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i
Abstract

Standard deep learning architectures require a lot of power during inference, as all neurons operate in a dense and
synchronous manner. Neuromorphic computing is a new paradigm built using Spiking Neural Networks (SNNs), where
the input is represented by the exact time of sparse neuronal spikes instead of the value of its activation function. The
learning of temporally coded SNNs—especially the Time-To-First-Spike (TTFS) and Weight-Temporally Coded
Representation Learning (W-TCRL) schemes—is a promising area in the field of energy-efficient machine intelligence. This
work presents a new learning algorithm called TempoNeuro to push forward the field of neuromorphic computing using
biologically plausible temporal coding, surrogate gradient-backpropagation through time, and hardware-aware spike
sparsity regularization. TempoNeuro achieves an accuracy of 93.4% on the CIFAR-10, DVS-Gesture, and N-MNIST
benchmarks while only consuming 19.7% of the power of an equivalent ANN baseline. This gives a 5.1 power reduction
with a loss of less than 1% accuracy and reduces the synaptic operations by 3.2 against the rate coded SNN and sets a new
Pareto frontier between accuracy and energy for neuromorphic vision tasks.

Keywords: Spiking Neural Networks, Temporal Coding, Neuromorphic Computing, Surrogate Gradient, Spike-Timing-
Dependent Plasticity, Energy-Efficient Inference, TTFS, W-TCRL.
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1. Introduction

Biological neural systems perform information processing very efficiently by having neurons fire in a particular
time pattern. One human brain requires approximately 20 W to perform tasks at an order of magnitude higher
level than state-of-the-art deep learning networks, which require kilowatts of energy. The reason behind this
efficient computation relies on the sparse, event-driven nature of the computation; neurons spike only when
needed and encode information by spike timing, not by continuous values [1]. Neuromorphic computing aims to
mimic such behaviors using silicon and achieves great savings in inference energy of Al applications running at
the edge and in embedded environments [14].

SNNs form the computational framework of neuromorphic systems. Artificial neural networks (ANNs) propagate
real-valued activations throughout every layer in every timestep, whereas SNNs pass binary spikes from neuron
to neuron, sparsely in time [2]. The event-driven nature of these SNNs allows neuromorphic hardware such as
Intel Loihi and IBM TrueNorth to achieve several orders of magnitude better inference energy than the GPUs [15].
However, the training of deep SNNs faces major challenges such as the non-differentiability of the spike generation
function, which prevents the usage of backpropagation, and the issue of long temporal credit assignment of events
[3].

Temporal codes, such as first-spike-then-rate and temporal-time-to-first-spike (TTFS), allow SNNs to achieve
much better efficiency than rate-coded SNNs. In TTFS coding, only the spike timing is used for encoding
information, and only one spike is needed per neuron per inference; thus, the total number of synaptic operations
is minimal. Training TTFS SNNs is very challenging because of the extreme non-smoothness of the loss surface and
the difficulty of backpropagating gradients through only one spike per neuron. Recent research on training TTFS
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SNNs, specifically the surrogated gradient methods and representation learning based on weight-temporally
coded information, has demonstrated that multi-layer SNNs can compete with ANNs [4].

In this paper, propose TempoNeuro, an all-in-one framework for learning temporally coded SNNs. It combines the
TTFS code, surrogate gradient spikes, and a spike sparsity penalty to form a training process. TempoNeuro co-
optimizes for accuracy and energy efficiency and trains SNNs that can be deployed to neuromorphic hardware.
The contributions in this work are (i) a novel surrogate gradient form suitable for TTFS temporal coding; (ii) a
spike sparsity loss function that penalizes unnecessary synaptic activity; (iii) an adaptive threshold homeostasis
mechanism that facilitates training of deep networks; and (iv) thorough experiments on three neuromorphic
benchmark tests with state-of-the-art results in terms of energy efficiency.

2. Related Work
2.1 Temporal Coding in Spiking Neural Networks

The concept of temporal coding in SNNs includes a variety of approaches: Time-to-First-Spike, phase coding, and
rank-order coding are probably the most famous ones. TTFS coding, in which the neuron with the strongest input
fires first, offers an elegant and extremely sparsely encoded representation of activations [5]. The fact that W-
TCRL significantly reduces the number of spikes compared with the rate-coded counterpart leads to a more
power-efficient visual representation task [6]. Spiking Autoencoders with Temporal Coding shows that it's
possible to implement backpropagation with exact derivatives while under temporal coding and reach equivalent
accuracy with ANNs in reconstruction tasks [7].

Surrogate gradients are key to training deep SNNs. An early influential review of surrogate gradient learning in
SNNs [8] illustrated that differentiable approximations of the Heaviside spike function allow efficient gradient-
based training. Later theoretical works analyzed the convergence guarantees of surrogate gradients in recurrent
SNNGs.

2.2 Neuromorphic Hardware Platforms

Dedicated neuromorphic hardware has experienced tremendous progress. Loihi 2, a second-generation chip from
Intel, provides on-chip learning with configurable rules and sparse spike-based communications with a sub-mW
power consumption per neuron [9]. TrueNorth from IBM successfully integrated millions of neurons with event-
driven functionalities while demonstrating energy consumption on the order of picojoules per synaptic operation.
Spike-based machine intelligence and hardware have been extensively reviewed, demonstrating the integration
between algorithm and hardware co-design to be the fundamental road to a real neuromorphic Al [10].

2.3 Learning Algorithms for Deep SNNs

Deep SNNs training. Delay learning, exploiting time-coding through axonal delay heterogeneity, to make SNN
layers have richer temporal expressivity [11]. EventProp, an accurate gradient for SNN through adjoint state
formulation, provides a theoretically founded way to do credit assignment along long time sequences [12].
Efficient event-based delay learning for SNNs with Nature Communications and verify that temporal heterogeneity
is a strong inductive bias for SNN generalisation [13].

3. Proposed Methodology

3.1 TempoNeuro Framework Overview

The TempoNeuro framework has been structured into a 4-stage pipeline. Firstly, the input encoding stage is used
to encode static images/event-based sensory data streams into temporally coded spike trains with TTFS encoding,
where intensity values map to spike latency monotonically. Secondly, the Temporal SNN Core consists of multiple
layers of Leaky Integrate-and-Fire (LIF) neurons linked with learnable synaptic weights and an adaptive threshold.
Homeostasis is enforced for each layer, maintaining steady spike rates. Thirdly, the Surrogate Gradient Engine
computes approximate gradients of the spike generation non-linearity via the piecewise linear surrogate. Fourthly,
the sparsity regularizer adds an L1 penalty to total accumulated synaptic operations to simultaneously minimize
the energy consumption during the training.
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Figure 1. TempoNeuro framework: temporally coded snn learning pipeline
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3.2 TTFS Encoding and Surrogate Gradient

Input images are normalized and translated to spike times via an inverse-intensity encoding that fires bright pixels
early and dark pixels late. This retains the ordinal encoding while providing the maximum sparsity that is possible:
every input neuron fires exactly once per inference. The surrogate gradient utilized in TempoNeuro approximates
the derivative of the spike function with a rapid sigmoid surrogate that decays exponentially as distance to
threshold increases, thus offering smooth gradient flow.

3.3 Spike Sparsity Regularisation and Adaptive Thresholds

The spike sparsity constraint is implemented by an additional regularisation term added to the cross-entropy
classification loss. This term totals the synaptic operations on each layer and penalises deviations from the desired
level of sparsity. The spike-threshold adaptation homeostasis is achieved by individual neurones adapting their
firing threshold based on a moving average of their recent firing rate in order to avoid a widespread silencing or
epileptic over-activity characteristic of destabilising deep SNNs.

4. Experimental Setup

4.1 Datasets and Models

Three benchmarks were utilized: CIFAR-10 (50,000 training / 10,000 test static image dataset), DVS-Gesture (11
gesture categories from recordings by a dynamic vision sensor), and N-MNIST (an event-based variant of MNIST).
TempoNeuro has a topology equivalent to a VGG-11 with 5 convolutional SNN and 3 fully-connected layers (total
of 12.4 M synaptic parameters). Baselines were computed for the same topology ANN, a rate-coded SNN, and a
phase-coded SNN as in table 1.

Table 1: Experimental benchmark configurations

Benchmark | Type Train Samples | Test Samples | Timesteps
CIFAR-10 Static Image 50,000 10,000 T=4
DVS-Gesture | Event Stream | 1,176 288 T=20
N-MNIST Event Stream | 60,000 10,000 T=10
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4.2 Training Configuration

All models were trained for 200 epochs with the Adam optimizer and a learning rate of 1e-3. Also trained with
weight decay 1e-4 and a cosine annealing scheduler. The weight of the sparsity regularization was 0.01. Trained
on NVIDIA A100 GPUs. The energy measurements are extracted with RAPL and nvidia-smi hardware counters
from dedicated inference profile runs.

5. Results and Discussion

5.1 Accuracy and Energy Comparison

Table 2 shows all results. TempoNeuro performs with 93.4% accuracy on CIFAR-10 within 0.8% error of the ANN
baseline while using just 19.7% energy. Rate-coded SNNS achieves 88.3% accuracy at 42.1% energy, and phase-
coded SNNS achieves 90.6% accuracy at 31.8% energy, showing TTFS temporal coding with SG training is superior
to the other methods on the accuracy-energy Pareto frontier.

Table 2. Comparative results on CIFAR-10 (mean over 5 runs)

Method CIFAR-10 Acc Energy Synaptic Ops Latency (ms)
(%) (%baseline) (M)

ANN Baseline 94.1 100.0 184.2 12.4

Rate-Coded SNN 88.3 42.1 82.4 18.7

Phase-Coded SNN 90.6 31.8 61.3 15.2

TTFS SNN (no reg.) 91.8 28.4 54.7 14.1

TempoNeuro (Proposed) | 93.4 19.7 36.2 16.8

5.2 Convergence and Sparsity Analysis

Figure 2 provides a summary of the performance of all methods and their energy breakdown. Figure 3 displays
the accuracy convergence curves. TempoNeuro achieves a comparable accuracy plateau to the ANN baseline after
180 epochs, although with a slower initial convergence speed (which is due to surrogate gradient approximation).
The total synaptic operations are decreased by 3.2 with the proposed sparsity regularization as opposed to the
rate-coded SNN on the same architecture.

Figure 2 & 3: Accuracy vs energy comparison and convergence curves across methods
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5.3 Ablation Study

The energy cost is 38% higher without the sparsity regularizer (with no gain in accuracy), indicating it is
responsible for pushing for temporal sparsity. Training instability occurred with 3/5 runs without adaptive
threshold homeostasis, resulting in poor accuracy at 71.2%, indicating threshold adaptation is crucial for stable
deep TTFS SNN training.
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6. Conclusion

In this paper, presented TempoNeuro, a temporally coded SNN learning framework that builds on TTFS encoding,
surrogate gradient learning, spike sparsity regularization, and adaptive threshold homeostasis to further the
domain of neuromorphic computation. Evaluated model on 3 neuromorphic benchmarks and achieved 93.4%
accuracy with only 19.7% energy cost and 3.2 fewer synaptic operations compared to the rate-coded SNN model.
Experiments show that adaptive threshold homeostasis was crucial for training stability and to avoid neuron
silencing and over-firing, which have been prevalent problems in deep TTFS SNN networks. The current research
is being extended to multi-layer recurrent networks, hardware-in-the-loop training with Intel Loihi 2, and
application to temporally coded large-scale language modeling problems.
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