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Source position Results with beamforming Results without
& modulation | Prediction from beam 0 | Prediction from beam 11 beamforming
At 0°-16PSK | 16PSK - 4986 (99.7%) | 16QAM - 4705 (94.1%) 16PSK -0 (0%)
At 40° - 16QAM 16QAM -1 (0.02%)
At 0° - 8ASK 8ASK - 3418 (68.4%) | 16QAM — 3980 (79.6%) | 8ASK —405 (8.1%)
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At 0° - BPSK BPSK - 5000 (100%) | 16QAM - 4375 (87.5%) | BPSK - 2657 (53.1%)
At 40° - 16QAM 16QAM -0 (0%)
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Fig. 4: Training and Validation MSE comparison between
LSTM and S-LSTM models over 400 epochs. The LSTM
model (blue and orange) demonstrates a higher initial MSE,
while S-LSTM (green and red) indicates efficient convergence
with fewer variations, particularly in the early epochs.

7 Output

Fig. 3. The forward propagation of the SINN architec
2, output Y, the weight matrices W1 W2 W 3)
weight matrices ;. .J, D; complemented by the recursion
F} as shown in equations (11) and {12).
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5G Signal LoRa Signal
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Ref: [1] J. Redmon and A. Farhadi, “Yolov3: An incremental improvement,” arXiv
preprint arXiv:1804.02767, 2018.3

[2] O. Ronneberger, P. Fischer, and T. Brox, “U-net: Convolutional networks for
biomedical image segmentation,” in Medical Image Computing and Computer-
Assisted Intervention—MICCAI 2015: 18th International Conference, Munich,
Germany, October 5-9, 2015, Proceedings, Part Il 18, pp. 234-241, Springer,

2015.
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Compressed channel feedback
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Ref: F. Meneghello, F. Gringoli, M. Cominelli, M. Rossi and F. Restuccia,
“How to BREAK MU-MIMO Precoding in IEEE 802.11 Wi-Fi Networks”,
IEEE INFOCOM 2025 Best Paper Award
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Explainability Challenges in Deep Learning
Models

“Black Box” Models: Deep neural networks often lack
transparency

Trust & Validation Issues: In critical applications

(military, safety), a decision must be explainable.

» The inability to understand DL decisions undermines trust
and acceptance. Operators need insight to validate that
the Al isn’t focusing on wrong cues (e.g., noise artifacts).

No Continuous Learning: Standard trained models are
static; trying to update them with new data typically causes
catastrophic forgetting.

Need for Interpretable, Adaptive Al: The goal is Al that
explains why it chose a classification and can learn lifelong,
improving with new signals without forgetting the old.

Ref: V. Magotra, S. M. Perera, A. Madanayake and H. H. Song, "Explainable Al for

Spectrum Sensing," 2025 34th International Conference on Computer Communication

and Networks (ICCCN), Tokyo, Japan, 2025, pp. 1-6, doi:
10.1109/ICCCN65249.2025.11133914.

* Proposed Solution

Introduce a Zero-Bias Neural Network (ZBNN) that
replaces the penultimate layer with a cosine similarity-
based “zero-bias” dense layer to enhance transparency.

« Dataset & Setup: Evaluate on RadioML

2016.10A dataset (11 modulations, analog & digital
signals across various SNRs) using identical training
setups for ZBNN and a baseline CNN.

Key Result: ZBNN achieves accuracy on par with
a conventional CNN (~63% vs ~65%), demonstrating
explainability without sacrificing performance. It
shows promise as a building block for XAl in spectrum
sensing.
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