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Abstract

This paper presents an adapter—based transfer learning approach for channel estimation using a Transformer
pretrained on InF-LoS, InF-NLoS, and RMa-LoS environments. Only lightweight adapters are fine—tuned for InF
and RMa-LoS while core layers are frozen. Results show improved accuracy with environment-specific tuning and
demonstrate both the efficiency and generalization ability of the model across diverse environments.

I . Introduction

Accurate estimation of channel state information
(CSD) is essential for enabling efficient communication
in next-generation wireless systems [1]. Recently,
deep learning approaches, particularly Transformer—
based models, have demonstrated promising results in
capturing complex temporal and spatial characteristics
of wireless channels [2]. However, most existing
models are trained and evaluated in single—channel
environments, limiting their generalization
performance when applied to new conditions. This
motivates the need for studying transferability across
diverse channel scenarios [3].

In this paper, we pretrain a Transformer-based CSI
estimation model using data from InF-LoS, InF-NLoS,
and RMa-LoS environments. We then fine—tune the
model for specific environments—InF and RMa-LoS—
and evaluate its inference performance in both. The
results provide insights into how transfer learning
impacts the generalization capability of CSI predictors
in practical multi—environment deployments.

II. Method
A. Dataset Construction
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Fig 1. PDP Dataset generation from NYUSIM
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NYUSIM is used to simulate frequency-selective
wireless channels under three environments: InF-LoS,
InF-NLoS, and RMa-LoS. Each scenario yields 50,000
PDPs at 28 GHz, aligned to zero delay at the first path.
These are converted into CIRs and then transformed
into frequency—domain CSI. Input reference signals
follow the 5G NR standard, with DMRS pilots inserted
every 7 subcarriers. Each input tensor includes both
real and imaginary parts. To ensure unbiased training,
the dataset is divided into four disjoint subsets:
pretraining, fine—tuning, validation, and inference. A
data loader is used to supply input—-output pairs during
model training.

B. Pretraining Configuration

Transformer Layer

Fig 2. Transformer—-based NN Model Architecture

To pretrain a generalized channel estimation model,
we employ a Transformer encoder architecture
optimized for frequency-selective wireless channels.
The model consists of four encoder layers, each
equipped with eight multi—head attention blocks and a
hidden dimension of 128. Each encoder also includes a
position-wise feed—forward network with a width of
1024 to capture local representations. Positional
encoding is added to preserve the frequency—domain
structure of the input signals, and dropout with a rate
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of 0.1 is applied to prevent overfitting. The model is
trained using the Adam optimizer over 3 million
iterations. A fixed learning rate of 1le—5 is used, along
with a weight decay of 1e-6 to regularize the training.
Gradient clipping with a maximum norm of 1.0 is
applied to ensure stable convergence. These settings
are chosen to balance model expressiveness with
training stability, enabling the model to effectively
learn from large—-scale simulated datasets across
multiple environments.

C. Transfer Learning with Adapters
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Fig 3. Comparison of pre-trained and adapter—
augmented Transformer architectures for environ
ment-specific transfer learning.

To adapt a pretrained Transformer model to specific
channel environments, we employ an adapter—based
transfer learning strategy. Instead of fine—tuning the
entire model, we freeze all four encoder layers and
insert lightweight adapter modules at the end of each
layer. This approach preserves the generalized
representations learned during pretraining while
allowing efficient environment—-specific adaptation.
Each adapter module is a two—layer feed-forward
network with a bottleneck architecture: the output of
each Transformer layer is first compressed to 256
dimensions, activated by ReLLU, and then projected
back to the original dimension. A dropout rate of 0.1 is
applied within the adapter to improve generalization
performance. We perform fine—tuning separately for
the InF and RMa-LoS environments. During this
process, only the adapter parameters are updated; the
rest of the model remains fixed. Training is conducted
for 100,000 iterations using the Adam optimizer with a
learning rate of le—4, weight decay of 1le-6, and
gradient clipping with a max norm of 1.0. Early
stopping is applied with a patience of 500 iterations
and a minimum performance delta of 0.0001 to prevent
overfitting. All training is performed on a CUDA-
enabled GPU, and experiments are tracked using the
Weights & Biases (W&B) platform to ensure
reproducibility and monitoring throughout the training
process.

II. Conclusion

In this work, we implemented and evaluated an
adapter—based transfer learning approach for channel
estimation using a Transformer model pretrained on
multiple wireless channel environments, including InF-
LoS, InF-NLoS, and RMa-LoS. By freezing the core
Transformer layers and fine-tuning only lightweight
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adapters, we efficiently adapted the model to specific
environments such as InF and RMa-LoS.

NMSE Comparison by Transfer Strategy
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Fig 4. NMSE(dB) Comparison of pre—trained and
adapter-based Transformer models on InF(50m)
and RMa(300m) environments.

Experimental results (Fig 4.), obtained in InF and RMa
settings at 50 meters and 300 meters respectively,
demonstrate that the adapter—based fine—tuning
significantly improves estimation accuracy in the
target domain. Moreover, the method effectively
transfers knowledge from the generalized pretrained
model to each specific environment, achieving a
favorable balance between adaptation and
generalization. These findings suggest that the
proposed framework is both effective and scalable for
environment—-aware channel estimation. For future
work, we plan to investigate the impact of adapter
structure variations—such as changes in bottleneck
dimension or insertion position—as well as the effect
of increasing the amount of pretraining data on model
generalization and downstream performance.
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