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Abstract.

Time constants in spiking neural networks (SNNs) are crucial for deter-
mining performance. While prior work shows that learning time constants
can improve accuracy, it typically assumes near-optimal initial values and
rarely examines recovery from poor initializations. We systematically
study how membrane and synaptic time constants affect SNN performance
using multiple training strategies. Our results show that suboptimal val-
ues for time constants can reduce accuracy by nearly 10%, but networks
can recover through optimization during the training process.

1 Introduction

Spiking neural networks (SNNs) process information over time by emitting dis-
crete binary events, or spikes. How these spikes are integrated depends on the
internal dynamics of neurons, in particular the membrane and synaptic time
constants that govern how membrane potential and input current evolve. These
time constants act as a form of short-term memory, determining the decay rate
of past inputs, and typically operate on the 1-100 ms timescale [1]. As these
parameters govern the temporal integration and neuronal responsiveness, opti-
mizing them is essential for synchronizing the network’s internal dynamics with
the specific temporal granularities of a given task.

Time constants are predominantly treated as fixed hyperparameters, cho-
sen based on biological plausibility. An alternative approach, however, is to
learn them from data by training them jointly with synaptic weights using back-
propagation through time (BPTT) and auto-differentiation. This idea has been
explored in several works: for instance, [2] learn a layer-wise decay parameter for
the membrane potential; [3] optimize neuron-wise membrane time constants; [4]
train layer-wise membrane time constants reparameterized as their inverse and
passed through a sigmoid; [5] learn heterogeneous neuron-wise decay factors;
and [6] train both membrane and adaptation time constants in recurrent SNNs
on sequential tasks.

These studies show that learning time constants generally improves perfor-
mance over values. However, they typically initialize time constants within a
narrow range that already yields reasonable accuracy, and rarely ask whether
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the learned values are truly optimal or whether models can recover from poor
initializations. Moreover, synaptic time constants are often omitted [3] or re-
stricted to a single global or layer-wise value rather than neuron-specific values
[4]. This leaves an open question: is learning time constants beneficial when
a reasonable range cannot be pre-determined, and how robust training is to
suboptimal initial choices?

To address these gaps, we perform a grid search over membrane (τm) and
synaptic (τs) time constants to map accuracy across the parameter space and
evaluate how these parameters affect performance, which in turn provides us
with an intuition of optimal ranges of τ for a given dataset. We compare two
discretization schemes for the neuron dynamics, evaluate three reparameteriza-
tions of the time constants, and test whether SNNs training strategies for time
constants can recover when starting from suboptimal values. Our results show
that optimal time constant values exist, can be learned, and that their choice,
even within commonly used ranges, has a substantial impact on model accuracy.

2 Method

To investigate the role of time constants on SNN performance, we perform a
systematic study based on the Leaky Integrate-and-Fire (LIF) neuron model.
First, we discuss two state-of-the-art discretization schemes: Euler integration
and exponential decay, each resulting in different reparameterizations for learn-
ing time constants. Next, we analyze the performance landscape of SNNs across
time constant values using a grid search and investigate whether networks can
recover from suboptimal time constant initializations.

A LIF neuron i is governed by its membrane potential [1]:

v̇i(t) =
1

τm

(
vleak − vi(t) + ii(t)R

)
, (1)

where τm is the membrane time constant, vleak is the leak potential, R is the
membrane resistance, and i(t) is the synaptic input current. For simplicity, we
set R = 1 and vleak = 0. In both biological and computational models, synaptic
input does not influence the membrane potential instantaneously; instead, it
evolves gradually over time. The synaptic input current is therefore described
by the following temporal dynamics:

i̇i(t) = − 1

τs
ii(t) +

∑
j

Wijzj(t), (2)

where τs is the synaptic time constant, Wij are the synaptic weights between
neuron i and j, and zj(t) are the spike trains from pre-synaptic neurons. When
the membrane potential v(t) reaches a threshold vth, the neuron emits a spike
and the membrane voltage is reset to v0. Consistent with prior work [5], [7], [3],
we assume vth = 1 and v0 = 0.

These continuous-time equations must be converted into discrete form, and
there are several ways to do so. In the following, we examine two discretization
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methods, each leading to distinct reparameterizations for learning time con-
stants.

Euler Integration. Using Euler discretization, following [7], the incoming
current is added first to form inew, and the decay is applied later:

inew = ii[n] +
∑
j

Wijzj [n]

vi[n+ 1] = vi[n] +
∆t

τm

(
− vi[n] + inew

)
(3)

ii[n+ 1] = inew

(
1− ∆t

τs

)
, (4)

where n denotes the discrete time step and ∆t is the time step size. To train the
time constants, we consider two parametrization strategies. One approach is to
set α = 1/τm and β = 1/τs, which is the main strategy in [7]. The other is our
adaptation defining α = ∆t/τm and β = ∆t/τs to avoid gradient scaling issues
caused by small time steps.

Exponential Decay Integration. An alternative approach is to solve the
linear ODEs exactly. Following [5], this yields:

ii[n+ 1] = β · ii[n] +
∑
j

Wjizi[n] (5)

vi[n+ 1] = α · vi[n] + (1− α) · ii[n], (6)

where α = e−∆t/τm and β = e−∆t/τs .
We begin our investigation by examining the effect of network-wide shared

time constants, where every neuron shares the same τm and τs. For the Euler dis-
cretization, we sample ten values with τm, τs ∈ [∆t, 10] ms. For the exponential-
decay method, we sample ten values logarithmically with τm, τs ∈ [∆t, 100] ms
to cover several orders of magnitude more effectively. This ensures that α and β
remain in the interval [0,1], which helps maintain numerical stability. We then
evaluate all combinations of τm, τs for both approaches. This grid search reveals
which regions of the parameter space yield the best performance for fixed time
constant values. Next, we examine whether the network can recover from a sub-
optimal initialization of the time constants by learning their parameterization
during the training process and converging to a point in the optimal region in
the grid.

Using the results of the grid search, we initialize with time constants that
corresponds to the lowest inference accuracy, and explore two recovery settings:
In the first, time constants remain shared within each layer throughout training.
In the second, all neurons start with the same sub-optimal initialization but
learn their time constants independently. α and β are initialized according to
each reparameterization using these sub-optimal values. Both experiments are
repeated for each discretization method. For stability, α and β are constrained
to the interval [0, 0.995] after every update. During training, α and β function
as ordinary learnable parameters and are optimized together with the synaptic
weights.
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(a) MNIST (b) F-MNIST

Fig. 1: Performance across different combinations of fixed τm and τs with our adap-
tation of Norse [7], for MNIST [8] and Fashion-MNIST (F-MNIST) [9].

3 Experimental Setup and Results

We evaluate our approach on MNIST [8] and Fashion-MNIST (F-MNIST) [9]
with Poisson-encoded input images. Experiments are implemented in PyTorch,
using components from Norse [7], including the Poisson encoder, SuperSpike [10]
surrogate gradient, and LIF neuron implementation. The network is a simple
feedforward SNN with a single hidden layer of 20 neurons. Both input and hid-
den layers use LIF neurons. The output layer uses non-spiking leaky-integrator
(LI) neurons that accumulate inputs without resetting. The network output is
decoded via peak voltage: for each output neuron, we take its maximum mem-
brane potential across time and then apply a softmax across these peak values to

obtain class probabilities, i.e., ŷ = softmax
(
maxt(V [t])

)
. We train using Adam

with learning rate 0.001 for both weights and time constants. When training
time constants, α and β are defined as trainable parameters in PyTorch, with
gradients computed via automatic differentiation. The simulation length is set
to 5τmax to ensure network dynamics fully express the effect of the largest time
constants, resulting in 10× shorter simulation time and reduced training com-
plexity for Euler integration approaches.

Figure 1 shows the performance across different fixed τm and τs combinations
using our Norse adaptation (NOx). Each square shows the mean accuracy over
three runs. The results indicate that the choice of time constant values can
substantially impact performance, with differences of nearly 10%.

Table 1 compares three SNN learning schemes to train time constants, i.e.,
Neural Heterogeneity (NH) [5], the original Norse training (NO) [7], and our
adaptation of Norse training (NOx), on MNIST [8] and Fashion-MNIST [9]. The
results clearly indicate that time constants are crucial parameters that must be
explicitly considered and learned during training. For both datasets, the NH and
NOx methods demonstrate robustness to poor initialization with performance
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Table 1: Comparison of three SNN training schemes: ”Fixed” denotes untrained
time constants, ”Layer-wise” denotes layer-wise shared learned time constants, and
”Neuron-wise” denotes neuron-wise learned time constants.

Training
Strategy

Suboptimal
(τm, τs)

Accuracy for MNIST (%) Accuracy for F-MNIST (%)

Fixed Layer-wise Neuron-wise Fixed Layer-wise Neuron-wise

NH [5] (100 ms, 100 ms) 76.75± 7.27 95.81± 0.06 95.77± 0.18 79.72± 0.39 86.54± 0.45 86.20± 0.55

NO [7] (10 ms, 1 ms) 83.42± 0.76 84.66± 0.63 85.07± 0.71 52.19± 2.10 52.81± 1.19 57.05± 4.00

NOx (1 ms, 1 ms) 83.97± 0.21 94.62± 0.24 94.70± 0.24 75.79± 1.44 84.30± 0.09 84.68± 0.12

improvement when starting from suboptimal time constant values. For instance,
considering the MNIST dataset and NOx, the performance can be improved from
83.97 ± 0.21 for fixed mean values for the time constants, to 94.62 ± 0.24 and
94.70 ± 0.24 for optimized time constants, which represents an improvement of
over 10%. For F-MNIST, NH achieves higher absolute accuracy (86% vs 84%)
while NOx achieves a larger relative improvement (∼9% vs ∼7%). Furthermore,
the negligible difference between layer-wise and neuron-wise training suggests
that enabling time constant adaptation is more important than granularity for
these small-scale tasks. The NO approach shows minimal improvement, likely
due to the gradient scaling issue inherent in its reparameterization since α =
1/τm and α = 1/τs are multiplied by the small time step ∆t = 0.001 (Eqs. 3
and 4), resulting gradients become small, slowing down learning.

Figure 2 shows how the mean values of α and β across all layers evolve over
three training runs when time constants are learned individually. Starting from
short time constants (1 ms), corresponding to large α and β values, both param-
eters generally decrease during training, indicating a shift toward longer time
constants. This trend is consistent with the heatmap results, where the highest
accuracy occurs for longer time constants. We also observe that α converges to
slightly larger values than β, so τm remains shorter than τs, again matching the
optimal region in the heatmap.

(a) MNIST (b) F-MNIST

Fig. 2: Evolution of α and β in input, hidden, and output layers during training for
our method with individually trained time constants (i.e. Neuron-wise scenario). Blue
and orange curves correspond to α and β, respectively.
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4 Conclusions

In this paper, we investigated how membrane and synaptic time constants influ-
ence network behavior by examining different reparameterizations and training
granularities. Using state-of-the-art training schemes and standard benchmarks,
we demonstrate that both the choice of reparameterization and the handling of
time constants significantly affect model performance and highlight that repa-
rameterization impacts computational efficiency, as different formulations can
lead to substantially different simulation times. Suboptimal initialization can
reduce accuracy by nearly 10%, although this loss can be recovered via time
constant optimization during training. These findings highlight the importance
of carefully handling time constants when designing SNNs. Although our ex-
periments focused on relatively small models, the sizable performance variations
observed indicate that time constant optimization is likely to be even more
critical in larger architectures and real-world applications, e.g., on low-power
wearables in epilepsy [11], making this an important direction for future work.
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