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Project Objectives:

Develop learning-based technologies for intelligent wireless networks:
Wideband spectrum sensing through efficient ML techniques;
Collaborative learning for spectrum monitoring and cartography;
Reinforcement learning based optimization for IRIS-system design.

Collaborative Research: SWIFT: Intelligent Dynamic Spectrum Access (IDEA):
An Efficient Learning Approach to Enhancing Spectrum Utilization and Coexistence

Challenges:

Contributions:
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Research Activities

Spectrum Transformer
Challenges:
Wideband data dimensionality boosts
computation complexity
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Learn both inner-band features & inter-band
correlations via multi-head self attention (MSA)
Develop wideband Spectrum Transformer
model to facilitate wideband detection
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[1] W Zhang, Y Wang, X Chen, Z Cai, Z Tian, "Spectrum Transformer:
An Attention-based Wideband Spectrum Detector" IEEE TWC, 2024.
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Collaborative learning w/ limited training data
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[3] W Zhang, Y Wang, L Liu, Z Tian, ‘FedRME: Federated Learning for Enhanced Distributed
Radiomap Estimation” IEEE VTC 2024 Fall.

Challenges: Physics-Enhanced FedRME

Heterogeneous local environments, data and tasks

Contributions:
PE-FedRME by using log-distance path loss model to guide a shared autoencoder
Each client trains a local autoencoder for client-specific propagation in shadowing
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RL-based irregular-RIS Optimization
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Challenges:

Distributing power across increasing RIS antenna array
« CSl acquisition complexity and vulnerability to sensing error [
Mixed-integer programming with hybrid variables
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