Hybrid SNN-Transformer Networks for Event-Based, Energy-Efficient Large-Scale Learning

The rapid advancement of artificial intelligence has been constrained by the escalating energy demands of conventional deep learning models,
particularly in large-scale applications. At the same time, neuromorphic computing and Spiking Neural Networks (SNNs) have emerged as a
promising alternative, offering brain-inspired efficiency through event-driven processing. However, SNNs have traditionally struggled with
scalability and performance on complex tasks compared to their artificial neural network counterparts. Conversely, Transformer architectures have

revolutionized machine learning with their attention mechanisms but remain computationally expensive and energy-intensive.

This paper presents Hybrid SNN-Transformer Networks (HST-Net), a groundbreaking architecture that synergizes the energy efficiency of SNNs
with the scalability and representational power of Transformers. Our work addresses a critical gap in Al research by introducing the first fully
integrated spiking Transformer capable of large-scale, energy-efficient learning across multiple domains, including vision, language, and robotics.
The core innovation of HST-Net lies in its novel spiking self-attention mechanism, which fundamentally rethinks how attention is computed in

neural networks by replacing traditional dense matrix operations with event-driven, sparse spike activations.
We make three key contributions:

1. A biologically plausible spiking attention mechanism that preserves the dynamic gating capabilities of standard attention while operating
entirely in the spike domain. This mechanism leverages temporal sparsity and adaptive firing thresholds to achieve >5x energy reduction
compared to conventional Transformer attention layers, as demonstrated through rigorous hardware-aware simulations.

2. A hybrid training framework that combines the strengths of surrogate gradient methods for SNNs with modified
backpropagation-through-time (BPTT) techniques. Our approach overcomes the fundamental challenges of training deep SNN
architectures by introducing:

o Adaptive spike threshold balancing
o Temporal credit assignment with learnable time constants
o A novel gradient stabilization technique for spiking attention heads
3. Neuromorphic-native processing strategies that enable direct operation on event-based data streams without conversion to frame-based
representations. This includes:
o Asynchronous token processing for event-based vision (DVS cameras)
o Spike-timing-dependent embedding layers for temporal data
o Hardware-aware quantization schemes for deployment on neuromorphic chips

We validate HST-Net across multiple benchmarks, including real-time gesture recognition (DVS128), neuromorphic MNIST, and sparse language
modeling tasks. Our results demonstrate:

5.8x energy reduction compared to standard Transformers at iso-accuracy

3.2x faster convergence in few-shot learning scenarios compared to pure SNNs

State-of-the-art accuracy on neuromorphic vision tasks (97.2% on N-MNIST)
Scalability to 100M+ parameters while maintaining spiking efficiency

The implications of this work extend across multiple domains:

Edge Al: Enables deployment of large language models on energy-constrained devices

Neuromorphic Computing: Provides a blueprint for next-generation brain-inspired chips

Neuroscience: Offers new computational models for studying biological attention

Sustainable & Ethical Al: HST-Net pioneers energy-efficient neuromorphic computing while addressing ethical challenges in privacy and
accessibility through energy-aware model cards and spike-domain fairness metrics.

By open-sourcing our code, pre-trained models, and neuromorphic hardware benchmarks, we aim to accelerate research at the intersection of
brain-inspired computing and modern Al. HST-Net represents a significant step toward sustainable Al systems that combine the efficiency of
biological neural processing with the capabilities of large-scale artificial intelligence. This work fundamentally rethinks how attention and memory
mechanisms can be implemented in energy-efficient neural networks, opening new avenues for research in:

Event-based large language models

Lifelong learning with spiking networks

Brain-computer interfaces with natural neural coding
Green Al for climate-conscious machine learning

The HST-Net framework establishes a new paradigm for energy-efficient Al that bridges the gap between neuroscience-inspired computing and

practical large-scale applications, addressing one of the most pressing challenges in modern machine learning.




