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An Energy-Efficient SVM Learning Accelerator for
Implantable Devices of Neural Sensing System
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Abstract

Neural sensing technology advancements have been crucial for
detecting and recognizing brainwave-related features in neurological
disorders and brain-machine interfaces (BCI). Support vector machines
(SVMs) are commonly used in neural signal processing to classify
and identify brain signals, outperforming general neural networks
with limited training samples. However, traditional implementations
of SVMs suffer from long hardware latency and power limitations.
To address this, we developed an energy-efficient SVM learning
accelerator forimplantable neural sensing systems. It features:

The proposed processor integrates 2.1M logic gates within a 1.4mm?
core area. Compared to a conventional SVM kernel configuration, it
achieves much higher area and energy efficiency for inference and
training. This work presents an energy-efficient SVYM learning
accelerator for brain pattern recognition, implementing CP-SYM on
silicon and enabling fast learning with a massive electrode array,
showcasing a promising, efficient brain pattern recognition kernel
for neural sensing systems.
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notable reduction in processing unit area.

The proposed SVM learning processor architecture (Fig. 2) comprises a
scheduler array, a processing element (PE) array, and a classifier.
The scheduler array hierarchically distributes clustering computations
among multiple PEs, with each scheduler assigned to process data
for one cluster. The PE array calculates the scoring function for
inference or the evaluation error for training, utilizing an L1-norm
calculator and CORDICs to compute the SVM kernel function. The
classifier includes a cluster assigner for partitioning and assigning
inputs to PEs, and an evaluator for classification decisions based
on assigned labels.
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Fig.2 System architecture.
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