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Abstract

Spiking Neural Networks (SNNs) offer a promising energy-
efficient computing paradigm owing to their event-driven
properties and biologically inspired dynamics. Among var-
ious encoding schemes, Time-to-First-Spike (TTFS) is par-
ticularly notable for its extreme sparsity, utilizing a sin-
gle spike per neuron to maximize energy efficiency. How-
ever, two significant challenges persist: effectively leveraging
TTFS sparsity to minimize training costs on Graphics Pro-
cessing Units (GPUs), and bridging the performance gap be-
tween TTFS-based SNNs and their rate-based counterparts.
To address these issues, we propose a parallel training algo-
rithm for accelerated execution and a novel decoding strat-
egy for enhanced performance. Specifically, we derive both
forward and backward propagation equations for parallelized
TTFS SNNs, enabling precise calculation of first-spike tim-
ings and gradients. Furthermore, we analyze the limitations
of existing output decoders and introduce a membrane poten-
tial–based decoder, complemented by an incremental time-
step training strategy, to improve accuracy. Our approach
achieves state-of-the-art accuracy for TTFS SNNs on several
benchmarks, including MNIST (99.51%), Fashion-MNIST
(93.14%), CIFAR-10 (95.06%), and CIFAR-100 (74.07%).

Code — https://github.com/CheKaiWei/PTTFS

Introduction
Spiking Neural Networks (SNNs) (Maass 1997) mimic bi-
ological systems via event-driven spike communication, en-
abling highly energy-efficient computation. This efficiency
has been successfully demonstrated on various neuromor-
phic hardware platforms, such as TrueNorth (Merolla et al.
2014), Loihi (Davies et al. 2021), and Tianjic (Pei et al.
2019). The functionality of SNNs is fundamentally gov-
erned by neural coding principles, which dictate how infor-
mation is represented by spikes. Drawing inspiration from
neurobiology, researchers have developed numerous coding
schemes to translate data for these networks. Among these
schemes, rate coding correlates information with neuronal
firing rates (Adrian 1926), but it has been shown to be ineffi-
cient for tasks requiring rapid processing (Lestienne 2001).

*Wei Fang and Yonghong Tian are corresponding authors.
Copyright © 2026, Association for the Advancement of Artificial
Intelligence (www.aaai.org). All rights reserved.

In contrast, temporal coding leverages the precise timing
of spikes to encode information, a mechanism that facili-
tates swift computation and is observed in the human visual
system (Thorpe, Fize, and Marlot 1996), the rat hippocam-
pus (O’Keefe and Recce 1993), and mouse retinal ganglion
cells (Portelli et al. 2016). A prominent temporal scheme
is Time-to-First-Spike (TTFS) coding (Rueckauer and Liu
2018; Mostafa et al. 2017; Kheradpisheh and Masquelier
2020). By constraining each neuron to fire at most once,
TTFS theoretically achieves minimal energy consumption.
This single-spike constraint fosters extreme sparsity, mak-
ing TTFS a highly promising and efficient coding strategy
for neuromorphic hardware.

Despite its theoretical promise, the practical application
of TTFS coding is impeded by two critical challenges. First,
the high sparsity of TTFS often fails to translate into corre-
spondingly fast execution time. To compensate for the lim-
ited representational capacity of the single-spike constraint,
existing approaches typically require many simulation time-
steps (Rueckauer and Liu 2018; Stanojevic et al. 2023),
which leads to a near-linear increase in execution time on
Graphics Processing Units (GPUs). Recent Recurrent Neu-
ral Network (RNN)-like frameworks (Yang et al. 2024; Che
et al. 2024) manage to reduce time-steps by enforcing serial-
ized forward propagation. This design stops them from using
modern GPUs’ massive parallelism, often leading to slower
execution than parallelizable rate-based SNNs (Fang et al.
2023b; Huang et al. 2024). Second, the task performance of
directly trained TTFS SNNs generally lags behind competi-
tive alternatives. The core difficulty arguably stems from the
severe information bottleneck imposed by the single-spike
constraint, which complicates the network training process.

To tackle the issue of slow execution, we derive the corre-
sponding forward and backward propagation equations for
parallelized TTFS operations, enables efficient and lossless
calculation of first-spike timings, fully leveraging the mas-
sively parallel computing power of modern GPUs. Second,
to bridge the performance gap, we theoretically analyze why
TTFS accuracy lags rate-based methods and identify the
output decoder as a key bottleneck. We then introduce a
new membrane potential-based decoder, complemented by
a training strategy that incrementally increases simulation
time-steps to boost model accuracy. In summary, our main
contributions are:
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• A parallel training framework for TTFS SNNs that
significantly accelerates both training and inference by
enabling efficient parallel computation on GPUs.

• A novel membrane potential-based decoder and an
incremental time-step training strategy, which collec-
tively boost the task accuracy of TTFS models to new
state-of-the-art levels.

Related Work
Neural Coding in SNNs
SNNs primarily employ two neural coding strategies: rate
coding and temporal coding. Rate coding represents infor-
mation through the average firing rate of neurons and is
common in both ANN-to-SNN conversion and direct train-
ing methods (Rueckauer et al. 2017; Han, Srinivasan, and
Roy 2020; Li et al. 2021; Wu et al. 2024). Its main draw-
back, however, is the inherent accuracy-latency trade-off,
which requires extended time-steps for reliable spike rate es-
timation. Temporal coding offers a more efficient alternative
by encoding information in the precise timing of individual
spikes. Various temporal schemes exist, such as phase cod-
ing (Kim et al. 2018; Chen et al. 2021) and burst coding
(Park et al. 2019; Li and Zeng 2022). Among them, TTFS
coding is particularly promising. By constraining each neu-
ron to a single spike, TTFS theoretically achieves the lowest
possible energy consumption (Kheradpisheh and Masque-
lier 2020; Kheradpisheh et al. 2022). Recent advancements
in TTFS have focused on direct training using RNN-like
frameworks, which significantly reduce latency compared
to ANN-to-SNN conversion techniques (Rueckauer and Liu
2018; Zhang et al. 2019). For example, TQ-TTFS (Yang
et al. 2024) proposed a time-quantized framework, while
ETTFS (Che et al. 2024) improved the training of deep
TTFS networks with a novel weight initialization and de-
coder. Despite their efficiency, these RNN-like models are
fundamentally limited by their serial forward propagation
mechanism, which slows down execution.

Parallel Training of SNNs
While SNNs with RNN-like architectures have achieved im-
pressive results (Fang et al. 2021; Bellec et al. 2018; Yin,
Corradi, and Bohté 2021), their training speed is constrained
by an inherent architectural limitation: the reliance on se-
quential forward propagation. This prevents them from fully
leveraging the massive parallel computing power of GPUs,
creating a significant computational bottleneck.

To unlock parallel computation in SNNs, one line of
research has focused on modifying the neuron model it-
self. Initial approaches, such as the Parallel Spiking Neu-
ron (PSN) (Fang et al. 2023b) and the Stochastic Paralleliz-
able Spiking Neuron (Yarga and Wood 2023), achieved par-
allelization by omitting the neuron’s reset mechanism. This
simplification, however, introduced inaccuracies in neuronal
dynamics and led to undesirably high firing rates. Subse-
quent works sought to correct these issues. The Parallel
Spiking Unit (PSU) (Li et al. 2024) introduced a probabilis-
tic reset, and the Parallel Multi-compartment Spiking Neu-
ron (PMSN) (Chen et al. 2024) used a more complex struc-

ture to handle temporal information. Despite improving ac-
curacy, these solutions increase the model’s internal com-
plexity, which can impede overall execution speed.

Another prominent research direction integrates SNNs
with State Space Models (SSMs). These methods, such as
SpikingLMUFormer (Liu et al. 2024) and Spiking S4 (Du,
Liu, and Chua 2024; Stan and Rhodes 2024), have success-
fully enabled parallel training. However, a major drawback
of many SSM-based approaches is their tendency to neglect
or oversimplify crucial neuronal dynamics, particularly the
deterministic reset mechanism. Although a recent model at-
tempts to approximate these dynamics with a surrogate net-
work (Shen et al. 2025), effectively modeling them within a
parallel framework remains an open challenge.

Method
At-Most-One-Spike Spiking Neuron Model
The At-Most-One-Spike (AMOS) spiking neuron model can
be described as (Kheradpisheh and Masquelier 2020):

H[t] = f(H[t− 1], X[t]), (1)
S[t] = (1− F [t− 1]) ·Θ(H[t]− Vth), (2)
F [t] = F [t− 1] + S[t], (3)

where t is the time-step, H[t] is the membrane potential after
charging, X[t] is the input current, f is the neuronal charg-
ing function, F [t] is the firing mask, Vth is the threshold,
and Θ(x) is the Heaviside step function with Θ(x) = 1
for x ≥ 0 and Θ(x) = 0 for x < 0. The initial states
are H[−1] = F [−1] = 0. When S[i] = 1 at time-step i,
F [i] = 1 prevents subsequent firing to achieve the at-most-
one-spike property. For the AMOS LIF neuron, the neural
charge function f is identical to the standard LIF neuron:

H[t] = (1− 1

τm
) ·H[t− 1] +

1

τm
·X[t], (4)

where τm is the membrane time constant.

AMOS Neuron Forward Parallelization
Parallelizing the neural charge function. Unlike tradi-
tional spiking neurons, AMOS neurons naturally do not re-
quire the reset stage because they can only fire once. There-
fore, the absence of neuronal reset allows exact paralleliza-
tion without approximation. More specifically, Eq. (4) does
not depend on the neuronal firing (Eq. (2)) or the firing mask
update (Eq. (3)). We can easily rewrite Eq. (4) into a non-
iterative formulation:

H =
1

τm
A · cumsum(A− ⊙X), (5)

where A = [α0, α1, . . . , αT−1], A− =
[α0, α−1, . . . , α1−T ], α = 1 − 1

τm
, X =

[X[0], X[1], . . . , X[T − 1]], and ⊙ is element-wise
multiplication. The operator cumsum is defined as:

cumsum([x[0], . . . , x[T − 1]]) = [
0∑

k=0

x[k], . . . ,
T−1∑
k=0

x[k]].

(6)
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(a) AMOS neuron backward (b) AMOS neuron parallel backward

First Spike Second 
Fake Spike

Figure 1: Backward process of the At-Most-One-Spike (AMOS) neuron. (a) Sequential execution. (b) We decompose the
backward process into different stages and solve them in parallel by matrix operations, rather than step-by-step.

Note that the cumsum operation can be implemented effi-
ciently with nearly O(log(T )) time complexity on GPUs.
First spike extraction. With membrane potentials H =
[H[0], H[1], . . . ,H [T − 1]], we can compute spikes S =
[S[0], S[1], . . . , S[T −1]] by searching for the first time-step
when the membrane potential is greater than or equal to the
threshold. Particularly, to avoid the no-spike problem, the
AMOS neuron is generally forced to fire a spike at the last
time-step if it has not fired at previous time-steps. Thus, S[t]
is computed as:

S[t] =

{
1, t = tf = argmin{i|H[i] ≥ Vth or i = T − 1}
0, t ̸= tf

,

(7)

where tf is the firing time-step. To generate S[t] in parallel,
we first ignore the one-spike constraint and compute fake
spikes S̃ as:

S̃ = Θ(H − Vth). (8)

Then we replace S̃[T−1] with 1 and obtain tf by the argmax
operation:

tf = argmax{S̃[0], S̃[1], . . . , S̃[T − 2], 1}. (9)

Note that argmax operation always returns the first index of
1 in Eq. (9). Finally, we can generate S from tf as in Eq. (7).

AMOS Neuron Backward Parallelization
The argmax operation creates a gradient discontinuity. Us-
ing Eqs. (8)-(9) directly in the autograd mechanism would
truncate the computation graph, preventing effective back-
propagation. We address this in the following by redefining
a parallelizing backward propagation.
BPTT formulation. Denote the loss as L. The gradient of
the membrane potential is:

dL
dH[t]

=
dL
dS[t]

∂S[t]

∂H[t]︸ ︷︷ ︸
spatial gradient

+
dL

dH[t+ 1]

∂H[t+ 1]

∂H[t]
,︸ ︷︷ ︸

temporal gradient

(10)

where ∂S[t]
∂H[t] = (1−F [t− 1])Θ′(H[t]−Vth) and ∂H[t+1]

∂H[t] =
∂f

∂H[t] . Note that Θ′(x) is defined by the surrogate gradient
(Neftci, Mostafa, and Zenke 2019). The critical term dL

dS[t]

decomposes as:
dL
dS[t]

=
∂L
∂S[t]

+
dL

dF [t]

∂F [t]

∂S[t]︸ ︷︷ ︸
mask gradient

=
∂L
∂S[t]

+
dL

dF [t]
. (11)

The mask gradient propagates via:
dL

dF [t]
=

dL
dF [t+ 1]

∂F [t+ 1]

∂F [t]
+

dL
dS[t+ 1]

∂S[t+ 1]

∂F [t]

=
dL

dF [t+ 1]
− dL

dS[t+ 1]
Θ(H[t+ 1]− Vth). (12)

Gradients change by the second fake spike. It can be
found that Θ(H[t+1]−Vth) = S̃[t+1] is the spike without
the one-spike constraint. If S̃[t+ 1] = 0, then:

dL
dF [t]

=
dL

dF [t+ 1]
. (13)

If S̃[t+ 1] = 1, then:
dL

dF [t]
=

dL
dF [t+ 1]

− dL
dS[t+ 1]

=
dL

dF [t+ 1]
− (

∂L
∂S[t+ 1]

+
dL

dF [t+ 1]
)

= − ∂L
∂S[t+ 1]

. (14)

Eqs. (13)-(14) reveal that ∂L
∂F [t] propagates unchanged until

the a fake spike occurs.
We therefore define the second fake spike as the tempo-

rally closest fake spike immediately following the first actual
spike. We conclude that the complete spike gradient is:

dL
dS[t]

=


0 , t > tf
∂L

∂S[tf]
− ∂L

∂S[tsf]
, t = tf

∂L
∂S[t] −

∂L
∂S[tf]

, t < tf

, (15)
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Figure 2: A comparison of output decoding mechanisms. (a) Rate coding utilizes temporally-aggregated spike counts. (b)
Temporal Weighting Decoding (TWD) (Che et al. 2024) fails to resolve spikes that co-occur in the same time-step. (c) Our
proposed temporal selector decoder identifies the first spike time (t1st) across the layer and uses the membrane potential snapshot
at that instant for classification.

where tf is the firing time-step and tsf is the second fake spike
time-step. Notably, both − ∂L

∂S[tf]
and − ∂L

∂S[tsf]
terms exhibit

no temporal dependencies, enabling O(1) parallel computa-
tion, denoted dL

dS . The detailed process is shown in Figure 1.
Building upon the preceding derivation, the complete mem-
brane potential gradient is formulated as follows:

dL
dH[t]

=
dL
dS[t]

(1− F [t− 1])Θ′[t]︸ ︷︷ ︸
spatial gradient

+
dL

dH[t+ 1]

∂f

∂H[t]︸ ︷︷ ︸
temporal gradient

.

(16)

The second fake spike formulation enables O(1) parallel
computation of dL

dS[t] , denoted dL
dS . The term (1 − F [t − 1])

represents that the gradient is set to zero when t > tf.
Once the firing time is determined, a simple mask opera-
tion can be generated as F = [F [0], F [1], . . . , F [T − 1]]
with F [t ≤ tf] = 1 and F [t > tf] = 0. The Θ′(H[t] − Vth)
term exhibits no temporal dependencies, facilitating parallel
computation as Θ′. Consequently, the spatial gradient Gs is
computed with O(1) parallel complexity:

Gs =
dL
dS

⊙ F ⊙Θ′. (17)

While ∂f
∂H[t] varies across neuron types, it remains tempo-

rally constant ∂f
∂H[t] = τm for the AMOS LIF neuron. The

membrane potential gradient recursion simplifies to:
dL

dH[t]
= Gs[t] + α

dL
dH[t+ 1]

, (18)

where α = 1 − 1
τm

. As suffix sums are required for back-
ward propagation while cumsum operation efficiently com-
pute prefix sums, we optimize Eq. (18) through temporal re-
versal:

dL
dH

= Rev(cumsum(Rev(A)⊙ Gs)), (19)

where the Rev operator is defined as:

Rev([x[0], . . . , x[T − 1]]) = [x[T − 1], . . . , x[0]]. (20)

Temporal Selector Decoder
Theoretical basis for decoder. The efficacy of existing
TTFS decoders, such as the decoder in TQ-TTFS (Yang
et al. 2024) and Temporal Weighting Decoding (TWD)
(Che et al. 2024), is largely confined to simple datasets
like Fashion-MNIST. On more complex, larger-scale bench-
marks like CIFAR-100, their performance collapses. As
shown in our ablation study (Table 4), TWD’s accuracy on
CIFAR-100 drops to a mere 60.18%, while the TQ-TTFS
decoder fails to converge altogether.

This empirical failure presents a paradox. At an inference
time of T = 1, TTFS and rate-based schemes are theoreti-
cally analogous, since each neuron can fire at most once. The
poor performance of TTFS decoders therefore suggests a
fundamental flaw in how they interpret information. We hy-
pothesize that this issue stems from their reliance on sparse
temporal features, such as the timing of the first spike. In
contrast, conventional rate-based decoders implicitly oper-
ate on dense, aggregate information, like the mean mem-
brane potential of the output layer, which provides a more
robust signal for classification. This conceptual difference is
visualized in Figure 2. Motivated by this analysis, we con-
tend that a robust and efficient TTFS decoder must be de-
signed around three core principles. It must:
P1. Guarantee a strong baseline by being functionally equiv-
alent to a rate-based decoder at the minimal inference time
(T = 1).
P2. Preserve the primacy of early information by prioritizing
the first spikes, thereby supporting adaptive early stopping
capabilities—a hallmark advantage of TTFS.
P3. Promote a general trend of performance improvement as
inference time (T ) increases, thus making productive use of
additional temporal data.
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Figure 3: Isolated neuron benchmark of the Parallel AMOS LIF, PSN, and LIF neuron. N is the number of neurons.
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Figure 4: Full network benchmark of the Parallel AMOS LIF, PSN, and LIF neuron in the same model (Fang et al. 2023b).

Decoder formulation. We propose the temporal selector
decoder, designed to satisfy these three properties. The de-
coder comprises a synaptic layer and a neuron layer, gener-
ating both spikes Sl+1[t] and membrane potentials H l+1[t]
as shown in Figure 2 (c). We apply channel-wise learnable
time constants τ to control membrane decay dynamics. To
achieve properties P1 and P2, we introduce a temporal se-
lector, which identifies the time of the first spike across all
neurons, denoted as t1st, and then retrieves the membrane
potentials of all neurons at that time. If no spikes are emit-
ted, t1st is the final time-step instead. During inference, the
neuron at t1st with the highest membrane potential is selected
for classification. During training, the membrane potentials
are treated as classification probabilities for computing the
loss. When T = 1, since t1st is always 1, the decoder di-
rectly outputs the membrane potentials, achieving equiva-
lence with rate coding (for P1). For T > 1, the temporal
selector prevents the network from using information after
the first spike (t1st), thereby preserving first-priority and en-
abling early stopping as P2.

For progressive accuracy scaling as P3, we gradually in-
crease T during training. When T = 1, the network achieves
the rate coding baseline. For T > 1, the temporal selector is
employed during training, with the firing threshold Vth serv-
ing as a confidence parameter. We call it a confidence pa-
rameter because it can control when the execution can stop.
Higher Vth requires a larger membrane potential value to fire.
By setting a suitable confidence parameter Vth, we ensure
a smooth and stable improvement in network performance,
approaching its theoretical limit. Further training details are

provided in the Supplementary Materials.

Experiments
This section evaluates our parallel AMOS LIF neuron in
terms of both simulation speed and classification accuracy.
All experiments are conducted using the SpikingJelly frame-
work (Fang et al. 2023a).

Simulation Speed Benchmark
Isolated neuron benchmark. First, we benchmark the iso-
lated neuron’s performance in training mode, following the
method of PSN (Fang et al. 2023b) by varying the neuron
count N and the number of time-steps T , corresponding
evaluation in inference mode is reported in the Supplemen-
tary Materials. We report the execution time ratios of the
conventional LIF neuron to our Parallel AMOS LIF neuron
in Figure 3(a) and the PSN neuron to our Parallel AMOS
LIF neuron in Figure 3(b). The absolute execution times at a
fixed neuron count of N = 210 are shown in Figure 3(c). In
all tested scenarios, the Parallel AMOS LIF neuron executes
substantially faster than both the LIF neuron and PSN. No-
tably, the performance gap between the standard LIF neuron
and our Parallel AMOS LIF neuron widens as the number of
time-steps T increases.

Furthermore, Figure 3(c) highlights a computation-bound
region where all parallel methods approach O(1) complex-
ity. This phenomenon occurs when the GPU workload be-
comes limited by its computational capacity rather than
memory bandwidth, as described by the Roofline model
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Method
MNIST Fashion-MNIST CIFAR-10 CIFAR-100

Model Acc. Model Acc. Model Acc. Model Acc.
Conversion
TTFS clamped (Rueckauer and Liu 2018) LeNet-5 98.53% - - - - - -
LC-TTFS (Yang et al. 2023) - - - - ResNet-20 92.72% ResNet-20 72.36%

T2FSNN (Park et al. 2020) - - - - VGG-16 91.43% VGG-16 68.79%

Directly training
Mostafa (Mostafa 2017) FC800-FC10 97.5% - - - - - -
Comsa et al. (Comsa et al. 2020) FC340-FC10 97.9% - - - - - -
Göltz et al. (Göltz et al. 2021) FC350-FC10 97.2% - - - - - -
S4NN (Kheradpisheh and Masquelier 2020) FC600-FC10 97.4% FC1000-FC10 88.0% - - - -
BS4NN (Kheradpisheh et al. 2022) FC600-FC10 97.0% FC1000-FC10 87.3% - - - -
Zhang et al. (Zhang et al. 2021) FC400-FC10 98.1% SCNN1 90.1% - - - -
Sakemi et al. (Sakemi et al. 2023) SCNN2 99.25%∗ SCNN2 89.5%∗ SCNN3 80.0%∗ - -
STiDi-BP (Mirsadeghi et al. 2023) SCNN4 99.2% SCNN5 92.8% - - - -
DTA-TTFS (Wei et al. 2023) SCNN1 99.4% - - VGG16 93.05% VGG16 69.66%

TQTTFS (Yang et al. 2024) FC400-FC10 98.6% SCNN1 90.2% SCNN6 67.47%† - -
ETTFS (Che et al. 2024) SCNN1 99.48% SCNN5 92.9% SCNN6 90.56% SCNN6 62.4%

Parallel AMOS LIF SCNN1 99.51% SCNN5 93.14% SCNN6 95.06% SCNN6 74.07%

Table 1: Comparison on MNIST, Fashion-MNIST, CIFAR-10, and CIFAR-100. Some prior works report results only in figures
(denoted by ∗). The symbol † denotes our implementation of TQTTFS (Yang et al. 2024). Refer to Supplementary Materials
for more details about symbolic representations of the network structure.

(Williams, Waterman, and Patterson 2009). Analyzing exe-
cution times within this region reveals the intrinsic computa-
tional cost of each neuron model, free from memory access
constraints. For instance, at T = 28 within this region, if
we normalize the execution time of the Parallel AMOS LIF
neuron to 1.0, the relative time for PSN is 2.18, while for the
LIF neuron, it is a striking 2381.30.
Full network benchmark. To evaluate performance in a
practical application, we benchmarked a spiking convolu-
tional network (Fang et al. 2023b) with input dimensions of
[T,B, 3, 32, 32], where T is the number of time-steps and B
is the batch size. We varied both T and B to analyze the time
complexity under different conditions. The results, depicted
in Figure 4, again show the superiority of our method. We re-
port the execution time ratios of the network using LIF ver-
sus Parallel AMOS LIF neurons (a) and PSN versus Parallel
AMOS LIF neurons (b), alongside the absolute execution
times for a fixed batch size of 16 (c). These findings con-
firm that our approach provides a significant speedup over
the standard LIF neuron and a substantial performance gain
even when compared to the highly optimized PSN.

Comparison with State-of-the-Art Methods
Accuracy. As shown in Table 1, we compare our method
with both conversion-based and direct-training approaches
for TTFS SNNs. Our framework outperforms all existing
direct-training TTFS methods across the tested datasets,
achieving state-of-the-art accuracy of 95.06% on CIFAR-10
and 74.07% on CIFAR-100. It is worth noting that a promi-
nent competing method, DTA-TTFS (Wei et al. 2023), re-
quires an auxiliary, pre-trained ANN to guide its training
process, whereas our method trains end-to-end.

Furthermore, our method’s accuracy is superior even to
some conversion-based methods using much larger VGG-16

Method MNIST Fashion-MNIST CIFAR-10 CIFAR-100
T2FSNN 20∗ – 400∗ –
Mostafa 3.5∗ – – –
Comsa et al. 20∗ – – –
S4NN 89.7 – – –
BS4NN 112.2∗ 100.20∗ – –
STiDi-BP 71.1 61.3 – –
DTA-TTFS 160 – 160 160
TQ-TTFS 2.93† 4.21† 4.62† 5.12†

ETTFS 1.01 2.03 2.93 3.15

Ours 1.01 1.83 1.53 1.48

Table 2: Comparison of time-steps on MNIST, Fashion-
MNIST, CIFAR-10, and CIFAR-100. Each element denotes:
inference time-steps. Some prior works report results only in
figures (denoted by ∗). † denotes our implementation.

network (138.36M parameters) on CIFAR, while our model
contains only 68.93M parameters. Moreover, these conver-
sion methods typically necessitate a large number of time-
steps (e.g., T ≥ 1000) to reach high accuracy, a requirement
that is often impractical for real-time applications. In con-
trast, our method achieves competitive accuracy with sig-
nificantly fewer time-steps, making it far more suitable for
efficient, real-time inference on neuromorphic hardware.
Latency and energy consumption. A key advantage of
step-by-step TTFS SNNs, including ours, over other layer-
by-layer TTFS SNNs is their lower latency (Che et al. 2024).
This step-by-step mode is particularly well-suited for neuro-
morphic hardware as it allows for early stopping of the in-
ference process once a decision can be made. Consequently,
this often leads to a significantly lower number of required
time-steps compared to conventional SNNs, which typically
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Methods # Spikes E1 (pJ) E2 (Normalized)

LIF 6.64 × 109 40.97 1×
PSN 5.34 × 109 44.55 0.81×
Ours 2.03 × 109 22.31 0.31×

Table 3: Energy estimation comparison among different
methods using the same architecture (Fang et al. 2023b) and
same time-steps (T = 4) on CIFAR-100. # Spikes denotes
number of spikes. E1 and E2 are two different energy esti-
mation metrics, detailed in Supplementary Materials.

operate over a fixed and often lengthy period. We report the
average inference time-steps for various methods in Table
2. We also report the energy estimation comparison among
different methods on CIFAR-100 as shown in Table 3. Our
model, featuring TTFS coding and a temporal selector de-
coder, substantially reduces the average inference latency
and number of spikes, thereby enabling faster inference and
lower theoretical energy consumption than prior works.

Ablation Study
To validate the contribution of each component in our pro-
posed framework, which achieves high accuracy with low
latency, we conduct a series of ablation studies.
Decoder comparison. We first evaluate the impact of dif-
ferent decoding mechanisms on performance. Using the
CIFAR-100 dataset, we compare our proposed temporal se-
lector decoder against several alternatives: TWD (Che et al.
2024), the TQ-TTFS decoder (Yang et al. 2024), and stan-
dard rate coding. All decoders were integrated into the same
base network architecture and trained with identical hyper-
parameters as in (Fang et al. 2023b). The results are summa-
rized in Table 4. The results reveal significant performance
disparities among the decoders. Both the TWD and TQ-
TTFS decoder struggled on the complex CIFAR-100 dataset,
with the latter failing to converge entirely. TWD achieved
only 60.18% accuracy and, like TQ-TTFS decoder, also suf-
fered from convergence issues, particularly with fewer time-
steps. This suggests that while these simpler decoding meth-
ods may be effective for datasets with fewer classes and
samples (e.g., Fashion-MNIST), their performance degrades
substantially on more challenging tasks.

In contrast, both our proposed temporal selector decoder
and the standard rate coding decoder performed robustly.
At a minimal latency of T = 1, both methods achieved
comparable performance. As the number of time-steps in-
crease, both decoders saw corresponding improvements in
accuracy, demonstrating that our decoder not only possesses
superior convergence properties on complex datasets but
also achieves a performance level on par with the well-
established rate coding method, validating its effectiveness.
Impact of decoder confidence threshold. We evaluated the
effect of decoder confidence threshold Vth on the distribution
of first-spike times (t1st) and accuracy on the CIFAR-100
dataset (with T = 4), as detailed in Table 5. The analysis
shows that a minimal threshold (e.g., Vth = 1) causes pre-
mature classifications, resulting in the lowest overall perfor-

T 1 2 4 8

Rate 71.8% 73.82% 73.64% 73.82%

TQ-TTFS decoder 1% 1% 1% 1%

TWD 1% 53.82% 60.18% 57.27%

TSD (Ours) 71.71% 74.04% 74.07% 74.04%

Table 4: Comparison among various decoders across differ-
ent number of time-steps T on CIFAR-100. TWD is tem-
poral weighting decoding in ETTFS (Che et al. 2024). TQ-
TTFS decoder is proposed by Yang et al. (Yang et al. 2024).
TSD denotes the proposed temporal selector decoder.

Vth

t1st 0 1 2 3 Accuracy

1 100% 72.94% 0% 0% 0% 0% 0% 0% 72.94%

2 97.7% 74.24% 2.3% 52.50% 0% 0% 0% 0% 73.74%

5 89.6% 78.41% 7.3% 35.93% 2.6% 27.7% 0.5% 14.31% 73.67%

10 81.7% 82.8% 3.9% 47.0% 1.7% 42.6% 12.7% 30.4% 74.07%

Table 5: Analysis of the relationship between the decoder
confidence threshold (Vth), classification latency (distribu-
tion of t1st), and accuracy on CIFAR-100 (T = 4). The gray
bars show the cumulative percentage of samples classified at
each time-step. The final accuracy for a given Vth is shown
at the end of each row (e.g., 72.94% accuracy when 100%
of samples are classified with t1st = 0 ).

mance. Increasing Vth systematically shifts classifications to
later time-steps, as a higher membrane potential must be ac-
cumulated to reach the confidence requirement. This exper-
iment also highlights that our decoder adaptively allocates
computational resources: easy samples are classified quickly
and accurately in early time-steps, while difficult samples
require more integration time. This demonstrates that our
temporal selector decoder effectively distinguishes between
sample difficulties, thereby optimizing the balance between
accuracy and energy consumption.

Conclusion

In this paper, we addressed two critical challenges hinder-
ing the practical application of TTFS SNNs: their often-
paradoxical slow execution speed despite inherent sparsity,
and a persistent accuracy gap compared to other neural net-
work paradigms. To overcome these limitations, we intro-
duced two primary contributions. First, we proposed a novel
parallel forward and backward propagation algorithm that
significantly accelerates the training phase without introduc-
ing any approximation. Second, we developed a new tempo-
ral selector decoder, which, when combined with a progres-
sive time-step training methodology, substantially boosts
classification performance. Our extensive experiments, con-
ducted across multiple benchmark datasets, validate the ef-
fectiveness of our approach, demonstrating state-of-the-art
accuracy and superior computational efficiency.
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