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An example image with nine different foveations is shown in Figure 7b.
With a 16 x 16-pixel fovea surrounded by k concentric rings of geomet-
rically decreasing resolution, the number of cortical neurons (M) required
to represent the foveated image from a N x N-pixel retina is given by
M = 16% + 2¢+2 — 4 « N2 This allows for a significant reduction (75% for
the example shown here) in the number of address events processed by
the hardware as well as a reduced communication cost of transmitting an
image “frame” (Vogelstein, Mallik, Culurciello, et al., 2004).

3.4 MAX Computation. The cortical process of object recognition is
modeled in Figure 2 with a series of linear and nonlinear poolings of simple
cell outputs (Riesenhuber & Poggio, 1999). In the first set of computations,
outputs from simple cells with similar preferred orientations and different
receptive fields are combined with a maximum operation to form complex
cells, which essentially act as position-invariant-oriented spatial filters. Be-
cause of the large bandwidth required, the maximum is taken over only
a subset of the image with high salience. This is similar to the attention
spotlight model of human perception (Posner, Snyder, & Davidson, 1980;
Eriksen & St. James, 1986).

The maximum operation (MAX) is defined here as a nonlinear saturating
pooling function on a set of inputs whose output codes the magnitude of
the largest input, regardless of the number and levels of lesser inputs. A
neural implementation of the MAX is illustrated in Figure 8a, where a set
of input neurons {x} causes the output neuron z to generate spikes at a rate
proportional to the input with the fastest firing rate. The MAX operation is
closely related to the WTA function, except that a standard WTA network
allows one of many potential output neurons to be active, and that neuron’s
activity level is dependent on only the relative magnitude of the inputs, not
their absolute value. (For distractor input spike frequencies up to about 80%
of the maximum, the y neurons in the MAX network compute a WTA as
an intermediate step toward computing the maximum. Higher distractor
input spike frequencies can be accommodated by increasing the recipro-
cal inhibitory feedback between y neurons at the expense of the accuracy
of the z neuron.) When used in a neural network to pool responses from
different feature detectors, such as simple cells, a MAX neuron can simul-
taneously achieve high feature specificity and invariance (Riesenhuber &
Poggio, 1999).

We implemented a MAX network model originally proposed by Yu,
Giese, and Poggio (2002), shown in Figure 8a. The network is highly inter-
connected with all-to-all reciprocally inhibitory feedback connections be-
tween y neurons, confirming the ability of the silicon cortex to implement
recurrent networks. The invariance of the network to the number of in-
puts n is illustrated in Figure 8b. Thirty configurations, with n € [1, 30],
were tested on the silicon cortex. In each configuration, the networks
were allowed to run for 60 seconds, with the x cells” inputs generated by



P1: KEE
03-06-179

NECO.cls April 18, 2007 22:59

Multichip Neuromorphic Vision System 15

@ TR N T 4@
@ L L1l \\\4@:{ ‘l
@ I T 4@’\\ ':

J

° i \
° o (]
] [ !
/
L1 [ 1] < o/ \
7
I 1
(@)
s 1T Ann A ]
« £
5 1 [
o S 08
S o8 £8
oc =3 06
E 9 S [ !
E3 o6 b
o SN g
NN © :
=N 04 e
g £
5 02 S 02
4 i z
% 10 20 30 0o 20 40
Number of inputs (n) Firing rate of nonmaximum
inputs (Hz)

(b) (c)

Figure 8: (a) Pictorial representation of MAX network. Excitatory connections
are shown by solid lines and triangular synapses. Inhibitory connections are
shown by dashed lines and circular synapses. Input to the x neurons is provided
by a computer that generates independent homogeneous Poisson processes.
Each y neuron makes inhibitory synapses with all other y neurons, but only
some connections are shown for clarity. The output of the z neuron is monitored
by a computer. (b) Invariance of the silicon cortex-based MAX network to the
number of inputs, n. (c) Invariance of the silicon cortex-based MAX network to
the firing rate of nonmaximum inputs.

independent homogeneous Poisson processes with parameter 1 = 30 Hz
for nonmaximum inputs and A = 50 Hz for xmax. As shown in Figure 8b,
the firing rate of the output neuron z is approximately the same for any
value of n. In addition to invariance toward the number of inputs n, the
MAX network is invariant to the firing rate of nonmaximum inputs. This
was tested by fixing n = 25 and allowing A to vary for nonmaximum inputs
from 2 Hz to 50 Hz. The results are shown in Figure 8c, where the firing
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rate of the output neuron z is seen to be roughly constant for rates up to
40 Hz. Because the inputs to the network are stochastic, its performance
is weakened by very high firing rates of nonmaximal inputs or very large
numbers of nonmaximal inputs.

4 Discussion

The above experiments have demonstrated the operation of the primary
components of the hierarchical visual processing model (see Figure 2). A
full implementation would require larger numbers of neurons than can be
simultaneously accommodated in the present multichip system. However,
to construct the complete network, multiple IFATs could be connected to-
gether, one for each stage of processing, to form a very large silicon cortex.
In addition to providing more neurons, this arrangement would reduce the
constraints on bandwidth. For example, the spatial feature extraction archi-
tecture described requires each retinal cell to project to 64 simple cells at full
resolution. However, if the silicon retina produces 50,000 AE per second and
each IFAT is limited to processing 1,000,000 AE per second, the maximum
fan-out from each retinal cell to any individual IFAT is only 20. By dividing
the orientations among multiple IFATs (see Choi, Merolla, Arthur, Boahen,
& Shi, 2005), a fan-out of 64 could easily be sustained without overtaxing
the system. Furthermore, because the number of connections between neu-
rons within a given level is larger than the number of connections between
neurons in different levels (especially in recurrent networks like the MAX
network), giving each processing stage its own IFAT will conserve energy
by reducing the number of events transmitted across the external AER bus.

Connecting multiple IFATs together in a feedforward structure requires
little hardware beyond that shown in Figure 1. Because each IFAT functions
as an address event transceiver, sending and receiving events according to
a lookup table in RAM, it needs to know only the addresses of neurons in
the subsequent processing stage to communicate with them directly over its
AER output bus. For recurrent connections between IFATSs, a central arbiter
would be required to merge incoming events from multiple AER buses and
route them to their appropriate targets. This can be achieved with simple
logic circuits implemented in a fast complex programmable logic device
(CPLD) or FPGA.

The same hardware that supports multiple IFATs could also support
multiple neuromorphic sensors. Because the silicon cortex implements a
general-purpose neural model, it is well suited for multimodal computa-
tions. Even without additional hardware, the system in Figure 1 can be
adapted for sensory modalities other than vision; any neuromorphic sensor
using AER can be attached to the port currently occupied by the OR.

Under normal operating conditions, such as when implementing the
networks described in section 3, each IFAT neuron executes approximately
1 million to 10 million operations per second (MOPS; addition, subtraction,
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multiplication, and comparison are all considered single operations). The
exact number of MOPS can be computed if the number of input and out-
put spikes are known, because each input event requires approximately six
basic operations per neuron, and every output event requires two or three
operations (Vogelstein, Mallik, & Cauwenberghs, 2004). However, if the net-
work architecture is optimized to take advantage of parallel activation of
multiple cells (see section 2), the number of OPS increases significantly. For
example, if every incoming spike is routed to an entire row of neurons si-
multaneously, the IFAT would perform more than 360 operations per spike,
or at least 360 MOPS for 1,000,000 input spikes per second. In the current
hardware, the upper bound on operations per second is 19,200 MOPS if all
2400 neurons on one chip are activated simultaneously, or 38,400 MOPS if
all 4800 neurons in the silicon cortex are used in parallel (these figures will
improve with technology and are not fundamental limits of our approach).
To date, we have utilized only the parallel activation functions of the IFAT
to implement global “leakage” events, but one can easily imagine future
applications that take advantage of this feature, such as a fully connected
winner-take-all network (Abrahamsen, Hafliger, & Lande, 2004; Oster &
Liu, 2004).

5 Conclusion

We have described a novel multichip neuromorphic system capable of pro-
cessing visual images in real time. The system contains a silicon cortex with
4800 neurons that can be (re)configured into arbitrary network topologies
for processing any spike-based input. Results from the first few stages of
a hierarchical model for salience detection and object recognition confirm
the utility of the system for prototyping large-scale sensory information
processing networks. Future work will focus on increasing the number of
neurons in the silicon cortex, so that the entire hierarchical visual processing
model can be tested while it interacts with the environment.
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