
Springer Nature 2021 LATEX template

Learning heterogeneous delays in a layer of1

spiking neurons for fast motion detection2

Antoine Grimaldi and Laurent U Perrinet3

Institut de Neurosciences de la Timone, Aix Marseille Univ, CNRS4

27 boulevard Jean Moulin, Marseille, 13005, France.5

Contributing authors: antoine.grimaldi@univ-amu.fr;6

laurent.perrinet@univ-amu.fr;7

Abstract8

The response of a biological neuron depends on the precise timing9

of afferent spikes. This temporal aspect of the neural code is essen-10

tial to understand information processing in neurobiology and applies11

particularly well to the output of neuromorphic hardware such as event-12

based cameras. However, most artificial neural models do not take13

advantage of this important temporal dimension of the neural code.14

Inspired by this neuroscientific observation, we develop a model for15

the efficient detection of temporal spiking motifs based on a layer of16

spiking neurons with heterogeneous synaptic delays. The model uses17

the property that the diversity of synaptic delays on the dendritic18

tree allows for the synchronization of specific arrangements of synap-19

tic inputs as they reach the basal dendritic tree. We show that this20

can be formalized as a time-invariant logistic regression that can be21

trained on labeled data. We demonstrate its application to synthetic22

naturalistic videos transformed into event streams similar to the out-23

put of the retina or to event-based cameras and for which we will24

characterize the accuracy of the model in detecting visual motion. In25

particular, we quantify how the accuracy can vary as a function of26

the overall computational load showing it is still efficient at very low27

workloads. This end-to-end, event-driven computational building block28

could improve the performance of future spiking neural network (SNN)29

algorithms and in particular their implementation in neuromorphic chips.30

Keywords: time code, event-based computations, spiking neural networks,31

motion detection, efficient coding, logistic regression32
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33

1 Introduction34

The human brain has the remarkable property of being able to react at any35

time while consuming a reasonable amount of energy, about tens of watts. This36

system is the result of millions of years of natural selection, and a striking37

difference with artificial neural networks is the representation both use. Arti-38

ficial convolutional neural networks (CNNs), for example, represent the flow39

of information from one layer to another as tensors, storing visual information40

densely across the visual topography, with different properties represented in41

different channels. These networks are known to mimic many properties of bio-42

logical systems, such that each can be attributed a “Brain Score” [60], yet this43

score takes no account of inference speed or energy consumption. CNNs have44

achieved state-of-the-art performance for some computer vision tasks, such45

as image recognition. However, they do not take advantage of the dynamics46

inherent in the way we perceive our natural environment. In the vast majority47

of biological neural networks, on the other hand, information is represented48

as spikes, prototypical all-or-nothing events whose only parameters are their49

timing and the address of the neuron that fired the spike [47]. The third gener-50

ation of artificial neural networks, known as spiking neural networks (SNNs),51

incorporates this temporal dimension into the way they perform their com-52

putations. They are of interest for computational neuroscience because they53

provide a better model of the biological neuron. Some approaches have devel-54

oped normative models of SNNs that aim to have applications in machine55

learning. One of these is the SpikeNet algorithm, which uses a purely temporal56

approach by encoding information using one spike per neuron [17]. Another57

type of SNN that uses accurate timing of spikes attempts to determine the58

structure of the network to minimize a cost function. This was implemented59

in the SpikeProp algorithm [6] and has been recently extended. This method60

uses a surrogate gradient and is now widely used in attempts to transfer the61

performance of CNNs to SNNs [68]. However, the performance of SNNs still62

lags behind that of firing-rate based networks. The question of the advantage63

of using spikes in machine learning and computer vision remains open.64

In a recent review paper, we reported experimental evidence for the pres-65

ence of precise spiking motifs embedded in recordings from biological neural66

tissues [23]. These spatio-temporal motifs within the neural activity may be67

useful representations to perform computations for various cognitive tasks.68

Notably, Abeles [1] asked whether the role of cortical neurons is the integration69

of synaptic inputs or rather the detection of coincidences in temporal spik-70

ing motifs. While the first possibility favors the firing-rate coding theory, the71

second one emphasizes the function of temporal precision in the neural code.72

Since then, numerous studies have demonstrated the emergence of synchronic-73

ity of activity within a neuronal population [15, 57], efficient coding using74

spike latencies [21, 49] or precise timing in the auditory system [10, 18]. All75

This article is published as part of the Special Issue on "What can Computer Vision learn from
Visual Neuroscience?"
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these findings, and more [5], highlight the importance of the temporal aspect76

of the neural code and suggest the existence of spatio-temporal spiking motifs77

in biological spike trains. In neural models, the integration of heterogeneous78

delays [25, 42, 69] allows for the efficient exploitation or detection of these79

spatio-temporal motifs embedded in the spike train. In particular, Izhikevich80

[31] introduced the notion of the polychronous group as a repetitive motif of81

spikes defined by a subset of neurons with different, but precise, relative spiking82

delays, i.e., the time between the arrival of an afferent spike at a given synapse83

and the contribution of the associated postsynaptic potential to the neuron’s84

soma. Due to the variety of configurations and the possible coexistence of85

multiple superimposed motifs, representation with polychronous groups has a86

much higher information capacity than a firing rate-based approach to neural87

coding.88

The present paper proposes additional experiments extending a recent89

model of spiking neurons with heterogeneous synaptic delays [24]. This model90

was trained to solve a motion detection task on a synthetic event-based91

dataset generated by moving parameterized textures. Once trained, the vol-92

ume of event-driven computations could be drastically reduced by pruning the93

synapses, while maintaining top performance for the classification task. This94

was a demonstration that formal neurons can exploit the precise timing of95

spikes to improve neural computations. In the present work, we extend motion96

detection to a more ecological task. Instead of the synthetic textures that have97

been used to generate motion-driven stimuli, we use natural images and ran-98

dom movements that mimic biological saccades. Using an ecological motion99

detection task, we study the emergence of spatio-temporal spiking motifs when100

a single layer of spiking neurons is trained on a supervised classification task.101

First, we define the ecological cognitive task the model has to solve with the102

different datasets it will be tested on. Then, we develop a theoretically defined103

Heterogeneous Delays Spiking Neural Network (HD-SNN) model capable of104

learning these heterogeneous synaptic delays. We will investigate the efficiency105

of the motion detection mechanism and in particular its resilience to synaptic106

weight pruning. In this way, we will be able to show how such a model can107

provide an efficient solution to the trade-off between energy and accuracy.108

2 Methods109

In this paper, we aim to test whether the HD-SNN model is capable of110

efficiently learning a motion detection task, which is defined by a realistic111

event-based data stream. This type of signal is typically captured by a Dynamic112

Vision Sensor (DVS) and is inspired by the signal that is sent from the reti-113

nal ganglion cells through the optic nerve. The events are binary in nature114

and should be sufficient to perform the task of motion detection in a fast and115

efficient manner. Here we will first describe the task definition and then the116

HD-SNN model we use for motion inference and how we train it.117
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Fig. 1 - Motion Detection Task. (Left) We use large natural images (256 × 256) in
which an aperture (64 × 64) extracts a cropped image around the view axis. To mimic the
effect of a saccadic eye movement, the view axis moves according to a stepwise random walk.
We show such a trajectory with a length of 128 time steps (green line). (Right) Snapshots of
the synthetic event stream at different time steps (start and end frames marked by a white
and black dot, respectively). The dynamics of the cropped image translated according to the
trajectory as a function of time produces a naturalistic movie, which is then transformed
into an event-based representation. Mimicking the retina, this representation encodes pro-
portional increases or decreases in luminance, i.e. ON (red) and OFF (blue) events, in each
pixel of the image. In the lower left corner of the snapshots, the translation vector is shown
in red as one of the possible classes of motion. Note the change in the direction of motion
between the third and fourth image, and also that, due to the aperture problem, contours
parallel to the motion emit relatively fewer spikes.

2.1 Task definition: motion detection in a synthetic118

naturalistic event stream119

To train and test our model, we need to define a visual dataset for which we120

control the direction and speed of motion. Let us now define a procedure for121

animating a natural visual scene with virtual eye movements, similar to those122

used in neurobiological [3, 65] and computational neuroscience [34] studies.123

First, we draw a trajectory inspired by the biological movements of the eyes.124

Indeed, these movements allow us to dynamically actuate the center of vision,125

or gaze, in the visual field. In animals with a fovea, this is particularly use-126

ful because it allows the area with the highest density of photoreceptors in127

the environment to be moved, for example, to a point of interest. A specific128

mechanism for this function are saccades, which are rapid eye movements that129

reposition the center of vision. In humans, saccades are very frequent (on aver-130

age 2 per second [13]). They are generated very quickly (about 80 ms) and131

have a wide range of speeds. On a more microscopic scale, the human gaze132

moves with a continuous drift similar to a Brownian trajectory [54]. In order to133

maintain the full generality of the task, we will define eye movements using a134

form of random walk [19]. This approach first defines a finite set of possible 2D135

movements in polar coordinates. Based on the distribution of biological move-136

ments, we simplified it by selecting a set of eye movements as the Cartesian137

product of 8 linearly spaced movement directions and 3 geometrically spaced138

speeds. Next, we define a gaze trajectory as segments whose duration is drawn139

from a Poisson distribution with a mean block length of 24 ms, similar to a140

Lévy flight [38, p. 289]. Finally, the trajectory is integrated, assuming first that141

the velocities are sampled uniformly and independently of the set of different142

motion sets, and second that the motion is uniform during a time segment.143

The resulting instances yield trajectories that are qualitatively similar to those144

observed for human eye movements (see Fig. 1-(Left)).145
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Once these eye trajectories are generated, we can apply them to a visual146

scene. For this purpose, we selected a database of 600 natural images that147

were previously used to study the statistics of natural images [52]. Note that148

these have been pre-processed to be in grayscale and to equalize (i.e., whiten)149

the energy in each frequency band. This process is known to occur in the150

retino-thalamic pathway [12]. These images are 256× 256 in size, and we will151

extract sub-images of size 64 × 64 positioned around the center of gaze at152

each time step. We will discretize time in 1 ms bins and produce movies of153

duration NT = 128 ms. To avoid boundary effects, we will randomly position154

the full trajectory in image space such that the subimage is translated using the155

position given by the trajectory at each time step without touching the borders.156

At each point in time, the translation is computed using a coordinate roll157

in the horizontal and vertical dimensions, followed by a sub-pixel translation158

defined in Fourier space [50]. Note that the magnitude of the displacement is159

relative to the time bin, and we have defined the unit velocity to correspond160

to a movement of one pixel per frame (i.e., per time bin).161

To transform each movie into events as the ones recorded by a DVS, we162

compute a gradient image (initialized at zero) by computing the temporal163

gradient of the pixels’ intensity over two successive frames. For a specific pixel164

and timestamp, an event is generated if the absolute value of this gradient165

exceeds a threshold. The event has either an OFF or ON polarity, respectively166

whether the gradient is negative or positive. This signed threshold value is167

then subtracted from the residual gradient image. When applied to the whole168

movie, the event stream is similar to the output of a neuromorphic camera [56],169

that is, a list of events defined by xr and yr (their position on the pixel grid),170

their polarity pr (ON or OFF) and time tr (see Fig. 1-(Right)). The goal here171

is to infer the correct motion solely by observing these events.172

2.2 The Heterogeneous Delays SNN (HD-SNN) model173

In a neurobiological recording or in the sensory signal obtained from an174

event-based camera, the input consists of a stream of spikes or events. This175

can be formalized as a list of neural addresses and timestamps tuples ϵ =176

{(ar, tr)}r∈[1,Nev ] where Nev ∈ N is the total number of events in the data177

stream and the rank r is the index of each event in the list of events (see178

Fig. 2-(Top-Left for an illustration). Events are typically ordered by their179

time of occurrence. Each event has a time of occurrence tr and an associated180

address ar. This defines an address space A which consists of the set of pos-181

sible addresses. In a neurobiological recording, this can be the identified set182

of presynaptic neurons. For neuromorphic hardware, this can be defined as183

[1, Np]× [1, NX]× [1, NY] ⊂ N3 where Np is the number of polarities (Np = 2184

for the ON and OFF polarities coded in event-based cameras) and (NX, NY) is185

the height and width of the image in pixels. As such, an address ar is typically186

in the form (pr, xr, yr) for event-based cameras.187
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Fig. 2 The core mechanism of the HD SNN model. (Top-Left) Two spiking motifs are
emitted from four presynaptic neurons. Once integrated by the synapses of the postsynaptic
neuron (Right), the spiking motifs are shifted in time by the synaptic delays and weighted by
the synaptic weights (Middle-Left). When they reach the soma of the postsynaptic neuron,
the different spikes contribute to a modification of its membrane potential according to an
activation function. In this example, we use the same activation function as for a Leaky
Integrate and Fire neuron (Bottom-Left). The first spiking motif is synchronized by the
synaptic delays and causes a sudden rise in the membrane potential of the postsynaptic
neuron. An output spike is emitted when the membrane potential reaches the threshold and
it is then reset. (Right) An illustration of a spiking neuron with different synaptic weights
(represented by the thickness of the synapses) and different synaptic delays (represented by
the length of the synapses).

In the HD-SNN model, each neuron b ∈ B connects to presynaptic afferent188

neurons from A. In biology, a single cortical neuron has generally several thou-189

sands of synapses. Each synapse may be defined by its synaptic weight and190

its delay, that is, the time it takes for one spike to travel from the presynap-191

tic neuron’s soma to that of the postsynaptic neuron. A postsynaptic neuron192

b ∈ B is then described by the synaptic weights connecting it to a presynap-193

tic afferent from A but also by the set of possible delays. Note that a neuron194

may contact another afferent neuron with different delays through different195

synaptic connections. Scanning all neurons b, we thus define the full set of Ns196

synapses, as S = {(as, bs, ws, δs)}s∈[1,Ns], where each synapse is associated to197

a presynaptic address as, a postsynaptic address bs, a weight ws, and a delay198

δs. This defines the full connectivity of the HD-SNN model (see Fig. 2-(Right)199

for an illustration of the connectivity of one neuron with synaptic weights and200

delays).201

Of interest is to define the receptive field of a postsynaptic neuron Sb =202

{(as, bs, ws, δs)∥bs = b}s∈[1,Ns] ⊂ S, or the emitting field of a presynap-203

tic neuron Sa = {(as, bs, ws, δs)∥as = a}s∈[1,Ns] ⊂ S. As a consequence,204

a postsynaptic neuron b receives an event stream which is multiplexed by205

the synapses of its receptive field. It results in a weighted event stream (see206
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Fig. 2-(Middle-Left) for each postsynaptic neuron b:207

ϵb = {(ar, wr, tr + δs)∥ar = as}r∈[1,Nev ],s∈Sb (1)208

In biology, this new stream of events is naturally ordered in time as events reach209

the soma of postsynaptic neurons. However, it should be properly reordered in210

simulations. Crucially, when postsynaptic neurons are activated on their soma211

by a specific spatio-temporal motif which is imprinted in the set of synapses,212

the discharge probability will increase, notably when these spikes converge213

on the soma in a synchronous manner while the activation function of the214

neurons of the HD-SNN can be selected among the whole range of spiking215

neuron response functions (see Fig. 2). We defined the HD-SNN model in216

this subsection in all generality, and in the next subsection, we describe an217

implementation of our model adapted for the motion detection task.218

2.3 Application of the HD-SNN model to the motion219

detection task220

It is possible to define a specific implementation of this model in order to adapt221

it to common tasks in computer vision. In particular, from the perspective of222

simulating such event-based computations on standard CPU- or GPU-based223

computers and then using parallel computing, it is useful to transform this224

event-based representation into a dense representation. Indeed, by discretizing225

time, we can transform any event-based input from an event-based camera226

into a Boolean matrix A ∈ {0, 1}Np×NT×NX×NY defined for all polarities p,227

times t, and space coordinates x and y. The values are by definition equal to228

zero, except when events occur: ∀r ∈ [1, Nev], A(pr, tr, xr, yr) = 1. First, it can229

be noted that by using a discretization, the computational block used in the230

equation (2) corresponds to a temporal convolution that transforms the input231

A using one kernel per postsynaptic neuron [24]. To take advantage of the232

position invariance observed in images and exploited in convolutional neural233

networks, we can further assume that synaptic motifs should be similar across234

different positions, so we can define a spatio-temporal convolutional operator.235

Therefore, if we make the approximation at any given time that one neu-236

ron integrates only on the temporal window given by its variety of synaptic237

delays, the integration of the spike train can be formalized by a 3D convolu-238

tion operation. The longest synaptic delay defines the depth KT of the kernel239

Kb and all possible delays associated to the different presynaptic addresses240

are represented. In particular, the whole synaptic set can be represented as241

one kernel for each class c of the supervision task as the dense matrix Kc242

of size (Np,KT,KX,KY), where KT is the number of delays and KX and243

KY are the number of pixels in both spatial dimensions. To keep an anal-244

ogy with the HD-SNN model, for neuron b of position (xb, yb) and class c,245

Kc gives the weights as a function of relative addresses and synaptic delays:246

∀δx ∈ [1,KX], δy ∈ [1,KY], δt ∈ [1,KT], p ∈ [1, Np], Kc(p, δx, δy, δt) = w. The247

connectivity of neuron b is defined locally, around it position (xb, yb). Using248
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this dense representation, the processing of A by the model can be written as:249

∀x, y, t, Cc(x, y, t) =
∑

p,δx,δy,δ

Kc(p, δx, δy, δ) ·A(p, x− δx, y − δy, t− δ) (2)250

where δx and δy are the relative addresses of the synapses inside a kernel and251

δt is the synaptic delay. This shows that Cc is the result of a spatio-temporal252

convolution of the dense representation of the event stream with the dense253

kernels formed by the set of synapses: Cc = Kc∗A (see Fig. 3 for an illustration).254

Note that to remain within the framework of a causal calculation, the kernels255

are shifted in time such that only past information gives an answer at the256

present time. This well-known computation defines a differentiable measure257

which is very efficiently implemented for GPUs and which we will use for258

learning the classification of different motifs in the event stream. A similar259

type of spatio-temporal filtering is used as a pre-processing stage for a pattern260

recognition algorithm [20]. Also, Sekikawa et al. [61] developed an efficient261

3D convolutional algorithm which implements a motion estimation task. By262

assuming a locally constant velocity, the authors assume the 3D kernel can263

be decomposed into a 2D kernel representing the shapes and a 3D kernel264

representing the velocity.265

Here, we keep the analogy with spiking neurons and we try to observe the266

detection of spiking motifs using the spatio-temporal kernels. If so, this precise267

spatio-temporal patterns prove to be of interest for neural computations and268

one can infer that biological neurons make use of this information as well. The269

3D convolution represents the linear integration of the spike train as the linear270

input to the neuron. Then, the activation function of our model is a softmax271

function implementing a form of Multinomial Logistic Regression (MLR) [22],272

in analogy to a spiking Winner-Takes-All network [44]. In our MLR model,273

a probability value for each class (i.e. each motion direction) is predicted for274

each position x, y and time t as a softmax function of the linear combination275

of the list of events. Formally, using the kernels, it transforms the input raster276

plot into a probability with the following formula:277

∀x, y, t, ∀c ∈ [1, Nc], P r(k = c | x, y, t) = exp(Cc(x, y, t) + βc)

Z(x, y, t)
(3)278

where Z(x, y, t) =
∑

c∈[1,Nc]
exp(Cc(x, y, t) + βc) is the partition function and279

βc is the bias linked to class c. In particular, we expect that some specific280

motifs may become tightly synchronized as they reach the basal dendritic tree,281

leading to a high postsynaptic activity which makes it progressively more likely282

to generate an output spike. The spiking output of the model corresponds to283

an event with the highest probability class.284

Now that this general framework has been explained, we can add some285

heuristics, based on neuroscientific observations, to constrain our model and its286

strategies for solving the task that is used to solve the ecological task described287

in section 2.1. Note that the general framework is similar to that presented288
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in [24] and that, apart from the more complex task to solve and a deeper anal-289

ysis of the results, these novel heuristics inspired by neuroscience are the main290

methodological differences with that previous study. First, in our simulations,291

we set the size of the kernels to (21, 17, 17) and define as many classes as the292

number of motions (directions and velocities): Nc = 8× 3. To avoid introduc-293

ing biases in the directions, we apply a circular mask to the spatial dimensions294

of the kernels. Furthermore, we included a prior in the motions that could be295

selected, as there is a prior in natural scenes for slow speeds [63]. Since we296

want to capture the possible convergence of the trajectories of the events con-297

verging on each voxel, we thus apply a mask to the spatiotemporal kernels298

such that the smaller the delay, the smaller the radius of the circular mask299

that is applied (see Fig. 4 for an illustration). This is consistent with neuro-300

scientific principles because, due to the limits of the conduction delay along301

horizontal connections, the synaptic delay is related, by physical principles, to302

the distance between the presynaptic neuron and the postsynaptic one. Sec-303

ond, we observed that moving images produced trajectories of ON and OFF304

spikes, and that these were present in both polarities arrangements. This is305

due to the fact that our whitened images have a symmetry in the luminance306

profiles, and an image with inverted contrast is indistinguishable. Since this307

arrangement of polarities is independent of speed, we added a mechanism that308

collects the linear values for the movie and the movie with the ON and OFF309

cells flipped, keeping only the maximum value for each voxel. This is similar310

to the computation done for complex cells in primary visual cortex.311

2.4 Supervised learning of the motion detection task312

Since the model is fully differentiable, we can now implement a supervised313

learning rule. This rule was implemented using the binary input events as314

inputs and the corresponding motion direction labels as the desired output.315

The loss function of the MLR model is the binary cross entropy at the output316

of the classification layer. The labels were defined at each time point as a one-317

hot encoding of the current motion in the channel corresponding to the current318

motion for all positions. Note that in this context, the label is known but the319

position is not, mainly due to the sparse spatial content of natural images.320

However, the supervised optimization of this MLR model will involve adjusting321

the weights of the kernels. As a result, the error is only propagated back to322

the spatial locations of these most active cells. This is reminiscent of previous323

methods that solve this problem using a winner-takes-all mechanism [41], but324

is implicit in our formulation. Simulations are performed with the PyTorch325

library using gradient descent with Adam (for 212 movies and a learning rate of326

10−5). We have shown in a previous work on a simplified task using synthetic327

textures that this type of learning algorithm can be assimilated to a Hebbian328

learning mechanism [22].329

Finally, the output of the MLR model is an event-based representation330

that predicts the probability of each motion at each position and time. Such331

an output provides a form of optical flow that can be exploited for non-rigid332
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Fig. 3 Applying HD-SNN to the task of motion detection. (Left) We plot here as
a raster plot a 2D representation of the input event stream (showing ON spikes in red and
OFF spikes in blue for each presynaptic address and time). A spatio-temporal convolution
is applied to the dense representation of the input with 2 distinct convolutional kernels (the
green and orange kernels) that will define the output channels. The convolution is summed
over the two polarities. If you have two axes X and Y to represent the presynaptic addresses
as for the pixel grid of a DVS, you obtain a 3D convolution. We restrict the illustration to
a 2D representation and to 2 possible classes (green and orange) that are associated with
different motion directions. (Middle) For each position (address, time), one can compute
the activation resulting from the convolution. The output of the convolution is processed
by the nonlinearity of the MLR model (i.e., the softmax function). The output of the MLR
gives a probability for each class associated with a particular kernel (colored bars in the
highlighted pixel). (Right) By adding a spiking mechanism, here a winner-takes-all associated
to a thresholding, we obtain as output of the HD-SNN model a new spike train with the
different spikes associated to a specific motion class. Note that the position of the output
spikes does not systematically correspond to the position of the input spikes but only when
enough evidence is obtained.

motion, but we have defined here, for simplicity, an evaluation method that333

applies to our full-field motion task. We have shown above that if different334

independent observations (here, the estimated motion at different spatial loca-335

tions) are recognized as having a common cause (here, the rigid motion of the336

image), then an optimal estimate of the logit of this probability is the sum of337

the logits of the independent probabilities. Thus, by taking the mean logit of338

the probability of the output given by the model at all positions for any given339

time, we can calculate the probability of the output at this time. This allows340

one to calculate the accuracy (as the percentage of times the motion is accu-341

rately predicted). These calculations are performed on a different input dataset342

than the one used in the training or validation steps. The complete code to343

reproduce the results of this paper is available at https://github.com/SpikeAI/344

2023_GrimaldiPerrinet_HeterogeneousDelaySNN (see Data Availability).345

3 Results346

3.1 Kernels learned for motion detection347

After training our model, we first analyze the weights learned for the different348

neurons (see Fig. 4). We first observe that these cells are very localized along349

https://github.com/SpikeAI/2023_GrimaldiPerrinet_HeterogeneousDelaySNN
https://github.com/SpikeAI/2023_GrimaldiPerrinet_HeterogeneousDelaySNN
https://github.com/SpikeAI/2023_GrimaldiPerrinet_HeterogeneousDelaySNN
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delay

Fig. 4 Representation of the weights for 8 directions for one speed (among the 8 × 3
different kernels of the model) as learned on the dataset of naturalistic scenes. Directions
are shown as red arrows on the left. The spatio-temporal kernels are represented as slices of
spatial weights at different delays. Delays vary along the horizontal axis from the far right
(delay of one step) to the left (delay of 12 steps). Each image corresponds to the weights at
a given delay, with excitatory and inhibitory weights in warm and cold colors, respectively.
Due to the observed symmetry between the ON and OFF event streams, we report that
the kernels for the OFF polarities are very similar and are not shown here. Different kernels
are selective to the different motion directions and we observe for all kernels an orientation
preference perpendicular to the orientation.

each trajectory, yet show an orientation selectivity, similar to that observed350

in MT neurons [16]. Focusing on the positive weights, a strong selectivity is351

observed along specific axes of motion for each of the different kernels. These352

directions can be easily associated to the direction of motion controlled in353

the natural images. For instance, the first kernel shows a strong selectivity to354

a downward motion direction. We also observe observed a high dependence355

between the weights reaching the ON polarities and that reaching the OFF356

polarities. In particular, whenever a weight for a given position and delay is357

positive for one polarity, it will be negative in the other. This property comes358

from the way the events are generated and that the luminance can not at359

the same time increase and decrease. Interestingly, the relative organization360

of the receptive fields in quadrature of phase follows a push-pull organization361

predicted by Kremkow et al. [34] to explain neurophysiological results observed362

after showing similar natural scenes with synthetic eye movements [3].363

If one focuses on the interpretation of these kernels in terms of spatio-364

temporal motifs embedded in the event stream, it can lead to interesting365

outcomes. In [22], a link between event-based MLR training and Hebbian366
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Fig. 5 Role of stimulus parameters in the motion detection accuracy. Accuracy
as a function of (from left to right) the mean spatial frequency, the bandwidth in spatial
frequency (from a grating-like (left) to isotropic textures (right)), the bandwidth in orienta-
tion (from isotropic textures (left) to grating-like (right)), the bandwidth in speed (from a
rigid motion (left) to independent frames (right)). Note that these accuracies are computed
both in the case where orientation of the synthetic texture is necessarily perpendicular to
the motion (’no aperture’ condition) or in the generic case where orientation is independent
of direction (’aperture’).

learning is drawn, allowing to say that the present model will learn its weights367

according to a presynaptic activity associated to the different motion direc-368

tions. Each neuron becomes selective to a specific motion direction through369

the learning of an associated prototypical spatio-temporal spiking motif. Each370

voxel in the 3D kernels defines a specific timestamp and a specific address. Con-371

sequently, our model is able to detect precise spatio-temporal motifs embedded372

in the spike train and associated to the different motion directions. The cone373

shape for the positive weights’ distribution highlights a loss of precision for374

longer delays, i.e. events away in the past.375

3.2 Testing with natural-like textures376

To test our model, we will quantify its ability to categorize different motions,377

that is on event streams for which the ground truth motion is known at every378

instant in time. Before applying the model on natural images, we will first379

test the model on simpler, parameterized stimuli. In that order, we use a set380

of synthetic visual stimuli, Motion Clouds [36] which are natural-like random381

textures for which we can control for velocity, among other parameters (see382

Fig. 5) [63]. In particular, we will set the spatial extent and duration of the383

generated movies similarly to the motion task defined above. This procedure384

defines a set of textures with different spatial properties and different motions385

picked from the same set of 8 directions and 3 speeds. For any given velocity,386

we also varied the parameters of the textures, such as the mean and variance of387

the orientation or spatial frequency content to provide with some naturalistic388

variability. This method provides a rich dataset of textured movies for which389

we know the ground truth for motion.390
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We observe some facts of interest. First, as we change the mean spatial391

frequency of the texture, we observe a monotonous decrease in accuracy. This392

comes as a similar trend as that observed in the primary visual areas [55] and393

revels the most informative scales learned by our model. We observe the ten-394

dency for different spatial frequency bandwidth. Notably, the accuracy is better395

for a grating-like stimulation than for a large (which qualitatively resemble a396

more textured stimulus), reminiscent to the behavioral response of humans to397

such stimuli [62]. Interestingly, we also see a modulation of accuracy as a func-398

tion of orientation bandwidth. When the stimulus is grating-like and that the399

orientation is arbitrary with respect to the direction of motion, the system is400

faced with the aperture problem and see a decrease of accuracy. This is not the401

case for isotropic stimuli or when the orientation is perpendicular to the direc-402

tion of motion. Finally, we manipulated the amount of change between two403

successive frames, similar to a temperature parameter. This shows a progres-404

sive decrease in accuracy, similar to that observed in the amplitude of humans’405

eye movements [39].406

3.3 Accuracy efficiency trade-off407

Once our MLR is trained, we obtain spatio-temporal kernels corresponding to408

the weights associated to the heterogeneous delays of our layer of spiking neu-409

rons and which may be used for detection. We observed that the distribution410

of the kernels’ weights is sparse, with most values near zero (see Fig. 4). As411

shown in the formalization of our event-based model, the computational cost of412

our model if implemented on a neuromorphic chip would be dominated by the413

computations used for the convolution operation. In a dense setting, this cor-414

responds for all voxels in the output to a sum over all voxels in the inputs for415

all weights in the kernel. If the support of information is sparse, then compu-416

tations can be performed only on those events. Also, if we set some weights of417

the kernels to zero, then the sum can be skipped for those addresses. Knowing418

the sparseness of the input, the total number of computations thus scales with419

the number of spikes multiplied by the number of nonzero synaptic weights.420

To assess the robustness of the classification as a function of the computa-421

tional load, we will prune the weights in {Ss}s∈[0,Ns) that are below a defined422

threshold. In Fig. 6, we plot the classification accuracy as a function of the423

relative number of computations, or active weights, per decision for each neu-424

ron of the layer. As a comparison and to account for the gain in performance425

by using heterogeneous delays, we provide the accuracy obtained with a MLR426

model using 2D time surface (in red) as in [22]. This latter method is based on427

delays from the last recorded events and uses fewer computations (in our case428

17× 17) than the dense 3D kernels without any pruning (21× 17× 17). While429

less computations are needed, the classification performance obtained for the430

model using time surfaces is similar to our method using all the weights of the431

kernels.432

By pruning weights, we observe that the evolution of accuracy as a function433

of the log percentage of active weights fits well a sigmoid curve. Half-saturation434
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Fig. 6 Accuracy as a function of computational load for the HD-SNN model (blue dots)
with error bars indicating the 5% - 95% quantiles and a sigmoid fit (blue line). The relative
computational load (on a logarithmic axis) is controlled by changing the percentage of
nonzero weights relative to the dense convolution kernel. As we prune the coefficients, we
observe a stable accuracy value, with a drop observed at about 25 times fewer computations.

level is reached at a ratio of about 3.2 × 10−2 of active weights, correspond-435

ing in our setting to a total amount of about 180 computations per decision.436

Compared to the full kernels, the accuracy of our method is maintained to437

its top performances when dividing the number of computations by a factor438

up to about 31. In this case, the number of computations is greatly reduced439

compared to [22], thus demonstrating the efficiency of the presented method.440

4 Discussion441

In this paper, we have introduced a generic SNN with heterogeneous delays442

and shown how it compares favorably to a state-of-the-art event-based classifi-443

cation algorithm for a visual motion detection task. The learned model shares444

a number of similarities with neurobiological anatomical observations, as well445

as with behavioral results. The event-based computations of our method can446

be drastically reduced by pruning synapses, while maintaining top classifica-447

tion performance. This shows that we can take advantage of the precise timing448

of spikes to improve the performance of neural computations.449

4.1 Synthesis and main contributions450

The HD-SNN model that has been trained and evaluated on a naturalistic451

motion detection task. The model has been defined to provide optimal detec-452

tion of event-driven spatio-temporal motifs. We have shown that the model,453

when trained on a dataset of natural images with realistic eye movements,454
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learns kernels similar to those found in the early visual cortex [16, 34]. We have455

evaluated the computational cost of this model when implemented in a setting456

similar to event-based hardware. We show that the use of heterogeneous delays457

may be an efficient computational solution for future neuromorphic hardware,458

but also a key to understanding why spikes are a universal component of neural459

information processing.460

We would like to highlight a few innovations in the contributions that are461

presented in this paper. First, whereas [20, 67] use a correlation-based heuristic,462

the generic heterogeneous model is formalized from first principles for optimal463

detection of the event-based spatio-temporal motifs. Moreover, in comparison464

to a representation with that algorithm, the parameters of the model (weights465

and delays) are explicable as they directly inform on the logit (inverse sigmoid466

of the probability) of detection for each spatio-temporal spike motif. Another467

novelty is that the model learns the weights and the delays simultaneously.468

For example, the polychronization model [31] learns only the weights using469

STDP, while the delays are randomly drawn and their values are frozen during470

learning. In addition, the model is evaluated on a realistic task, while models471

such as the tempotron are tested on simplified toy problems [26]. Another472

major contribution is to provide a model that is suitable for learning any473

kind of spatio-temporal spiking motifs and that can be trained in a supervised474

manner by providing a dataset of supervision pairs. Instead of relying on a475

careful description of the physical rules governing a task, e.g. the luminance476

conservation principle for motion detection [4, 14], this allows a more flexible477

definition of the model using this properly labelled dataset.478

4.2 Main limits479

We have identified a number of limitations of our model, which we will now480

discuss in detail. First, the entire framework is based on a discrete binning of481

time, which is not compatible with the continuous nature of biological time.482

We used this binning to efficiently implement the framework on conventional483

hardware, especially GPUs, to be able to use fast three-dimensional convolu-484

tions. We have tested the effect of the width of the time bin and shown that485

it has essentially no effect on the results presented in this paper. This is con-486

sistent with the relative robustness of other event-based frameworks such as487

HOTS [35], where accuracy was unaffected when the input spikes were sub-488

jected to noisy perturbations up to 1 ms [22]. This suggests the possibility489

of analytically including a precision term in the temporal value of the input490

spikes. This mechanism may be implemented by the filtering implemented by491

the synaptic time constant of about 5 ms. Furthermore, it is possible to cir-492

cumvent the need for time discretization by the use of a purely event-based493

scheme. In fact, it is not necessary to compute the voltage traces between two494

spikes [28]. Thus, it is possible to define a purely event-based framework. Such495

an architecture could provide promising computational speedups.496

A further limitation is that the model is purely feed-forward. Thus, the497

spikes generated by the postsynaptic neurons are based solely on information498
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contained in the classical receptive field. However, it is well known that neurons499

in the same layer can interact with each other using lateral interactions, for500

example in V1, and that this can be the basis for computational principles [11].501

For example, the combination of neighboring orientations may contribute to502

image categorization [52]. Furthermore, neural information is modulated by503

feedback information, e.g. to distinguish a figure from its background [58].504

Feedback has been shown to be essential for building realistic models of505

primary visual areas [8, 9], especially to explain non-linear mechanisms [7].506

Currently, mainly due to our use of convolutions, it is not possible to imple-507

ment these recurrent connections in our implementation (lateral or feedback).508

However, by inserting new spikes into the list of spikes reaching presynaptic509

addresses, the generic model is able to incorporate them. While theoretically510

possible, this needs to be properly adjusted in practice so that these recurrent511

connections do not amplify neuronal activity outside a homeostatic state (by512

extinction or explosion).513

Such recurrent activity would be essential for the implementation of pre-514

dictive or anticipatory processes. This is essential in a neural system because515

it contains several different delays that require temporal alignment [29]. This516

has been modeled before to explain, for example, the flash-lag illusion [32].517

As mentioned previously, this could be implemented using generalized coordi-518

nates (i.e., variables such as position complemented by velocity, acceleration,519

jerk, . . . ), and “neurobiologically, using delay operators just means changing520

synaptic connection strengths to take different mixtures of generalized sensa-521

tions and their prediction errors” [51]. Our proposed model using heterogeneous522

delays provides an alternative and elegant implementation solution to this523

problem.524

4.3 Perspectives525

In defining our task, we emphasized that the generation of events depends526

on the spatial gradient in each image. This gradient has both horizontal527

and vertical dimensions, and its maxima are generally orientation dependent.528

Taken together, these oriented edges form the contours of visual objects in the529

scene [33]. Thus, there is an interdependence between the information about530

motion and the information about orientation within the event stream. It531

would be crucial to investigate this dependency further. This could be initiated532

by training the model on a dataset with labels that provide local orienta-533

tion. Exploring this dependence will allow us to dissociate these two forms of534

visual information and enable us to integrate them. In particular, it will allow535

us to consider that the definition of motion is more accurate perpendicular536

to an oriented contour (aka the aperture problem). Thus, it will allow us to537

implement recurrent prediction rules, such as those identified to dissociate this538

problem [53].539

The model is trained on a low-level local motion detection task, and one540

might wonder if it could be trained on higher-level tasks. An example of such541
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a task would be the estimation of depth in the visual scene. There are sev-542

eral sources of information for depth estimation, such as binocular disparity or543

changes in texture or shading, but in our case motion parallax would be the544

most important cue [59]. This is because objects that are close to an observer545

will move relatively faster on the retina than an object that is far away, and546

also because visual occlusions are dependent on the depth order. Using this547

information, it is possible to segment objects and estimate their depth [66].548

However, this would require the computation of the optical flow first, i.e., the549

extension of the framework described here for a rigid full-field motion to a550

more general one where the motion may vary in the visual field. A possible551

implementation is therefore to add a new layer to our model, analogous to the552

hierarchical organization highlighted in the visual cortex. This is theoretically553

possible by using the output of our model (which estimates velocity in retino-554

topic space) as input to a new layer of neurons that would estimate velocity555

in the visual field, including the depth dimension in the output supervision556

labels. This could have direct and important applications, e.g. in autonomous557

driving to detect obstacles in a fast and robust way. Another extension would558

be to actively generate sensor motion (physical or virtual) to obtain better559

depth estimates, especially to disambiguate uncertain estimates [43].560

In conclusion, the model that we have presented provides a way to process561

event-based signals in an efficient manner. We have shown that we can train562

the model using a supervised rule, knowing what output label, but not where563

it occurs. Another perspective would be to extend the model to a fully self-564

supervised learning paradigm, i.e., without any labeled data [2]. This type of565

learning is thought to be prevalent in the central nervous system and, assum-566

ing the signal is sparse [45], one could extend these Hebbian sparse learning567

schemes to spikes [40, 48]. We expect that this would be particularly useful568

for exploring neurobiological data. Indeed, there is a large literature showing569

that brain dynamics often organize into stereotyped sequences, such as synfire570

chains [30], packets [37], or hippocampal sequences [46, 64]. These patterns571

are stereotyped and robust, as they can be activated in the same pattern from572

day to day [27]. In contrast to conventional methods of processing neurobio-573

logical data, such an event-based model would be able to answer key questions574

about the representation of information in neurobiological data, and it would575

open up possibilities in the field of computational neuroscience. Furthermore,576

it would open up possibilities in the field of machine learning, especially in577

computer vision, to address current key concerns such as robustness to attacks,578

scalability, interpretability, or energy consumption.579
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