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What is neuromorphic technology?

It consists of embodying organizing principles
of neural computation in electronics, with the

aims of

1. Building more efficient electronic systems
2. Understanding brain computation

Computers are built from synchronous logic
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Types of neuromorphic systems _ The world of neuromorphic labs (2016)

* Neuromorphic sensors —electronic _———
models of retinas and cochleas

* Smart sensors (e.g. tracking chips, motion
sensors, presence sensors, auditory
classification and localization sensors)

+ Central pattern generators — for locomotion -+
or rhythmic behavior

* Models of specific systems: e.g. bat sonar
echolocation, electric fish lateral line s\
* Multi-chip large-scale systems that use
the address-event representation (spikes) for
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Power consumption 20W
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Average spike rate 0.1Hz
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‘. A Typical Visual Physiology Setup
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The Physiologist’s Friend chip

Simple electronic model of early visual
processing

*Several communicating machines, custom software.
i8] *Months of development and debugging...
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The Physiologist’s Friend Chip

- Activity
b control

Chip + Lens
Onboard speaker

BNC connector

Retina model on Physiologist’s Friend Chip
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A logarithmic (or self-normalizing)
representation of intensity is useful for
representing object reflectance differences,
rather than the illumination conditions.

+ Two objects of different reflectance produce a ratio of
luminance values.

+ The difference of two log values represents this ratio,
independent of the illumination.
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Biological photoreceptors adapt
their operating point and gain
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Biological photoreceptors adapt
their operating point and gain

‘ Organizing principle: Use Context to Normalize signal ‘

1
‘Or‘ganlzmg prmcandap’mﬂon to amplify novel'ry
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Organizing principle:
Averaging over space &

time to find context TAR S i D e g WD NN el
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HI horizontal cells labeled following injection of one HI cell (x) X300
19 ON OFF 20 after Dacey, Lee, and Stafford, 1996
Organizing pr‘inciple: Rectification
Represent signed
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I OFF channel quantities by ON or OFF bipolar cell output

rectifying into
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typically have low
activity
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Dynamic Vision Sensor Silicon Retina

(DVS) 1. The DVS
asynchronously
TMPDIFF128 6x6 mm? in 0.35u 4M 2P CMOS transmits address-
] o :i OO XX TR AN KA events.
The dynamic vision sensor 3 2. The events represent
.. . N temporal contrast ,
silicon retina 3 like transient
3‘ ganglion cells.
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” photoreceptor (Lichtsteiner et al., 2007)
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Examples of organizing principles of neuromorphic

technology demonstrat

. Averaging over space & time to control noise and

find signal context

. Using context to normalize signals
. Representing signed quantities by rectifying

into ON and OFF channels, again to avoid burning
power to represent zero

2/22/2016

Background reading:
+ C. Mead (1990) Neuromorphic Electronic Systems, Proceedings of the

IEEE, vol 78, No 10, pp 1629-1636.

* S.C. Liu, T. Delbruck (2010) Neuromorphic Sensory Systems, Current

Opinions in Neurobiology

Demonstrations
» T. Delbruck, S.C. Liu (2014),

(2004). Vision Research, vol. 44, issue 17, pp. 2083-2089 - About the
electronic model of the early visual system.
- Describes the dynamic vision sensor silicon

. . . retina demonstrated in the lecture.
4. Using adaptation to amplify novelty to overcome
noise and imprecision

5. Computing locally in analog and communicating
remotely using events to optimize use of power
and reliably transmit information
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