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Abstract:  Spiking neural networks (SNNs), regarded as the third generation of artificial neural networks (ANNs), en-
code and transmit information through discrete spike events. Owing to their event-driven nature, spatiotemporal information

processing capability, and low-power characteristics, SNNs have shown great potential in edge intelligence, brain-inspired
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computing, and neuromorphic hardware. With the rapid development of intelligent terminals and internet-of-things devices,
the demand for environmental adaptation and continual learning is increasing, making online learning an important research
direction for edge intelligence systems. Existing online learning methods can generally be categorized into two groups.
Backpropagation (BP)-based methods achieve high accuracy by utilizing global supervisory information, but require the
storage of a large number of intermediate states and error signals, resulting in considerable computational complexity, mem-
ory overhead, and power consumption. In contrast, spike-timing-dependent plasticity (STDP)-based methods adopt local
and event-driven synaptic updates, making them hardware-friendly; however, their learning capability and task performance
are often limited due to the lack of effective supervisory information. To address these challenges, this paper proposes an on-
line learning algorithm, termed forward-forward (FF)-STDP, which combines the FF learning paradigm with the STDP
mechanism. Inspired by the layer-wise local optimization strategy of FF, the proposed algorithm introduces teacher signals
into the spike-based learning process and constructs a local goodness metric based on neuronal firing rates, thereby enabling
supervised learning without error backpropagation. By preserving the local weight-update property of STDP while incorpo-
rating supervisory information provided by FF, the proposed method achieves both task-oriented learning capability and
hardware efficiency. Furthermore, to reduce the computational complexity and hardware implementation cost of convention-
al FF algorithms in SNNs, spike-count-based gradient approximation and local derivative approximation are adopted, such
that synaptic updates depend only on the spike statistics of pre-and post-synaptic neurons, significantly reducing computa-
tional and memory overhead.Based on the proposed FF-STDP algorithm, an event-driven SNN accelerator architecture for
edge intelligence applications is developed. The architecture adopts an address event representation (AER) communication
scheme and integrates parallel post-synaptic neuron processing, dual-port memory, and pipelined execution strategies to en-
able efficient collaborative execution of inference and learning. To further reduce hardware complexity, a lookup-table
(LUT)-based weight update unit is designed, achieving low-overhead and high-throughput online learning. To validate the
effectiveness of the proposed algorithm and hardware architecture, the system is implemented on a Xilinx ZYNQ-7010 plat-
form and evaluated using the modified national institute of standards and technology database (MNIST) and Fashion-
MNIST datasets. Experimental results demonstrate that the proposed FF-STDP algorithm achieves classification accuracies
of 90.43% and 80.53% on MNIST and Fashion-MNIST, respectively. Operating at 100 MHz, the accelerator core consumes
only 15 mW of dynamic power and achieves an inference throughput of 1 887 frames per second. Compared with existing
BP-based and conventional STDP-based online learning SNN hardware, the proposed approach significantly reduces hard-
ware resource consumption and power overhead while maintaining competitive classification performance, demonstrating
excellent energy efficiency and potential for edge deployment.

Keywords: spiking neural network (SNN); forward-forward (FF) learning; online learning; field programmable gate
array (FPGA); hardware accelerator; hardware-software co-design
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Figure 1 Forward-Forward algorithm schematic
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Figure 7 Ablation experiment results under different network structures and time steps
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Table 3 Experimental data on hardware design of different network structures
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