozk, o Mootjep,. M, [Ec]l, ME[\i:]
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the prompt, we utilize the AoA vector a; € RE. Specifically,
we integrate both oy and «;,j € Py, into the prompt
formulation as follows:

P= (er oo [E] [9] oo

B Lo [E], L9, [, L) o

Since the dimensions of large-scale information and the
pilot information are different, zero-padding is used to
keep a common dimension Dy = max{LD,, 2K, L} before
embedding.

As illustrated in Eq. (35), shown at the bottom of
the previous page, the post-embedding sequence E(P) €
RPsx(Pkl+25+D " where |P;| denotes the cardinality of the
set Py, is obtained by multiplying each vector with a trainable
embedding matrix M, € RP*Ds,

The positional encoding is added to the input embeddings
to provide the inhrent sequential information. The positional
encoding vector is generally added to each embedded token
EP) as

EP* = E®P) + PpOSa (36)

where Ppos € RP:*(P+25+D s the positional encoding
matrix, which encodes the positions of each token in the
sequence using a sine and cosine function, given by [3]

A . i
PPos(lv 2j) = Sln(m)

Ppos(i, 2/ + 1) = cos< (37)

i
10000%/Ds ) '
where i denotes the position index of the token in the
sequence, and j refers to the dimension index of the encoding.
Let M’ be the causal mask matrix, which is a
lower triangular matrix. For a sequence EP® with

a length of [Py|+421,+ 1, the mask matrix M €
RUPH+25+1) < (Pe+2%+D) g defined as

y 0, ifi>j
Mif—{—oo, if i <) (%8)

The input sequence to the decoder-only Transformer is
EP°S. In contrast to the compressed encoder, we denote H’,
C’ as the heads and layers for the decoder-only transformer.
This mask is added to the attention logits before applying
the softmax function, ensuring that future tokens are not
considered during attention. The masked attention formula
for each head &’ becomes

By
(wf,EC’*l)T(WgEC’*I) +M
/Dy

= WX,I:ZC —1'. softmax

(39)

By applying the same concatenation operation as in Eq. (30)
with a trainable matrix WO € RHDv*De we obtain AY N ext,
we use the residual connection as in Eq. (31). Finally, for
the last layer, the output is given by E€" € RPox(Pil+25+1)
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Algorithm 3 Joint Encoder-Decoder Pre-Training for
Collaborative Equalization
// Pre-Training Stage
Input: Training dataset D
for i=1,2,...,training steps do
for b=1,2, ..., batch size do
Sample a batch of training data from D;
Each uplink BS [ receives the pre-compressed
sequence E; from Eq. (28);
Each uplink BS [ receives the post-compressed
sequence Ej from Eq. (31);
The CU quantizes the received input EZC using the
same quantizer in Eq. (8);
Construct the prompt matrix P as described in
Eq. (34), incorporating positional encoding from
Eq. (36);
Pass P through a central large-scale Transformer
with a causal mask (Eq. (38)) to obtain the final
inference output EC/;
end for
Update network parameters € according to Eq. (40);
end for
/I Inference Stage
Given a new user drop, collect coherence blocks as
examples along with the data symbols to be inferred;
Construct the prompt following the same procedure as
in the training stage;
Obtain the predicted data symbols EC.

C. JOINT ENCODER-DECODER PRE-TRAINING

As illustrated in Algorithm (3), the proposed MIMO
equalization framework leverages a joint encoder-decoder
pre-training strategy to enhance generalization by capturing
diverse contextual information in wireless environments.
This pre-training phase is crucial as it enables the model to
effectively integrate both the compact feature representations
extracted by the Transformer encoder and the contextual
prompts utilized by the decoder-only Transformer.

As illustrated in Fig. 2, by adopting this joint encoder-
decoder approach, the model gains a comprehensive
understanding of the communication environment. During
pre-training, the joint architecture is optimized using a large
corpus of training data, where pairs of transmitted and
received signals serve as learning samples. The model is
trained to minimize the reconstruction error, which quantifies
the discrepancy between the predicted equalized signals
and the actual transmitted signals. The training objective is
formulated as

B T"

i

i) = 30 > S — ts)

i=1 j=I

(40)

where £ denotes the loss function, B represents the number
of tasks in a batch, and 7. refers to the number of
realizations per task. Here, EEC denotes the equalized output,
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TABLE 2. Comparative analysis of MAML and ICL performance with varying pre-trained data volumes.

Tasks: 79 22 24 26 28 210
Methods MAML | ICL | MAML | ICL | MAML | ICL | MAML | ICL | MAML | ICL
Num of 22 0.84 1.21 0.85 1.19 0.77 0.95 0.76 0.70 0.75 0.52
Realizations: 26 0.79 1.11 0.72 0.69 0.71 0.53 0.68 0.24 0.68 0.24
Tre 210 0.73 0.61 0.71 0.34 0.69 0.26 0.70 0.17 0.68 0.15

while s represents the corresponding ground truth transmitted
signal.

The parameter € encapsulates the entire network, including
the decoder and all encoder components. The optimization
process leverages the straight-through estimator to enable
gradient propagation through the quantized representations,
ensuring efficient backpropagation despite the discrete nature
of certain operations within the encoder. This approach
allows the model to effectively learn from compressed input
representations while preserving the robustness of gradient-
based optimization.

VI. SIMULATION RESULTS

We considered a 1-kilometer square simulation area, where
four access points are symmetrically placed, each equipped
with two receiving antennas. The receiver noise power is
set to -50 dBm by default. In each drop, the number of
users randomly varies from 1 to 4. We considered a coherent
transmission mode, where the pilot sequence length is 8 and
the inquiry data length is 1. In this coherent block, both pilot
and data symbols experience the same channel. Additionally,
we incorporated modulation diversity, where each data
symbol is randomly modulated using one of the following
schemes: {2PSK, 8PSK, 4QAM, 16QAM, 64QAM}.

The default decoder-only Transformer model follows a
GPT-2 architecture with an embedding dimension of 256,
representing the size of the input embeddings fed into the
model. The model utilizes multi-head self-attention with
8 heads to capture diverse patterns and dependencies within
the input sequence. It consists of 4 Transformer layers, each
contributing to the depth and complexity of the representation
learning. To prevent overfitting, a configurable dropout rate is
used, with the default set to 0, meaning no dropout is applied
during training. The model is optimized with a learning rate
of 1x 10, ensuring gradual adjustments to model weights.
Training is conducted in batches of size 1024, enabling
efficient processing of large datasets and stable gradient
updates throughout the training process.

By default, ICL training is performed on 2'3 tasks
with 210 channel realizations, and the model is evaluated
on 2'0 unseen tasks. This ensures a rigorous assessment
of generalization performance, demonstrating the model’s
ability to adapt to previously unseen task distributions.

A. PERFORMANCE COMPARISON BETWEEN MAML
AND ICL

As illustrated in Table 2, we aim to compare the performance
of MAML and ICL as the number of tasks and the number
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of channel realizations per task vary. For MAML, we use
a two-layer Transformer with embedding dim is 256 with
4 heads. Data generated in the Table 2 in under 3bits
quantization case, and the MAML method performs better
on small-scale tasks (such as 2% and 2%), with significantly
lower MSE compared to ICL. This indicates that MAML is
more effective at fitting data and reducing errors when the
tasks are simpler. However, as the task scale increases, the
performance of the ICL method gradually surpasses that of
MAML, particularly for tasks of size 26 28 and 210, where
ICL’s MSE is significantly lower than that of MAML. In
particular, for the 2'0 task, ICL shows superior performance
across multiple realizations.Specifically, for the 20 task, ICL
achieves the lowest MSE, far outperforming MAML.

B. PERFORMANCE COMPARISON AMONG ICL,
BLMMSE, AND LMMSE

In Fig. 4, we consider the case with pilot contami-
nation, where the tested MSE values were evaluated
over an signal-to-noise ratio (SNR) range from 5 dB to
35 dB. We compared four algorithms: LMMSE (LMMSE
without quantization), BLMMSE (LMMSE with quanti-
zation), GI_ICL (ICL-based equalization with geographic
information), E2_GI_ICL (encoder-based ICL with an
encoder output dimension of 2), and E1_GI_ICL (encoder-
based ICL with an encoder output dimension of 1). In this
figure, we use fronthaul capacity as the independent variable
and MSE as the performance metric. It can be observed that
as the fronthaul capacity increases, GI_ICL, E2_GI_ICL,
and E1_GI_ICL gradually improve in performance and
eventually match or surpass LMMSE when the fronthaul
capacity reaches 12 bits. Notably, E1_GI_ICL outperforms
all other methods, exceeding the performance of LMMSE
with just 8 bits of fronthaul capacity. In fact, E1_GI_ICL
achieves over a 29% improvement in MSE compared to
LMMSE at both 8-bit and 12-bit fronthaul capacity.

C. PERFORMANCE COMPARISON IN TERMS OF
DIFFERENT FRONTHAUL CAPACITIES

In Fig. 3, we compare the MSE performance of the proposed
algorithms under different fronthaul capacities, specifically
4, 8, and 12 bits, in the presence of pilot contamination.
It can be observed that regardless of the fronthaul capacity,
the proposed methods do not surpass LMMSE in the
low-SNR region. However, in the high-SNR region, their
performance consistently exceeds that of BLMMSE and,
in certain cases, outperforms LMMSE. When the fronthaul
capacity is 4 bits, the proposed algorithms achieve better
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FIGURE 3. Comparison of fronthaul capacities at different bit rates: (a) 4bits, (b) 8bits, (c) 12bits.

performance than BLMMSE but do not surpass LMMSE
across the entire tested SNR range. However, when the
fronthaul capacity increases to 8 bits and 12 bits, E1_GI_ICL
outperforms LMMSE in high-SNR scenarios. Notably, at a
fronthaul capacity of 12 bits, all three proposed algorithms:
E1_GI_ICL, E2_GI_ICL, and GI_ICL, consistently surpass
LMMSE, demonstrating their effectiveness under different
fronthaul capacity constraints. These results highlight the
adaptability of the proposed methods, showcasing their
ability to achieve competitive performance across varying
fronthaul capacities, particularly in high-SNR conditions.

D. PERFORMANCE UNDER ORTHOGONAL PILOTS IN
TERMS OF DIFFERENT SNR

In Fig. 5, we compare the MSE performance of various
schemes under orthogonal pilot allocation, with a fronthaul
capacity of 8 bits across different SNR ranges. From this
figure, it is evident that at low SNR, the proposed algorithms
initially perform worse than both LMMSE and BLMMSE.
However, as the SNR increases, their performance gradually
surpasses that of BLMMSE, demonstrating their effective-
ness in higher-SNR scenarios. Notably, E1_GI_ICL exhibits
outstanding performance at high SNR levels, significantly
outperforming BLMMSE, which is particularly impressive.
Furthermore, it can be observed that all the proposed
algorithms outperform BLMMSE in the high-SNR region.
This indicates that the proposed approaches remain highly
effective even under orthogonal pilot allocation, reinforcing
their robustness in handling diverse channel conditions.

E. PERFORMANCE UNDER NON-ORTHOGONAL PILOTS
IN TERMS OF DIFFERENT SNR

Fig. 6 illustrates the variation of MSE as the pilot reuse
factor increases under a fronthaul capacity of 8 bits. The
pilot reuse factor indicates the number of users sharing the
same pilot. From this figure, it can be observed that in both
low and high pilot reuse scenarios, the proposed algorithms
do not surpass LMMSE in the low-SNR region. However,
as SNR increases, their performance improves significantly,
eventually outperforming LMMSE in the high-SNR region.
Focusing on the high-SNR regime, when the pilot reuse
factor is 1, only E1_GI_ICL surpasses LMMSE. However, as
the pilot reuse factor increases to 2 and 3, all three proposed
algorithmsachieve performance that exceeds LMMSE.
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VIl. CONCLUSION

In this paper, we have investigated the integration of ICL into
cooperative MIMO equalization in the FD-RAN architecture.
A novel joint compression-equalization framework based
on an encoder-decoder architecture has been proposed.
Through extensive simulations, we have shown that our
encoder integrated ICL framework can significantly outper-
form conventional LMMSE and BLMMSE equalizers under
limited fronthaul capacity constraints. These results have
demonstrated the effectiveness of ICL-based methods in
capacity-limited communication scenarios. Furthermore, the
integration of geographic location information has enhanced
equalization accuracy, especially in multi-user scenarios.
These findings underscore the transformative potential of
ICL and largescale Transformer models in next-generation
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FIGURE 6. Test results of the network under varying pilot contamination conditions with a backhaul capacity of 8 bits.

wireless systems. In the future work, we will focus on
optimizing computational efficiency and reducing inference
latency to make the proposed framework more practical for
real-time deployment. Additionally, we will plan to extend
the framework’s applicability to other critical wireless com-
munication tasks, such as channel estimation, beamforming,
and interference management, to further explore its potential
in large-scale, data-driven wireless systems.
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