Why is Neuromorphic Event-based
Engineering the future of AI?
R.B. Benosman,
Professor

Neuromorphic Started in a still very
active group that meets every year in
Telluride for hands on projects and
talks…
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Why Neuromorphic?

In 2010 the world generated more than 1.2 Zetta bytes (10^21) of new data
Equivalent of 300000km of DVD stack (distance between the earth and the moon)
The amount of data increases faster than the computing power
Quest for Local computation
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Why Neuromorphic?

•
•
•
•

Low Power & Low Latency
High Temporal resolution
Light independent
Real time processing beyond 1KHz

• Low Power Inference
• Go beyond processor-memory
bottleneck
• Real time processing beyond 1KHz

can be recorded as a snapshot at the start of an acquisition
henceforward moving objects in the visual scene describe
a spatio-temporal surface at very high temporal resolution
(Fig.2 bottom).
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• Amplitude sampling
• Information is sent when it happens
2 (Lower part) The spatio-temporal space of imaging events:
• When nothing happens, nothingFig.
is
sent
orbackground are acquired first. Then, dynamic
Static objects
and scene
objects trigger pixel-individual, asynchronous gray-level events after
processed
each change. Frames are absent from this acquisition process. Samples of generated images from the presented spatio-temporal space are
• Sparse information coding
shown in the upper part of the figure.
• Time is the most valuable information
4 Event based shape registration algorithm
The event based visual acquisition does not rely on fixedfrequency sampling, but it is intrinsically asynchronous. The
generated events form a spatio-temporal space that pertains
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Figure 2: Block diagram of the proposed approach. The output of the event camera is collected into frames over a specified
time interval T , using a separate channel depending on the event polarity (positive and negative). The resulting synchronous
event frames are processed by a ResNet-inspired network, which produces a prediction of the steering angle of the vehicle.
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3. Methodology

CCAM sensors provide frame-free visual information
Why Event Based sensors?

CCAM is generatin
less events than a
equivalent 1000 fps
based camera
the number of events depends on the
dynamics of the scene. For standard
cameras this amount is constant.
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Figure 4: (A) Storing events into dense image-like representations like features maps, like in CNNs. (B) Instead it is possible
to store events into a list in order to preserve the sparseness of the stream of events.
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Existing Neuromorphic Processing Hardware is
based on silicon neurons

Qualcomm Zeroth (2013)

IBM TrueNorth (2014)

Intel Loihi (2017)

BrainChip (2019)

replicate
Existing hardware is based on the concept of replicating biological
neurons into silicon

This approach is limited: No real theory available,
wastefull in silicon area, general computation limited (materials,
theories, …). We still know so little of the Brain.
replicate

Replicating nature’s solutions is not always the optimal path to solve
an engineering problem.
understand

Understanding rather than replicating

Neuromorphic Computing, an old story!
[1] W. S. McCulloch and W. Pitts, “A logical calculus of the ideas immanent in nervous
activity,” Bull. Math. Biophysics, no. 5, pp. 115-133, 1943.

Warren McCulloch

Walter Pitts

Perceptron: first neuromorphic engine
[1] F. Rosenblatt, “The perceptron: a probabilistic
model for information storage and organization
in the brain.,” Psychological Review, vol. 65, no.
6, pp. 386-408, 1958.

(Robert Hecht-Nilsen:
Neurocomputing, AddisonWesley, 1990)

Frank Rosenblatt

1980’s Neurocomputers...
• Siemens : MA-16 Chips (SYNAPSE-1 Machine)
• Synapse-1, neurocomputer with 8xM-A16 chips
• Synapse3-PC, PCI board with 2xMA-16 (1.28 Gpcs)
• Adaptive Solutions : CNAPS
• SIMD // machine based on a 64 PE chip.
• IBM : ZISC
• Vector classifier engine
• Philips : L-Neuro (M. Duranton)
• 1st Gen 16PEs 26 MCps
• 2nd Gen 12 PEs 720 MCps
• + Intel (ETANN), AT&T (Anna), Hitachi (WSI), NEC, Thomson (now
THALES), etc…

How to encode numbers with neurons?
Necessity to find an alternative to binary
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Variety of synaptic responses
Kernel Type
Stable
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Typical Function (Spikes at t = 0, t = 100)
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400

0
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0.5
0

Damped
resonant
synapse

0.8

-0.2 0
Synaptic or
dendritic
delay with
alpha function

0.4
0.2
0

Synaptic or
dendritic
delay with
Gaussian
function

0.5

0

Table 1. Examples of synaptic kernel or filter functions that can be used in the SKIM method.
The graphs show the filter response for a single event at t = 0 (solid line) and a second event
at t = 100 (dotted line); the events are shown in red. For the alpha and damped resonances,
time constants were chosen for maximum energy at t = 100 steps, and for those with delays
(the lowest two), at t = 70 steps. τ is the time constant for the various functions, ΔT is an
explicit synaptic or dendritic delay, and ω the natural resonant frequency for a damped
resonant synaptic function. Apart from the leaky integrator, in which the nonlinearity is
inherent, the functions would need to be followed by a compressive nonlinearity such as a
tanh or logistic function, as shown in Figure 1.

The SKIM network processes the input signals as follows: given a sequence of input
events
on L channels, where t is a time or series index and
depending on whether there is an event at time t or not, the synaptic filter functions
(·) operate on the events as follows:

Time and delays plays an important role
• Progresses in Neuroscience demonstrated the weaknesses of the perceptron approach and
introduced LTP/LTD and STDP

from Markram et al. “A history of spike-timing-dependent plasticity,” in Frontiers in Synaptic neuroscience, Vol 3,
August 2011

How to encode numbers ?

t = f (x) = Tmin + x.Tcod

20

ARTICLE

Communicated by Terrence Sejnowski

STICK: Spike Time Interval Computational Kernel, a
Framework for General Purpose Computation Using
Neurons, Precise Timing, Delays, and Synchrony
Xavier Lagorce
xavier.lagorce@upmc.fr

Ryad Benosman
ryad.benosman@upmc.fr
Vision and Natural Computation Group, Institut National de la Santé et de la
Recherche Médicale, Paris F-75012, France; Sorbonne Universités, Institut de la
Vision, Université Paris 06, Paris F-75012, France; and Centre National de la
Recherche Scientifique, Paris F-75012, France

There has been significant research over the past two decades in developing new platforms for spiking neural computation. Current neural
computers are primarily developed to mimic biology. They use neural
networks, which can be trained to perform specific tasks to mainly solve
pattern recognition problems. These machines can do more than simulate
biology; they allow us to rethink our current paradigm of computation.
The ultimate goal is to develop brain-inspired general purpose computation architectures that can breach the current bottleneck introduced by
the von Neumann architecture. This work proposes a new framework
for such a machine. We show that the use of neuron-like units with
precise timing representation, synaptic diversity, and temporal delays allows us to set a complete, scalable compact computation framework. The
framework provides both linear and nonlinear operations, allowing us to
represent and solve any function. We show usability in solving real use
cases from simple differential equations to sets of nonlinear differential
equations leading to chaotic attractors.

State evolution:

1 Introduction
More than fifty years after the first von Neumann single processor, it is
becoming more and more evident that this sequential power greedy architecture scales poorly to multiprocessors. Despite the increase in the size
of on-chip cache to stay away from RAM and put the data closer to the
processor, major processor manufacturers have run out of solutions to increase performance. The current solutions to use multicore devices and

8
⌧m . dV
>
dt
>
>
<
>
>
>
:

dge
dt

⌧f .

dgf
dt

= ge + gate.gf
=

0

=

gf

Storing information: an inverting Memory network

8
⌧m . dV
>
dt
>
>
<
>
>
>
:

dge
dt

⌧f .

dgf
dt

= ge + gate.gf
=

0

=

gf
22

Computation of the Optical with STICK

Level crossin

networks. These networks process events incrementally as
they are output by the sensor [22]. We will first introduce the
concept of deep temporal time surface networks, in a second
stage we will present the generic architecture followed by an
implementation study of its hardware costs on FPGA.
A. DEEP TEMPORAL MACHINE LEARNING USING
TIME-SURFACES
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Time-surfaces introduced in [22] are local descriptors of
the temporal activity in the spatial neighbourhood of an
event. They allow a compact representation of both spatial
and temporal information. They have been used in a variety
of tasks and have been recently revisited and studied in
several works such as [59] [20] [60] [61]. In this paper,
we use the model presented in [10] that extends [22] to
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Abstract—Event cameras are bio-inspired vision sensors that output pixel-level brightness changes instead of standard intensity
frames. These cameras do not suffer from motion blur and have a very high dynamic range, which enables them to provide reliable
visual information during high-speed motions or in scenes characterized by high dynamic range. These features, along with a very low
power consumption, make event cameras an ideal complement to standard cameras for VR/AR and video game applications. With
these applications in mind, this paper tackles the problem of accurate, low-latency tracking of an event camera from an existing
photometric depth map (i.e., intensity plus depth information) built via classic dense reconstruction pipelines. Our approach tracks the
6-DOF pose of the event camera upon the arrival of each event, thus virtually eliminating latency. We successfully evaluate the method
in both indoor and outdoor scenes and show that—because of the technological advantages of the event camera—our pipeline works
in scenes characterized by high-speed motion, which are still unaccessible to standard cameras.
Index Terms—Event-based vision, Pose tracking, Dynamic Vision Sensor, Bayes filter, Asynchronous processing, Conjugate priors,
Low Latency, High Speed, AR/VR.
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Video of the experiments: https://youtu.be/iZZ77F-hwzs.
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I NTRODUCTION

T

HE task of estimating a sensor’s ego-motion has important
applications in various fields, such as augmented/virtual reality (AR/VR), video gaming, and autonomous mobile robotics.
In recent years, great progress has been achieved using visual
information to fulfill such a task [1], [2], [3]. However, due to
some well-known limitations of traditional cameras (motion blur
and low dynamic-range), current visual odometry pipelines still
struggle to cope with high-speed motions or high dynamic range
scenarios. Novel types of sensors, called event cameras [4, p.77],
offer great potential to overcome these issues.
Unlike standard cameras, which transmit intensity frames at
a fixed framerate, event cameras, such as the Dynamic Vision
Sensor (DVS) [5], only transmit changes of intensity. Specifically,
they transmit per-pixel intensity changes at the time they occur,
in the form of a set of asynchronous events, where each event
carries the space-time coordinates of the brightness change (with
microsecond resolution) and its sign.
Event cameras have numerous advantages over standard cameras: a latency in the order of microseconds, a very high dynamic
range (140 dB compared to 60 dB of standard cameras), and very
low power consumption (10 mW vs 1.5 W of standard cameras).
Most importantly, since all pixels capture light independently, such
sensors do not suffer from motion blur.
It has been shown that event cameras transmit, in principle,
all the information needed to reconstruct a full video stream

•
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Fig. 1: Sample application: 6-DOF tracking in AR/VR (Augmented or Virtual Reality) scenarios. The pose of the event camera
(rigidly attached to a hand or head tracker) is tracked from a
previously built photometric depth map (RGB-D) of the scene.
Positive and negative events are represented in blue and red,
respectively, on the image plane of the event camera.

[6], [7], [8], [9], which clearly points out that an event camera
alone is sufficient to perform 6-DOF state estimation and 3D
reconstruction. Indeed, this has been recently shown in [9], [10].
However, currently the quality of the 3D map built using event
cameras does not achieve the same level of detail and accuracy as
that of standard cameras.
Although event cameras have become commercially available
only since 2008 [11], the recent body of literature on these new
sensors1 as well as the recent plans for mass production claimed
by companies, such as Samsung and Chronocam2 , highlight that
1. https://github.com/uzh-rpg/event-based vision resources
2. http://rpg.ifi.uzh.ch/ICRA17 event vision workshop.html
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Abstract
In this work, we propose a novel transformation
for events from an event camera that is equivariant to optical flow under convolutions in the 3-D
spatiotemporal domain. Events are generated by
changes in the image, which are typically due to
motion, either of the camera or the scene. As a
result, different motions result in a different set of
events. For learning based tasks based on a static
scene such as classification which directly use the
events, we must either rely on the learning method
to learn the underlying object distinct from the motion, or to memorize all possible motions for each
object with extensive data augmentation. Instead,
we propose a novel transformation of the input
event data which normalizes the x and y positions
by the timestamp of each event. We show that this
transformation generates a representation of the
events that is equivariant to this motion when the
optical flow is constant, allowing a deep neural
network to learn the classification task without the
need for expensive data augmentation. We test
our method on the event based N-MNIST dataset,
as well as a novel dataset N-MOVING-MNIST,
with significantly more variety in motion compared to the standard N-MNIST dataset. In all
sequences, we demonstrate that our transformed
network is able to achieve similar or better performance compared to a network with a standard
volumetric event input, and performs significantly
better when the test set has a larger set of motions
than seen at training.

1. Introduction
Event-based cameras are a novel asynchronous sensing
modality that provides exciting benefits, such as the ability
to track fast moving objects with no motion blur and low
1
University of Pennsylvania. Correspondence to: Alex Zihao
Zhu <alexzhu@seas.upenn.edu>.

Figure 1. Classical convolution layers would not be equivariant to
event motions on the left, since they are shear deformations of the
event volume. After transforming to canonical coordinates on the
right, the volume translates uniformly, resulting in equivariance
to the motion. Left: Raw input events. Right: Corresponding
transformed events.

latency, high dynamic range, and low power consumption.
These benefits provide a compelling reason to utilize these
cameras in traditional vision tasks such as image classification, where they can operate in challenging conditions
beyond the capability of traditional cameras.
However, the data generated by these cameras, often represented as a stream of changes and their associated spatiotemporal positions, do not directly fit into the traditional
paradigm for neural networks, which are designed to perform inference on 2D image frames. Recent works have
tried to adapt events into this paradigm by performing convolutions over either compressed 2D representations of the
events or discretized 3D volumes. However, due to the high
temporal resolution of the events, this voxel grid will naturally embed the motion of the image, and so any given image
has a near infinite number of possible 3D representations,
depending on the motion of the camera and or scene.
In this work, we propose a novel coordinate transformation
for the 3D event data, which transforms the events into a
space that is equivariant to motion for convolutions. In par-

The future is ours … but, we need:
• Allow to execute Learning and General Computation (equations)
• Allow for incremental processing ensuring a fast access for each incoming event
to local resources
• The retrieval of relevant local information around incoming events (access times)
to match the high temporal properties of event-based cameras and ensure
computation can be carried out at the native elementary temporal step of eventbased cameras (1μs)
• Allow for sparse memory use following the scene-driven properties of eventbased cameras and temporal requirements of the used incremental algorithms.
• Meet the current urgent need to handle >5 Giga Events/second at few mW

