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Background and Motivation

Autonomous vehicles E-healthcare VR/AR

B Accurate channel estimation is a foundational requirement for B5G and

6G applications.
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B The channel state information (CSI) exhibits generalizability.

distinct statistical distribution characteristics
across different environments.
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Background and Motivation

Key Contribution

* Proposes LORAT: A novel framework for efficient multi-environment CSI
estimation without requiring labeled downlink data in new environments.

* Data-to-model mapping: Learns to predict environment-specific model
adaptations using only unlabeled uplink CSI, eliminating the need for costly
retraining.

* Low-rank adaptation: Uses a shared foundation model with lightweight, low-
rank updates to capture environment-specific features, reducing
computational and communication overhead.

* Scalable for wireless foundation models: Enables rapid deployment across
diverse environments, making it ideal for B5G/6G intelligent networks.
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System Model

B |n environment e,, the received signal at subcarrier k is
Yo, [k] = He, [k]X[E] + Ne, %]

where H is complex channel matrix modeled as a sum over
propagation paths:
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System Model

B Optimization Objective

Model Environment-specific
parameter distribution
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LoRAT Architecture

Step 2

; . gl gttt e | _— - | &' g | — N
v ol __ \__ _ _ _ _ _ ) | L g, % \\\H
EE;’ T T B hr \I"‘-:I".I
5 '_A__l _______ J |
S b "T ______ B
Y Aw g Model | |
'.: (fl )) " : : 2 \)ﬂn..‘;rranstr: f Step 3
A |
NN : |
| |
| a k |
Step 1 | Low-ran I
P | Adaptation | j
- o —— !
Known Environments Unknown Environments

Fig. Overview



f_———-——-——-——-——-——-——-——-——-——-——-—---

LoRAT Architecture
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LoRAT Architecture
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LoRAT Architecture
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LoRAT Architecture

B Advantages

* LoRAT requires no labeled data in the target environment.

LoRAT has very low communication and computation overhead.

LoRAT is highly scalable.

LoRAT is model-agnostic.
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Experiments and Simulation Results

B Experimental Setup

--------------------------------
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Experiments and Simulation Results
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Experiments and Simulation Results
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LORAT significantly outperforms Across all combinations, LORAT consistently
state-of-the-art baselines achieved SNR values around 16.4 dB.
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Conclusion

* LoRAT Framework: Proposed LoRAT for efficient, label-free channel estimation across
unseen environments.

* Low-Rank Adaptation & Data-to-Model Mapping: Combines low-rank adaptation with a
learned data-to-model mapping to enable rapid transfer using only unlabeled uplink data.

» Significant Accuracy Gains: Achieves up to 15% improvement over learning-based methods
and 265% over traditional codebook approaches in real-world measurements (Argos
dataset).

* Reduced Overhead: Drastically reduces computational and communication costs compared
to full fine-tuning or retraining.

* Foundation Models for Wireless Systems: Paves the way for scalable foundation models
that can be efficiently adapted to diverse deployment scenarios—accelerating the
development of intelligent, 6G-ready networks.
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