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Abstract
Taking inspiration from the brain to design efficient computational systems remains challeng-
ing due to its complexity. This work investigates a key biological feature observed across mam-
mals: a hierarchy of time scales in cortical areas. Experimental evidence shows that intrinsic neu-
ral dynamics slow down across the cortical hierarchy, forming a temporal hierarchy. We examine
whether this property benefits artificial systems by introducing temporal hierarchy into spiking
neural networks (SNNs), which inherently process information over time. We implement hier-
archical time scales across neuronal, synaptic, and recurrent dynamics, and evaluate their effect
under two settings: (1) as an inductive bias, and (2) as an emergent property through optimiza-
tion. On temporal benchmarks such as multi-timescale-XOR and keyword spotting, hierarchical
SNNs consistently outperform non-hierarchical ones, achieving 2%–6% higher accuracy and up to
5× parameter reduction under iso-accuracy conditions. Moreover, when trained freely, temporal
hierarchy emerges spontaneously through gradient descent. Finally, our theoretical analysis shows
that hierarchical time constants enable processing of multi-frequency temporal signals with only
log N layers—compared to N layers for non-hierarchical systems—highlighting hierarchy as a key
organizational principle for efficient temporal computation.

1. Introduction

Extrapolating computational primitives from the brain to the benefit of artificial systems is as fascinat-
ing as it is challenging. The brain is by far the most efficient known computing system, but some of
the mechanisms underlying its efficiency remain mostly unknown. Moreover, identifying which specific
features of the brain are most relevant and beneficial for artificial computational purposes is an open
question. In this work, we propose to investigate a well-established feature of the mammalian cortex,
the hierarchy of time scales in cortical areas, and demonstrate its utility for computational performance.
Research has shown that the timescale of spiking activity increases along cortical hierarchies in pri-
mates [1–3]. Recent work [4] has studied the mechanisms driving these timescale gradients and their rel-
evance to cognitive functions, while also investigating data analysis techniques to examine neural record-
ings and relate them to biological temporal computational primitives. Previous works have introduced
heterogeneity of neuronal time constants in spiking neural networks (SNNs) [5, 6], emphasizing neuron
and dendritic-level diversity as a means to enrich temporal feature representations. In contrast, our work
introduces and formalizes temporal hierarchy as a structured progression of temporal processing speeds
across layers. While within-layer heterogeneity and across-layer hierarchy are complementary, a key dis-
tinction is that hierarchy imposes a directional structure (fast-to-slow) whose computational benefits we
formalize in this work. To the best of our knowledge, the reason why such a hierarchy of time scales is
useful at a computational level has not yet been addressed. Thus, we examine whether incorporating this
cortical feature into artificial systems provides computational benefits and explore how a hierarchy of
timescales can be implemented through computational primitives.
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Figure 1. Hierarchy of time scales from the brain to artificial computing systems. (a) Temporal hierarchy is extrapolated from
neuroscience findings and transferred to multi-layer SNNs featuringN hidden layers colored differently, highlighting the differ-
ence in temporal processing speed, from fast to slow through the layers. (b) Time constant τ determining the speed of neuronal
dynamics in leaky integrate and fire (LIF) spiking neurons. The differential equation describes the dynamics for the membrane
voltage u(t), which evolves with a time constant τ . (c) Delay expressed as temporal convolutions featuring a kernelWk, affecting
the state of neurons uL+1(t) in time. (d) Temporal processing in multi-layer recurrent spiking neural networks (SNNs), the speed
of each layer is determined by the recurrent weightsWRl. (e) Temporal hierarchy in the inductive bias setting: hierarchy is intro-
duced in the temporal parameters of the multi-layer SNN at initialization and the performance is compared with a reference case
where all layers possess the same processing speed. (f) Temporal hierarchy verified via emergence from optimization: multi-layer
SNNs are initialized without any structure in the temporal parameters, and those are later optimized via gradient descent while
solving a task.

To conduct this investigation, we utilize SNNs as our computational framework due to their biologi-
cal inspiration and inherent temporal computation capabilities. Furthermore, SNNs have shown promise
for real-time sensory processing applications at the edge [7], making our investigation transferable to
practical applications. SNNs can be formulated and optimized as recurrent artificial neural networks
(ANNs) [8], with the key constraint that neuronal communication occurs solely through binary sig-
nals (spikes). We specifically analyze the implications of imposing a hierarchy in the speed of temporal
processing in SNNs. The temporal hierarchy is implemented as a configuration where the speed of tem-
poral processing in a multi-layer SNN progressively slows down across hidden layers, transitioning from
faster to slower dynamics (figure 1(a)). To evaluate the impact of this hierarchy, we explore SNNs with
various temporal parameters, including the ‘speed’ of neuronal dynamics (i.e. neuronal time constant,
figure 1(b)) [9], delay parameters in the spike transmission [10, 11] or temporal causal convolutions
[12] (figure 1(c)), and recurrent connections resulting in short-term memory [13, 14] (figure 1(d)).

Our experiments are categorized into two settings. (1) In the ‘inductive bias’ setting (figure 1(e)),
SNNs are initialized with a predefined aforementioned temporal hierarchy, while all other parameters
are optimized via gradient descent. (2) In the ‘Emergence from optimization’ setting (figure 1(f)), the
temporal parameters of SNNs are independently initialized from the same distribution across all hidden
layers and subsequently optimized through gradient descent.

We test the networks in these settings, under three benchmark classification tasks, multi-time-scale
temporal XOR (MTS-XOR), spoken digits classification (spiking Heidelberg digit (SHD)), and spoken
commands recognition (spiking speech command (SSC)). In the inductive bias setting, we demonstrate
an improvement in classification accuracy when we introduce a temporal hierarchy in SNNs through
neuronal time constants (figure 1(b)) and synaptic delays (figure 1(c)). Specifically, there is a gain of 6%,
3.8%, and 2.1% when testing on the MTS-XOR, SHD, and SSC tasks, respectively. Notably, such accu-
racy gain is more prominent under settings with a lower number of parameters. Moreover, we demon-
strate that when targeting a certain level of performance, introducing hierarchy reduces the required
parameter count to reach such target by 2× and 5× in the MTS-XOR and SHD tasks respectively. In
the emergence from optimization setting, we observe that gradient descent naturally discovers temporal
hierarchies, both in neuronal time constants and recurrent dynamics (figure 1(d)).

In addition to our simulation results, we develop a mathematical framework to analyze the computa-
tional capacity of SNNs using principles from signal processing. By modeling the computation of spiking
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neurons as information filters, we show that the range of temporal patterns a single neuron can recog-
nize is inherently limited. This limitation highlights the necessity of diverse neural time scales for pro-
cessing complex sequences and demonstrates that organizing these timescales in a hierarchical structure
can overcome such limitations, while substantially reducing the number of required layers.

Overall, our findings highlight the value of temporal hierarchy as a beneficial architectural feature for
SNNs and offer a straightforward heuristic for enhancing their performance in temporal tasks. This work
has important implications for resource-constrained computation and edge artificial intelligence, where
efficiency in parameter use is critical.

2. Results

Here, we demonstrate the effect of temporal hierarchy under the two settings of inductive bias and
emergence from optimization. In both cases, the neurons in the SNNs are modeled using the widely-
adopted leaky integrate and fire (LIF) neuron model [15]: a first-order differential equation (figure 1(b))
governs its state variable u(t), often called membrane voltage, which integrates the incoming spikes, and
once it hits a threshold, the neuron elicits a spike.

In the first series of experiments, we investigate the role of the LIF neuronal dynamics, thus con-
sidering feed-forward SNNs where the sole temporal computational primitive is the membrane voltage
dynamics, i.e. an exponential decay with time constant τ . Such dynamics determine the ‘speed’ of LIF
neurons and act as a temporal feature detector [16, 17], and filter [18]. To generalize the effects of the
temporal hierarchy beyond membrane time constants, to different temporal computational primitives,
we later add synaptic delay parameters (temporal convolution) and recurrent connections to SNNs. For
more details on the SNNs implementation, refer to the Methods section 4.1.

2.1. Time constant hierarchy as inductive bias in feed-forward SNN
In this section, we evaluate the effect of temporal hierarchy as an inductive bias, using feed-forward
SNNs, where the key temporal parameter is the neuron time constant τ . We define the temporal hierar-
chy of time constants as the initialization of such parameters from fast in the first layer and progressively
slower in the deeper layers, such that with Hl hidden layers, the time constants at layer l follows:

τ (l) = τµ +(l−Hl/2)∆τ/2.

To isolate the effect of the temporal hierarchy, we first consider SNNs with a homogeneous time
constant τµ through the layers, optimizing such value as a hyperparameter. After finding the optimal
homogeneous τµ, we alter the time constant across layers by an amplitude ∆τ and compare the perfor-
mances for different amplitude changes. In terms of architecture, we utilize either 2 or 3 hidden layers
with a size of 10 neurons for the MTS-XOR tasks. In keyword spotting tasks, the size varies from 2 to 5
hidden layers, with a hidden layer size of 32 or 128 neurons.

In our theoretical analysis (see section SI.F.2) we demonstrate that a long enough time constant can
optimize performance in tasks such as MTS-XOR. This hypothesis is verified in figure SI.2(a), where it
is clear that classification accuracy on this task saturates when the time constant is increased past a cer-
tain threshold (τ > 300 ms). We thus demonstrate that a further performance improvement on this task
cannot be obtained by simply slowing down neuronal dynamics, but a more sophisticated temporal pro-
cessing is necessary. To further investigate the role of time constants, we evaluate performance on the
more complex keyword-spotting task using the SHD dataset [19]. We employ SNNs with three hidden
layers, each containing 128 neurons, and a uniform time constant across all layers. We find out that the
SHD task demands different network characteristics than the MTS-XOR task: as shown in figure SI.2(b),
performance in homogeneous SNNs is maximized at τµ = 100 ms beyond which accuracy drops. This
preliminary analysis sets the reference SNNs with an optimal homogeneous time constant of τµ = 300 ms
for MTS-XOR and τµ = 100 ms for keyword spotting (SHD and SSC) tasks. In the following, we endow
the reference SNNs with temporal hierarchy, modifying the time constant at each layer τ(l) to create
a hierarchy of time constants proportional to ∆τ , i.e. the time constant difference across the hidden
layers.

To analyze the effects of temporal hierarchy, we construct three experiments that are performed on
both the MTS-XOR and the SHD tasks. To study the effect of temporal hierarchy on the accuracy, (i)
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Figure 2. Temporal hierarchy in the time constants of SNNs. (a) Classification accuracy when temporal hierarchy is introduced
in multi-layer SNNs with varying amplitude (∆τ : time constant difference across hidden layers). Positive∆τ improves the clas-
sification accuracy. (b) Effect of temporal hierarchy when increasing network width on the MTS-XOR task. A 2-hidden-layers
SNN is used with a number of hidden neurons in each layer ranging from 8 to 256 neurons (network width). (c) Effect of tem-
poral hierarchy with increasing network depth on the MTS-XOR task. SNNs with 10 or 32 hidden neurons per layer, with and
without temporal hierarchy, are progressively made deeper (from 2 to 5 hidden layers). (d) Temporal hierarchy benchmarked on
the SHD task. Two network sizes are considered, featuring 3 hidden layers, with a hidden layer size of 32 or 128. The smaller net-
work is more sensitive to the hierarchy of time constants. Horizontal lines in (d) refer to the performance in the no hierarchy case
(reference), i.e.∆τ = 0 ms. (e) Effect of temporal hierarchy when increasing network width on the SHD task, where 3-hidden
layer SNNs with width from 32 to 512 neurons are tested. (f) Effect of temporal hierarchy with increasing network depth on the
SHD task. SNNs with 32 or 128 hidden neurons per layer, with and without temporal hierarchy, are progressively made deeper
(from 2 to 5 hidden layers).

the amplitude of temporal hierarchy ∆τ is varied ranging from negative (the opposite of temporal hier-
archy) to positive values; To study the effect of temporal hierarchy on the number of parameters, tempo-
ral hierarchy is compared against the reference case when sweeping (ii) the width of the SNNs layers; and
(iii) the depth of the SNNs.

MTS-XOR task Experiment (i) results in figure 2(a) showing that the classification accuracy positively
correlates with the hierarchy amplitude ∆τ . We hypothesize that this is due to the functional role of
different layers in a multi-layer SNN, with the first hidden layer acting as a feature extractor, while the
deeper hidden layers integrate information over longer time spans [20]. Moreover, we observe that the
temporal hierarchy with positive ∆τ results in a sharper gain in classification accuracy in the shallower
SNNs (2 hidden layers (green) vs 3 hidden layers (blue)). This indicates that the inductive bias is more
relevant under resource constraints, i.e. available parameter count.

To study this observation further, we perform experiments (ii) and (iii). Sweeping the network width,
we train 2-hidden-layer SNNs with hidden neuron sizes varying from 8 to 256 neurons. Figure 2(b)
shows the network accuracy as a function of its width with (green) and without (gray) the imposed tem-
poral hierarchy. Notably, SNNs trained with a temporal hierarchy as inductive bias always perform better
than the ones without the hierarchy (reference case), but the performance gap shrinks when the network
width is increased. Sweeping the network depth from 2 to 5 layers, we test the accuracy of the SNNs
with 10 neurons and 32 neurons per layer. The accuracy results in figure 2(c) indicates that the tempo-
ral hierarchy provides a performance benefit across all network depths, which persists even when SNNs
feature enough hidden layers to saturate the task performance.

SHD task Experiment (i) is repeated on the SHD task, as shown in figure 2(d), confirming the correla-
tion between classification accuracy and temporal hierarchy amplitude. Interestingly, the SNNs with 32
neurons per hidden layer with temporal hierarchy ∆τ = 150 ms performs better than the larger SNNs
with 128 neurons per hidden layer and homogeneous time constants (∆τ = 0 ms, blue horizontal line).
In other words, the network endowed with hierarchy performs better than the network without hierar-
chy, while using 5 times fewer number of parameters.
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In experiment (ii), we train 3-hidden-layer SNNs with hidden layer size changing from 32 to 512
neurons. Figure 2(e) shows that the performance advantage induced by temporal hierarchy shrinks when
the network width increases. Sweeping the network depth from 2 to 5 layers (experiment (iii)), we train
SNNs in the two cases of a network width of 32 and 128 neurons. Figure 2(f) shows that the tempo-
ral hierarchy improves the performance for both shallow and deep SNNs, although the classification
accuracy advantage decreases with network depth. This analysis of the network size across its width and
depth strengthens the conclusion on the higher impact of temporal hierarchy in settings where a lower
number of memory elements are available, e.g., in edge AI applications.

Furthermore, the hierarchy of time constants is tested on the SSC dataset [21], showing a perfor-
mance boost compared with a network with homogeneous time constants. Table 1 reports the summary
of the results of our temporal hierarchy-endowed SNNs on the SHD and SSC datasets.

Disentangling temporal hierarchy and heterogeneity A natural question is whether the performance
gains stem from the structured progression of time constants across layers (hierarchy) or simply from
having diverse time constants (heterogeneity), as in [5]. To disentangle these effects, we jointly vary the
width of the intra-layer time constant distribution and the hierarchy amplitude ∆τ (figure SI.3). The
results show that hierarchy is the dominant factor: the accuracy difference between hierarchical and non-
hierarchical conditions consistently exceeds the effect of varying heterogeneity alone. Increasing hetero-
geneity provides a modest benefit on SHD but is negligible on MTS-XOR. Importantly, hierarchy and
heterogeneity are complementary. The best performance is achieved when both are present at the same
time.

The optimal shape of temporal hierarchy So far, temporal hierarchy is imposed as the difference of
time constants through the hidden layers of the SNNs, where the values of time constants are uniformly
spaced in the network depth. We investigate the optimal progression of time constants—which we refer
to as the ‘shape’ of hierarchy—through the hidden layers of the SNN in appendix SI.B. We describe the
time constant at a particular hidden layer by a hyperbolic-tangent function taking a steepness (s) and
a centering (c) parameter, allowing for different profiles of temporal hierarchy, looking for the com-
bination of the parameters that yield higher performance in the keyword-spotting task. The results in
figure SI.4 show that any combinations of centering and steepness provide an accuracy increment com-
pared to the reference (without temporal hierarchy), thus temporal hierarchy is a positive asset indepen-
dently of the “shape” of time constants, as long as these are getting slower through the hidden layers.
Certain shapes of the temporal hierarchy are more beneficial and those are reported in figure SI.4(c):
despite not testing the hypothesis further, we propose that the optimal shape of temporal hierarchy is
task-dependent.

Temporal hierarchy with non-temporal tasks To ensure that the advantages of the temporal hier-
archy emerge from the requirements of temporal tasks, we also tried tackling a non-temporal task
(static MNIST digits), finding that the temporal hierarchy has no significant effect in this setting (see
figure SI.5 in appendix SI.C). As the pixel brightness of static images is converted to spike latency
in this setting, the task performance can theoretically be optimized by integrating information over
time. It is not surprising that infinite time constants are desirable in this context and that arrang-
ing them in a temporal hierarchy results in no practical benefit. However, turning this static task
into a temporal task by encoding the input in a sequential manner (sequential MNIST [22]), the
temporal hierarchy brought a significant improvement in classification accuracy (see figure SI.6). In
this setting, information is accessed one pixel at a time, thus forming a memory of the past seen
pixel is crucial for classification performance. However, setting the time constant too high leads to
‘overwriting’ the neurons’ formed memory, losing the sense of the sequence. Here, temporal hierar-
chy helps balance memory formation and maintain selectivity to sequences, improving classification
performance.

2.2. Time constant hierarchy emerges from optimization
The experiments in the previous section demonstrate the effectiveness of using temporal hierarchy in
the initialization of LIF neuron time constants as an inductive bias for SNNs. However, in those exper-
iments, the time constants were not optimized. In this section, we explore the outcomes of optimizing
the time constants of LIF neurons in SNNs, to identify emergent patterns in the trained values. We ini-
tialize SNNs with a neuron time constant drawn from a Gaussian distribution with a given mean (τµ)
and standard deviation of 20% of the mean. Such initialization is consistent across all the hidden lay-
ers in the SNNs. Using gradient descent, we update the time constant of hidden neurons while training
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Figure 3. Temporal hierarchy emerging from optimization of the SNNs time constants. Multi-layer SNNs are initialized with the
same distribution of time constants through the hidden layers. Each time constant is optimized individually. (a) Probability den-
sity function for the optimized time constants in a 3-hidden-layer SNN solving the MTS-XOR task. The median time constant
(purple lines) grows in each layer, indicating the formation of a hierarchy. (b) Median time constant (purple) from 5-hidden-
layer SNNs solving the SHD task. The median grows through the hidden layers indicating the hierarchy emerged in the network.
Results are averaged from 5 trials in both (a) and (b).

the SNNs to solve the MTS-XOR and SHD tasks (figure 1(e)). For more details on the optimization of
time constants, refer to the Methods (section 4.1). The probability density function of the time constant
in the hidden layer of 3 SNNs trained on the MTS-XOR is shown in figure 3(a). The medians of the
time-constant distributions grow progressively throughout the SNN layers. This confirms that the opti-
mization algorithm also discovers the hierarchy of time constants.

We repeated the experiment with 5-hidden layer SNNs trained on the SHD task (figure 3(b)). We
show that the resulting median values of the time constant distributions grow through the hidden layer,
further demonstrating that optimization leads to the emergence of a temporal hierarchy.

2.3. Extending temporal hierarchy in SNNs to temporal causal convolution and recurrent connectivity
We have thus far applied the concept of temporal hierarchy to neuronal time constants. Temporal hier-
archy in SNNs can also be expressed through other temporal parameters. In this section, we examine the
impact of applying temporal hierarchy to temporal causal convolutions and recurrent connectivity. For
temporal convolutions, we introduce temporal hierarchy as an inductive bias and analyze its effects. For
recurrent connectivity, we optimize the network and assess whether a hierarchy of temporal processing
naturally emerges.

Temporal hierarchy as an inductive bias in temporal causal convolutions Temporal causal convolu-
tions or delays have been demonstrated to be effective in improving the expressiveness of SNNs [10–12,
23–25].

The dilation in temporal convolution determines the receptive field size of post-synaptic neurons,
as shown in figure 4(a). As temporal convolutions effectively present inputs to a post-synaptic neuron
with temporal shift—modulated by the dilation or kernel size—they are effectively equivalent to synaptic
delays. With a fixed kernel size, larger dilation allows post-synaptic neurons to access inputs from further
back in time, while smaller dilation limits them to immediate past inputs. Importantly, changing dilation
does not affect the number of trainable parameters, but only the size of a post-synaptic neuron’s recep-
tive field.

Here, we construct temporal hierarchy by progressively increasing dilation through the layers of the
SNN (figure 4(a)), denoting the dilation difference across the network as ∆dil. To isolate the effect of
dilations, we set the neurons’ time constants from 100 ms to lower values (20 ms). We then perform
experiments with 2-hidden-layer SNNs with 128 neurons per hidden layer, optimized to solve the SHD
task.
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Figure 4. Temporal hierarchy in convolutional spiking neural networks. (a) Dilation in causal temporal convolutions controls
the size of the receptive field. (b) Effect of the hierarchy of dilations on the SHD task. Incrementing dilation through the hidden
layers improves the performance of the network. Error bars show the quartiles over 10 trials. (c) Recurrent dynamics through the
layers of a recurrent SNNs (RSNN). (d) The absolute value of the eigenvalues of the recurrent weight matrix in a 3-hidden layer
recurrent SNNs trained on SHD.

Results in figure 4(b) show a positive correlation between classification accuracy and temporal hierar-
chy in dilation, confirming the role of temporal hierarchy as an effective inductive bias even when con-
structed with delays. Notably, classification accuracy improves when ∆dil is positive. Similarly, we can
construct temporal hierarchy with the kernel size of the temporal convolution, as the kernel size is pro-
portional to the maximum delay in a convolutional kernel: enlarging the convolutional kernel means
including longer delays. Note that varying the kernel size also changes the number of trainable parame-
ters. Once again, we show a correlation between performance and temporal hierarchy constructed with
the kernel size in figure SI.8.

To further enhance the performance of SNNs, we combine kernel size and dilation hierarchies
(∆ker = 3, ∆dil = 2) and apply data augmentation. Results, summarized in table 1, demonstrate that tem-
poral hierarchy enables SNNs to achieve competitive performance compared to state of the art. Note that
‘Test as Valid’ in the table indicates the use of the test set as the validation set in the SHD task. Details
on the validation strategy and data augmentation are provided in Methods (section 4.3). Additional
experiments on the SSC dataset using temporal convolution hierarchies also show a slight performance
improvement, with results presented in table 1.

Temporal hierarchy emerging in recurrent connections Finally, we train recurrent multi-layer LIF-
based SNNs without introducing any inductive bias, analyzing the optimized recurrent weight matrices
(figure 4(c)). For these experiments, we use 3-hidden-layer SNNs, where all recurrent weight matrices
are initialized using Xavier initialization. The memory capacity of a population of neurons is related to
the eigenvalues of the recurrent weight matrix [26, 27], with higher eigenvalues corresponding to greater
memory capacity at the population level. Specifically, the largest eigenvalue, known as the spectral
radius, serves as a proxy for the intrinsic ‘speed’ of the dynamical system. After optimizing the recur-
rent SNNs (RSNNs) on the SHD task, we compute the eigenvalues of the recurrent weight matrices and
measure their magnitudes (figure 4(d)). The results reveal a hierarchical structure across the layers, with
the eigenvalue magnitudes—and in particular the spectral radius—increasing progressively through the
hidden layers. We conclude that optimizing recurrent SNNs naturally leads the architecture to a temporal
hierarchy.

2.4. Mathematical analysis
To illustrate the effectiveness of the temporal hierarchy in SNNs, we present a theoretical argument
based on signal processing principles. Some signals follow simple patterns with single frequency compo-
nents that can be detected by a single LIF neuron with an appropriately tuned time constant. For exam-
ple, in figure 5(a), the purple and green spike patterns correspond to slow and fast signals, respectively,
and each can be captured by a neuron with the corresponding time constant. However, more complex
signals, such as speech, consist of long sequences composed of fast and short sub-patterns. A single time
constant is insufficient to capture such signals effectively. This limitation is illustrated in figure 5(a),
where combining the purple and green patterns results in a purple-pattern-tuned neuron also respond-
ing to the green one, leading to poor selectivity and misclassification.

This issue can be addressed through a temporal hierarchy: early layers detect short patterns and
transmit this information at a reduced rate to higher layers, where longer time constants allow for grad-
ual integration over time. Figure 5 visually explains this argument, with more detailed derivations pro-
vided in appendix SI.G.
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Table 1. Performance with and without temporal hierarchy of SNNs on the spiking Heidelberg digits dataset (SHD) and the spiking
speech command dataset (SSC). Note that ‘CSNN’ stands for Convolutional-SNN, with temporal causal convolutions acting as delayed
connections. Asterisk (∗) in Data Augmentation refers to a particular split of the SHD dataset referred to as ‘Test as Validation’,
explained in Method section 4.3. Results in bold feature temporal hierarchy.

Hierarchy Data Augment # hid. layers hidden size # params Accuracy%

SNN (SHD) 3 32 27k 81.9± 1.2

✓ 3 32 27k 85.7± 1.2

3 128 157k 84.7± 1.5

✓ 3 128 157k 87.2± 1.6

CSNN (SHD) 2 128 345k 91.2± 0.8

✓ 92.2± 1.1

✓ ✓ 94.1± 0.7

✓ ✓∗ 94.7± 0.7

SNN (SSC) 4 128 175k 71.0± 1

✓ 73.1± 0.3

CSNN (SSC) ✓ 2 256 1 M 78.2± 0.1

✓ ✓ 79.2± 0.2

Figure 5. Temporal hierarchy is necessary to process long temporal patterns with broad frequency bands. (a) A LIF neuron with
short time constants (i.e. fast LIF) can detect fast patterns (green), but not slow ones (purple). However, a LIF neuron with long
time constants (slow LIF) reacts to both families of patterns and does not differentiate between them. Colored boxes indicate the
outputs of the fast (green) and slow LIF neurons. (b) The impulse response of the LIF membrane with different time constants
in the time domain (upper); and their corresponding filtering property in frequency domain (lower); In the time domain, the
time constant indicates the temporal receptive field of the neuron, modulating the length of the temporal window to which the
neuron is sensitive. In the frequency domain (power spectral density), the time constant indicates the cut-off frequency of the
input signal to which the neuron is sensitive. (c) A multi-time scale signal, such as speech, contains information in a broad range
of frequencies, spanning multiple temporal decades (purple/green shade highlights a slow/fast frequency component), hence
requiring a hierarchy of time constants for processing.

Intuitively, a single neuron or a single layer of neurons can either respond selectively to very short
temporal patterns using a short time constant or respond to both slow and fast patterns using a long
time constant—but without distinguishing between them (figure 5(b)). This limitation means that a
single timescale cannot effectively be selective to particular input patterns across different temporal
scales.

To formalize this intuition mathematically, we model a single layer of neurons as a linear first-order
low-pass filter, disregarding the non-linearity introduced by the spiking activation function in LIF neu-
rons. We then express the membrane voltage dynamics in both the temporal and frequency domains as
follows:

u(t∗) =

ˆ t∗

−∞
e

t∗−t
τ I(t)dt, û(ω) =

1

1+ωτ
Î(ω) (1)

where û(ω) is the Fourier transform of the temporal signal u(t), which in this case is the membrane
potential of the LIF neuron in the subthreshold regime. In the time domain, a larger τ causes the mem-
brane potential to depend on inputs from a longer history, integrating signals over an extended period.
In the frequency domain, a longer τ acts as a low-pass filter with smaller cut-off frequency, reducing the
neuron’s sensitivity to high-frequency components and emphasizing slower signal variations.

This has implications for the time constants required to process temporal input correctly. Consider
an input signal I(t) which needs to be classified by integrating information in the temporal range [0,T]
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and using frequency components in the range [0,Ω]. If we assume that there needs to be a minimal dif-
ference between two classes of inputs for the SNN to perform well, then we can provide bounds for the
time constants of a network with a single hidden layer (see supplementary section SI.F.2),

τmax ⩽
1

ρΩ
, τmin ⩾

T

ln(ρ−1)
. (2)

where ρ is a constant that quantifies the minimum distance between two classes. Crucially, the values of
T,Ω,ρ depend on the specific task to be solved, and it is possible that the two conditions cannot be sat-
isfied for a single hidden layer SNN in particular tasks. Extending to multi-layer SNNs with a temporal
hierarchy can solve this problem. In such networks, later layers integrate information over longer times,
pre-processed by earlier layers which can capture high frequency components, as is required for speech
processing (figure 5(c)). We can use this logic to show that such a network requires L layers to correctly
solve the task:

Lhierarchy = O(ln(T)+ ln(Ω)) (3)

where Lhierarchy is the number of layers required in the case of temporal hierarchy.
In contrast, if the time constants in all hidden layers are the same (homogeneous SNN) the num-

ber of hidden layers required to integrate over the task duration T and covering all frequencies is
Lhomogeneous = O(TΩ). Importantly, within our assumptions, the number of hidden layers scales loga-
rithmically in the case of temporal hierarchy, compared to a worst-case linear scaling O(TΩ) for homo-
geneous networks.

We remark that these scaling results hold within the assumptions of the analysis. In particular, the
linear filter model omits the spiking nonlinearity, whose presence, together with learned weight diversity,
introduces functional differentiation across layers even in homogeneous networks, partially compensating
for the absence of structured temporal parameters. Furthermore, the theoretical advantage scales with
the temporal bandwidth TΩ of the input, and the benchmarks used in this work, while among the best
neuromorphic test cases for multi-timescale processing, do not span an extremely wide frequency range.
Both factors contribute to the moderate, yet consistent, empirical gains (2%–6%) observed across our
experiments.

3. Discussion

This work proposes to organize temporal computational elements in a hierarchy, from fast to slow.
First, we show that organizing time constants hierarchically as an inductive bias leads to a performance
improvement in common temporal benchmark tasks. Next, we optimize the time constants in SNNs via
gradient descent and find that the temporal hierarchy naturally emerges. We also generalize the role of
temporal hierarchy in SNNs to computational principles: it improves performance as an inductive bias
in temporal causal convolutional SNNs, and it emerges through optimization in RSNNs. In all cases,
we benchmark SNNs on temporal tasks (MTS-XOR, SHD, and SSC), where the evolution of the data
over time encodes relevant information. As shown in our mathematical analysis, the theoretical advan-
tage of temporal hierarchy grows with the temporal bandwidth TΩ of the input signal, and the logarith-
mic depth scaling holds under a linear filter approximation. In practical settings in SNNs, where spik-
ing nonlinearities and learned weights provide additional functional differentiation across layers, and
where available benchmarks do not span an extremely wide frequency range, the empirical gains are
more moderate but remain consistent (2%–6% accuracy improvement). The benefits of temporal hier-
archy might be even greater when applied to tasks with more complex temporal structures.

Implications for neuromorphic computing The field of neuromorphic engineering aims to build effi-
cient hardware platforms for SNNs. Many existing neuromorphic chips [28–30] support the LIF neuron
model, and some circuits to implement dendritic delays have been developed [10, 31, 32]. This makes
temporal hierarchy a valuable feature that most neuromorphic hardware designers can easily leverage.
For example, in figure 2(c), we show that temporal hierarchy allows reducing the size of an SNN by 5×,
while maintaining the same performance on the SHD task. In this manner, the energy consumption and
memory footprint of a neuromorphic chip running an SNN can be considerably reduced. Furthermore,
temporal hierarchy has been demonstrated on multiple temporal processing primitives. This indicates
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that temporal hierarchy can be customized to the specifics of each neuromorphic chip implementation,
providing a performance benefit independent of the chip’s design specifications.

Temporal hierarchy and heterogeneity Our work formalizes temporal hierarchy as a structured across-
layer progression of temporal processing speeds. A natural question is whether this fast-to-slow direction
is a general computational principle or merely one of several viable configurations. Several observations
support its generality. First, the neuroscience literature documents this progression across primate corti-
cal areas [1–3], suggesting it is not task-specific. Second, our emergence-from-optimization experiments
(figures 3 and 4(d)) show that gradient descent independently rediscovers this direction across different
temporal parameters. Third, recent work [33] reports that optimized axonal delays also grow progres-
sively in deeper layers, providing independent corroboration through yet another temporal parameter.
Importantly, our experiments with negative ∆τ (figures 2(a) and (d)) show that the reversed arrange-
ment (slow-to-fast) consistently degrades performance below the homogeneous baseline, indicating that
weight learning cannot fully compensate for a misaligned temporal structure. Our mathematical analysis
provides a principled explanation: early layers must preserve high-frequency information (equation (2),
upper bound on τ ), while deeper layers must integrate over the full task duration (equation (2), lower
bound on τ ), making the fast-to-slow direction the only arrangement that satisfies both constraints
simultaneously. It is worth noting that the concept of temporal hierarchy is distinct from, and com-
plementary to, temporal heterogeneity within a single layer, as explored in [5, 6]. Recent work on dual
memory pathways [34] demonstrates that co-locating fast and slow dynamics within the same layer can
also improve temporal processing. While within-layer heterogeneity enriches the temporal feature space
of individual layers, across-layer hierarchy provides the structured progression that reduces the required
network depth from O(TΩ) to O(log(TΩ)) (section 2.4). Combining both principles is a promising
direction for future work.

Scaling temporal hierarchy Beyond the SNN domain, the principle of hierarchical temporal process-
ing has been adopted independently in the recurrent neural network literature. The Clockwork RNN
[35] partitions hidden units into modules operating at different clock rates, the Hierarchical Multiscale
RNN [36] learns layer-wise temporal resolutions, and the recent Hierarchically Gated RNN [37] enforces
monotonically increasing forget gate lower bounds through depth, with gating factors playing a role
analogous to the time constants studied here. This convergence across neuroscience-inspired and main-
stream deep learning communities suggests that temporal hierarchy is a general computational principle
whose benefits are likely to persist at larger scales.

Outlook In addition to our demonstration of the benefit of temporal hierarchy in multiple settings,
there are numerous ways to extend this work. On the one hand, more complex neuronal dynamics can
be leveraged to form temporal hierarchies. The true potential of the dynamics of, for example, Izhikevich
neurons [38] or multi-compartment models could be unlocked by a hierarchical setting of their parame-
ters. For example, one could build a temporal hierarchy exploiting complex computational primitives of
biologically plausible neuron models, such as plateau potentials, spike bursts, and intrinsic plasticity. On
the other hand, the benefit of temporal hierarchy could be even greater when tested on datasets with a
higher degree of temporal information. In some cases, temporal hierarchy is a natural feature of data. In
speech, information is represented across multiple levels: phonemes, words, phrases, and semantics. We
expect a single model that tackles all these input representations simultaneously to benefit greatly from a
temporal hierarchy.

4. Methods

4.1. SNN implementation
For all our experiments, we implement SNNs using the JAX [39] Python library to benefit from auto-
differentiation and speed of execution. We run the experiments on two A6000 GPUs, using a system
with an AMD Ryzen Threadripper CPU and 128 GB of RAM. SNNs are formalized based on the LIF
equation with soft reset:

τ u̇(t) =−u(t)+ f(x(t) ,W)− uthy(t)

y(t) = θ (u(t)− uth)

where, u(t) ∈RN is the membrane voltage of the neurons, τ ∈RN their time constants, W ∈RM,N

or RK,M,N the input weights and x(t) ∈RM the layer’s inputs. N is number of neurons, M number of
inputs, K kernel size (when in convolution mode). The neuron emits a spike (y(t) ∈RN) whenever
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the membrane voltage u(t) crosses the threshold uth. We set uth = 1 for all our experiments. After a
spike, the membrane voltage is reset: we chose a ‘soft reset’ mechanism, i.e. the membrane voltage is not
immediately reset to zero, but it is decreased proportionally to the threshold voltage.

As it is well known, the non-linearity of a LIF neuron (Heaviside function) is non-differentiable. To
allow the gradient to flow, we use the Surrogate Gradient technique [8], replacing the derivative of the
Heaviside function with a ‘box function’, as in [40].

Based on the equations above, we build layers of spiking neurons linked either via all-to-all feed-
forward connectivity

f(I(t) ,W) = x(t)W with W ∈RM,N

or by 1D temporal causal convolution

f(I(t) ,W) = x(t) ∗W with W ∈RK,M,N

In the latter case, we pad the input sequence I(t) with as many zeros as K− 1 to make the temporal
convolution causal.

A normalization layer processes the result of such linear operation. For all our experiments we use
‘temporal’ batchnorm, a technique introduced in [40]. The conventional batchnorm operation is applied
not only to the batch dimension but also to the temporal dimension. In all experiments, the normaliza-
tion statistics (running average and standard deviation) are neither tracked nor updated during training,
simple batch statistics are used instead.

In each layer l, neurons are initialized with a certain time constant τ(l). We draw these time con-
stants from a Uniform distribution with a given mean and a width of 20% of the mean. Note that tem-
poral hierarchy is formed by controlling the mean of the time-constant distribution across the layers.
Multiple such layers are concatenated to form either a multi-layer spiking perceptron (experiments in
figure 2) or a convolutional SNN (figure 4). The output layer, instead, always features Leaky-Integrators
neurons, i.e. non-spiking neurons. The time constant for such output neurons is 200 ms for all experi-
ments. The values of other relevant hyperparameters can be found in supplementary table 2.

Loss function All experiments involve supervised classification tasks, for which cross-entropy is chosen.
The output logits are computed as in [40], thus computing the softmax of the output neurons mem-
brane voltage at every time step, integrating these values over the whole duration of the task, and apply-
ing the softmax once again on the obtained values. The resulting loss function averages the cross-entropy
over the task duration:

Lcumsum =− 1

B

B∑
i

log

(
exp(out [i,yi])∑N
n exp(out [i,n])

)
with out=

T∑
t

softmax(u [t])

where B is the batch size, N number of output neurons, y the desired label, out ∈RB,N the output neu-
rons membrane voltage passed through the softmax function and summed over the task duration T:

In the case of the MTS-XOR task, we opted for a ‘max-over-time’ loss function, typical in many
SNNs in the literature [8, 19]. This loss function looks for the maximum value for the membrane volt-
age of the output neuron over a certain period. In the case of the MTS-XOR, this period corresponds to
the presentation of the cues in Channel B. The ‘max-over-time’ loss function equation is the following:

Lmax =− 1

B

B∑
i

log

(
exp(maxT (uL [i,y]))∑N
n exp(maxT (uL [i,n]))

)
where maxT indicates the selection of the maximum value of the membrane voltage at the output layer
uL over the selection period T.

Regularization Dropout with a probability of 10% is applied in the experiments in figure 2 while the
probability is increased at 40% in figure 4. L2-regularization with a magnitude of 10−4 is utilized for
experiments with the convolutional SNNs. When training the time constants of neurons (figure 2), a
regularization term is applied to prevent unreasonable values, i.e. negative values and too large values
leading to numerical instability. The resulting regularization term on the time constant is a re-scaled L2-
norm:

Lτ,L2 =
L∑
l

L2(τ (l)−mean [τ (l)])

where τ(l) is the time constant at a given hidden layer, with L hidden layers in total.
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Table 2. table of the hyperparameters.

Batch Size Epochs Dropout LR, decay [epochs start, decay] Initialization Loss τµ [s] τout [s]

MTS-XOR FF 512 60 0.1 0.01, linear [25, 0.5] Xavier Lmax 0.3 0.2

SHD/SSC FF 256 60 0.1 0.01, linear [25, 0.5] Xavier Lcum 0.1 0.2

Conv 256 100 0.4 0.01, linear [25, 0.5] Xavier Lcum 0.1 0.2

4.2. Hyperparameters
We list in table 2 the hyperparameters used in the experiments. The acronyms and symbols refer to:
learning rate (LR), feed-forward (FF), convolutional (conv), max-over-time loss function (Lmax), sum-
of-softmax-output (Lcum), output neuron time constant τout, mean hidden layer time constant τµ.

4.3. Dataset composition and augmentation
In all experiments, the datasets feature training, validation, and testing subsets. However, the SHD was
not originally split in this way; it only features a training and testing set. As in [10, 41], we subdivide
the training set into two parts—with 80% and 20% proportion—of which the smaller portion is the
validation set. While we train on the resulting training set only, hyperparameters are optimized on the
validation set. In the literature, it is, however, common to perform the SHD benchmark task with a
different methodology, which we refer to as ‘Test as Valid’ in table 1. The test set is utilized as the val-
idation set, and performance (along with hyper-parameter optimization and validation early-stopping)
is evaluated on the test set. As this method leaks information from the test set into the training phase,
the generalization capabilities of the model can no longer be evaluated properly. With the sole scope
of comparing performance with works utilizing such validation scheme [12, 42], we also report results
obtained with this method (‘Test as Valid’). A thorough comparison with the state-of-the-art in SHD is
reported in the Supplementary Information (table SI.1). In some experiments on the convolutional SNN
section (table 1) we utilize data augmentation to improve the generalization performance of the model.
In particular, the only transformation we apply is a transposition of the input channels, equivalent to
a frequency shift of the speaker’s voice. For each data point, we draw a number with a mean of 10 and
a standard deviation of 5, representing the frequency shift of the data. We then pad the input sequence
with as many channels as the drawn frequency shift and truncate the exceeding channels to recover the
original dataset input size (700 channels). The frequency shift can be positive or negative with 0.5 proba-
bility. Each sample in a batch of data has an independent frequency shift.
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