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Abstract

Event -based sensors , built with biological inspiration, differ greatly from traditional sensor types. A
standard vision sensor uses a pixel array to produce a frame containing the light intensity at every pixel
whenever the sensor is sampled; a standard audio sensor produces a waveform of sound amplitude
over time. Event-based sensors, on the other hand, are typically substantially sparser in their output,
producing output events that occur upon informative changes in the scene, usually with low latency and
accurate timing, and are data-driven rather than sampled.

The outputs produced by these novel sensor types differ radically from traditional sensors. Unfortu-
nately, these differences make it hard to apply standard data analysis techniques to event-based data,
despite the advanced state of computational techniques for image understanding and acoustic process-
ing. Machine learning especially has made great strides in recent years towards scene understanding,
and particularly in the area of deep learning.

The goal of this thesis is to study how to make use of these novel sensors to draw from the state-
of-the-art in machine learning while maintaining the advantages of event-based sensors . This the-
sis takes the view that frame-based, traditional data has limited the scope of discovery for new kinds
of machine learning algorithms. While machine learning algorithms have reached great success, their
achievements pale in comparison to biological reasoning, and perhaps this arises from the fundamental
assumptions about what is processed in addition to how. That is, by relaxing expectations on the kinds
of data that will be processed, perhaps even better algorithms can be discovered that not only work with
biologically-inspired event-based sensors but also outperform traditional machine learning algorithms.

This thesis is studied at multiple levels of abstraction. In Chapter 2, custom hardware platforms are
introduced that prototype an existing machine learning algorithm in hardware. That work aims to en-
sure that the advantages of both state-of-the-art machine learning and the novel sensor types are main-
tained at the most fundamental hardware level and to understand the limitations of the algorithms
better. Indeed, this revealed that the most signi�cant bottleneck when combining both is the accuracy
loss compared to traditional machine learning algorithms, and motivates the work in Chapter 3 that
dramatically increases the accuracy of event-driven neural networks for �xed, unchanging scenes (e.g.,
image analysis, perhaps the most well-studied problem in deep learning currently). With that primary
limitation addressed, Chapter 4 explores advantages that are unavailable to traditional deep learning but
are available to event-driven deep networks.

Chapter 5 forms perhaps the key contribution of this thesis by introducing a novel algorithm, Phased
LSTM, that natively works with event-driven sensors observing dynamic and changing scenes. Indeed,
as hypothesized above, Phased LSTM offers signi�cant advantages over traditional deep neural net-
works, both for event-driven inputs and for standard frame-based inputs. Chapter 6 investigates the
source of these advantages to identify if the model is suf�ciently simple and advantageous. Finally, an
observation made in the development of Phased LSTM motivates examining a principle of event-based
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sensing within computation as well, explored in Chapter 7, and demonstrates the signi�cant computa-
tional speedups that can result when sensor principles are also applied to computation.

Overall, this thesis introduces hardware implementations and algorithms that use inspiration from
deep learning and the advantages of event-based sensors to add intelligence to platforms to achieve a
new generation of lower-power, faster-response, and more accurate systems.
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Abstract (Deutsch)

German translation thanks to Adrian Huber

Von der Biologie inspirierte ereignisbasierte Sensoren unterscheiden sich in vielerlei Hinsicht von
traditionellen Sensoren. Ein typischer Bildsensor misst die einfallende Lichtintensität mithilfe einer Pix-
elmatrix an jedem Pixel und erzeugt ein Einzelbild, welches mit der Abtastgeschwindigkeit ausgegeben
wird; ein typischer Audiosensor wiederum zeichnet die Schallamplitude über die Zeit auf. Das von
ereignisbasierten Sensoren erzeugte Ausgangssignal ist hingegen im Allgemeinen deutlich kärger als
das konventioneller Sensoren, da nur im Falle grösserer Veränderungen des zu messenden Eingangssig-
nals ein Ausgangssignal mit geringer Latenz und präziser Zeitinformation ausgegeben wird. Ereignis-
basierte Sensoren erzeugen demnach ein Ausgangssignal, das primär vom Signal selbst abhängt, und
zwar in Hinblick auf das entstehende zeitliche Abtastmuster.

Die Ausgangssignale dieser neuartigen Sensoren unterscheiden sich daher im höchsten Masse von
traditionellen Sensoren. Diese Unterschiede erschweren die Anwendung üblicher Datenanalysemeth-
oden auf ereignisbasierte Daten, obschon die Bildverarbeitung und die akustische Signalverarbeitung
über fortgeschrittene Algorithmen verfügen. Insbesondere das maschinelle Lernen führte im Laufe der
letzten Jahre zu grossen Fortschritten im Bereich Szene-Verständnis; unter den vielen Methoden des
maschinellen Lernens trug vor allem Deep Learning zu diesen Fortschritten bei.

Das Ziel dieser Doktorarbeit besteht darin, neuartige Sensoren so einsatzfähig zu machen, dass
ihre spezi�schen Vorteile erhalten bleiben, wobei der neueste Stand der Technik aus dem Bereich des
maschinellen Lernens berücksichtigt wird. Diese Doktorarbeit vertritt die Position, dass herkömmliche,
regulär abgetastete Daten die Entwicklung neuer Algorithmen im maschinellen Lernen einschränkten.
Obwohl das maschinelle Lernen grosse Erfolge verzeichnen kann, verblassen diese Errungenschaften
doch, sobald man sie mit menschlichem Denken vergleicht. Mitunter entsteht diese Diskrepanz auf
Grund fundamentaler Annahmen bezüglich der Frage, welche Daten zur weiteren Verarbeitung aus-
gewählt werden, und wie dieselben verarbeitet wird. Abgeschwächte Bedingungen in Hinblick auf zu
verarbeitende Daten ermöglichten vielleicht das Auf�nden besserer Algorithmen, welche nicht nur mit
von der Biologie inspirierten ereignisbasierten Sensoren arbeiten könnten, sondern die auch herkömm-
liche Algorithmen des maschinellen Lernens übertreffen könnten.

Diese Doktorarbeit ist in mehrere Abstraktionsebenen aufgeteilt. In Kapitel 2 werden speziell erstellte
Hardwareplattformen eingeführt, welche es erlauben, bereits bestehende Algorithmen des maschinellen
Lernens als Prototypen in Hardware zu implementieren. Das Ziel dieser Arbeit liegt darin, die Vorteile
der neuartigen Sensoren sowie modernster Algorithmen des maschinellen Lernens auf Hardwareebene
zu erhalten, und weiterhin die Limitationen dieser Algorithmen besser zu verstehen. Der bedeutendste
Engpass, der aus der Kombination der neuen Sensoren und modernster Algorithmen resultiert, ist ein
zu beobachtender Genauigkeitsverlust, insofern das System mit üblichen Algorithmen des maschinellen
Lernens verglichen wird. Diese Beobachtung veranlasste die Arbeit, die in Kapitel 3 präsentiert wird,
und welche die Genauigkeit ereignisgetriebener neuronaler Netze, angewendet auf starre, sich nicht
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ändernde Szenen wie im Falle der Bildanalyse, dem wahrscheinlich am eingehendsten untersuchten
Problem im Bereich des Deep Learning, deutlich erhöhte. Nach dieser Erörterung untersucht Kapitel 4
dann die spezi�schen Vorteile ereignisgetriebener tiefer Netzwerke, die für herkömmliches Deep Learn-
ing nicht verfügbar sind.

Kapitel 5 ist wohl der Schlüsselbeitrag dieser Doktorarbeit. In diesem Kapitel wird ein neuer Al-
gorithmus, Phased LSTM, eingeführt, der auf Grund seiner intrinsischen Beschaffenheit auf natür-
liche Art und Weise mit ereignisbasierten Sensoren, welche dynamische und sich verändernde Szenen
beobachten, umgehen kann. Wie weiter oben als Vermutung ausgedrückt, verfügt der Phased LSTM
Algorithmus über erhebliche Vorteile verglichen mit üblichen Deep Learning Netzwerken, und zwar
sowohl für ereignisbasierte als auch für regulär abgetastete Eingangssignale. Kapitel 6 untersucht so-
dann den Ursprung dieser Vorteile, insbesondere um zu verstehen, ob das Modell genügend einfach
und vorteilhaft ist. Zum Schluss wird in Kapitel 7 noch eine Beobachtung aufgegriffen, die während
der Entwicklung des Phased LSTM Algorithmus gemacht wurde. Es wird untersucht, inwieweit das
Prinzip der ereignisbasierten Signalerfassung auch in Berechnungen anwendbar ist, wobei deutliche
rechentechnische Beschleunigungen erzielt werden, insofern die Prinzipien ereignisbasierter Sensoren
auf Rechenoperationen angewendet werden.

Diese Doktorarbeit führt damit Hardwareimplementierungen sowie Algorithmen ein, welche von
Deep Learning inspiriert sind und die die Vorteile ereignisbasierter Sensoren aufgreifen, um somit
intelligente Plattformen zu ermöglichen, die eine neue Generation von zuverlässigeren und schnel-
lansprechenden Systemen mit geringem Stromverbrauch gestatten.
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1

An Introduction to Event-Based Sensors and Machine

Learning

1.1 The Amazing Progress of Deep Learning

Deep learning currently represents the state-of-the-art solution in
virtually all relevant tasks in machine learning across an incredibly
diverse variety of domains 1,2. The advantage these architectures
provide over shallow architectures is the ability to extract hierar-
chies of abstracted features from the underlying input data, giving
rise to hierarchical data transformations which have been optimized
for a speci�c task.

Convolutional Neural Networks (CNNs), one kind of deep neu-
ral networks, have provided signi�cant leaps in accuracy on dif�-
cult computer vision benchmarks such as ImageNet 3,4, currently
reaching performance levels that rival humans 5,6 on image clas-
si�cation. Formerly “hard” computer vision datasets such as the
CIFAR-10 10-class image classi�cation dataset 7 and the MNIST
handwritten digit dataset 8 are now considered to be solved tasks 9.

Yet the advances are not limited to computer vision. In recent
years, interest in Recurrent Neural Networks (RNNs), which equip
recurrent neural networks with memories, has greatly increased
through the application of ever-greater computing resources, im-
proved training algorithms, and larger training databases to enable
breakthroughs in temporal sequences. Advances using deep neural
networks �rst broke through in speech recognition 10 and natural
language processing 11, but have continued across other domains
including image generation 12, question answering 13, and even
novel computation types 14,15.

Even more useful, however, is the composition of these models
together or as elements in a hierarchy of computation. Image cap-
tioning networks 16,17 combine CNNs for visual processing with a
language model RNN that can describe the picture in words. New
reinforcement learning pipelines 18 also rely heavily on CNNs for
visual input processing in concert with standard techniques for re-
inforcement learning, which was demonstrated with great success
for the game Go 19. Even audio generation at the waveform level is
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now possible, using hierarchies of convolutional neural networks
that produce substantially more natural-sounding human speech 20.

1.2 Towards Arti�cial Agents that Exist in the World

H owever , these application areas have arisen from a tradition in
machine learning and computer science that is rather divorced from
the real world. The current standard implementation for machine
learning is to produce a dataset of tuples < x, y > in which every
data sample is composed of an input x and a target y, and a dataset
consists of aggregates of these tuples together. Datasets are typ-
ically cleaned and normalized, and in many cases, a pre-de�ned
training and test split of the data is produced to equalize results
from many groups.

This characterization ignores many aspects that epitomize the
real world. As these themes will reoccur throughout this thesis, it is
worth noting them here:

1. First, power constraints are an ever-present constraint on real-
world implementations: they cannot consume arbitrary amounts
of energy to perform their intended task.

2. Second, real-world timing and latency constraints are peren-
nial. The state of the natural environment unfolds in continuous
time, and in the rare case in which machine learning considers
the aspect of time, it is nearly always discrete and time-stepped.
Similarly, agents in natural environments cannot take arbitrar-
ily long to respond to input stimuli, as the world continues to
evolve during the presentation of input and the calculation of the
output.

3. Third, noise is an inescapable feature of the natural environment
which must be addressed.

These features are often considered to be confounds on the true in-
teresting problem of creating machines that learn, but it is far from
obvious that these aspects can be abstracted away without substan-
tially altering the types of learning methods that are uncovered.
This thesis will examine the discoveries that can be yielded when
these considerations are indeed taken into account, and opens a
door for substantial further research that bridges the domain of
deep learning with the many unanswered questions of agents that
aim to exist in the real world.

1.3 An Introduction to Event-Based Sensors

N ovel machine learning methods must begin with a novel
method of acquiring data. Much of the constraints of machine
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learning arise from the way that the natural environment is sam-
pled by conventional sensors. The data is complete, static, and
discretized in a distinctly computational way, dramatically different
than the world with which biological agents interact. Instead of the
standard data approach, this thesis concerns itself primarily with
event-driven sensors, which, unlike conventional time-sampled sen-
sors, act as the driver of output data. When a meaningful change
occurs in the environment, the sensing element autonomously
transmits an event that carries information about this change.

Importantly, this encoding has two fundamental advantages.
First, the transmission of data only occurs with informative changes,
decreasing redundancy. It also cascades to signi�cantly reduce the
downstream power that would have been lost due to data trans-
mission, wasted computation cycles, and extraneous forced com-
putation on irrelevant features. Second, this permits faster latency
because the sensor does not need to wait until the next externally-
driven acquisition time to communicate this information; it is per-
mitted to send the data as soon as the change occurs. This allows
extremely low latencies in a variety of domains.

1.3.1 Dynamic Vision Sensors

A major success in event-based sensors is the Dynamic Vision Sen-
sor (DVS) 21, originally proposed in 22 and whose advantages were
extended in later variants such as the higher sensitivity DVS 23 and
DVS with spike encoding using an asynchronous delta sigma mod-
ulator 24. Furthermore, versions were produced that emit both an
event-driven output and standard frame-like intensity output, in
the Dynamic and Active-pixel Vision Sensor (DAVIS) 25 and the
ATIS 26 vision sensors, permitting standard frame-based vision al-
gorithms to be used alongside event-driven image algorithms using
a single sensor.

Fig. 1.1, taken with permission from 27, demonstrates many
aspects of the current state-of-the-art DAVIS. Note the simpli�ed
DAVIS pixel uses the same photoreceptor for both dynamic vi-
sion sensing (event-based vision) and traditional image sensing
(frame-based vision). The event-based vision sensor compares the
voltage stored on a capacitor to an on- and off-threshold value and
produces an output spike when the log photocurrent changes the
charge on the capacitor by a threshold amount. This vision sensor
was built with an analogy to biological vision, with the photodiode-
capacitor circuit representing biological photoreceptors, the differ-
encer representing a function of bipolar cells, and the comparator
representing the ganglion cells of the retina.

As an example, the function of the dynamic vision sensor can be
seen in the upper right of Fig. 1.1. As the sensor operates on log-
arithmic intensity, it has much greater dynamic range than a stan-
dard image sensor. At top, the log intensity of the scene changes in
continuous time. When the log intensity increases by a threshold
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