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Abstract— Complex cells in the visual cortex utilize a
maximum (MAX) operation to pool the outputs of simple cells to
achieve feature specificity and invariance. We demonstrate a
biologically-plausible MAX network for nonlinear pooling in
hardware, using a reconfigurable multichip address event
representation based VLSI system. With this implementation we
have shown that we can implement simple and advanced stages
of visual processing on the same chip and are one step closer to
constructing an autonomous, continuous-time, biologically-
plausible hierarchical model of visual information processing
using large-scale arrays of identical silicon neurons.

Index Terms—Complex cells, integrate-and-fire
transceiver, MAX network, visual cortex

array

1. INTRODUCTION

HE massively connected architecture of the mammalian

brain allows it to process sensory information in a parallel
and distributed manner in real time, to observe, evaluate and
react to the environment appropriately. Such an architecture
results in a system whose computational abilities are greater
than the sum of its components. Combining this architecture
with spike communication gives rise to elaborate information
coding schemes which the brain uses for communication and
processing [1]. The brain is thus able to perform image
processing and object recognition tasks with ease —
effortlessly recognizing a large number of diverse objects in
cluttered scenes [2]. Artificial systems perform poorly in these
tasks when compared with the brain. Learning how the brain
functions and understanding its information coding schemes
will enable us to emulate it in artificial systems, and so bridge
the performance gap.

A lot has been learned about the brain through simulations
of neural functions in software. However, these simulations
run much slower than real time and are thus unable to interact
with the environment, limiting the types of studies that can be
done. Neuromorphic hardware on the other hand typically
operates in real time enabling the design of artificial nervous
systems that interact with the environment. Neuromorphic
systems use silicon analogs of biological neural elements to
emulate the functionality of the brain and communicate spikes
rapidly using the address-event representation (AER)
communication protocol [3-6].

Because the models of cortical areas are still being studied
and are always in flux, a hardwired neuromorphic

implementation is often unproductive. A reconfigurable neural
array transceiver, such as the ones described in [7-12], is
frequently a better alternative as it combines the speed of
dedicated hardware with the programmability of software for
studying real-time operations of cortical, large-scale neural
networks. These neural array transceivers have been used in
other vision processing applications [22-24]. In the array
transceiver employed here [13], there are no hardwired
connections between neurons. Instead, connections are
emulated by time-multiplexing action potentials (spikes) onto
a fast serial bus, and synapses are implemented with encoders
and decoders that monitor the bus and route incoming and
outgoing spikes to their appropriate target.

Computational models of the human visual processing
system frequently employ a hierarchical structure [14]. One
such model of the stages of visual processing is illustrated in
Figure 1.
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Figure 1. Hierarchical architecture of visual processing as described in [17].
Spatial oriented filters extract spatial features from the retina. The outputs of
these filters are combined. A winner-take-all network selects the region with
maximum salience and the image is then foveated by spatial acuity
modulation. Simple cells with different preferred orientations are then used to
process the modulated signal. The outputs of the simple cells are combined
with a nonlinear MAX function to form complex cells.

In the model, outputs from the retina are processed through
oriented spatial filters that highlight regions of high contrast
[16]. A salience detector network then uses this information to



focus attention on a region of interest. Data from local spatial
filters within the area of interest are combined to create feature
cells, composite cells and view-tuned cells [14].

In previous work we have demonstrated the use of the IFAT
system to implement the first stages of the model (from the
retina to simple cells in Figure 1) [16-18]. In this paper we
extend this in hardware to include the complex cells. We
demonstrate how the outputs from simple cells with similar
preferred orientations and different receptive fields are
combined with a maximum (MAX) operation to form complex
cells. With the realization of these complex cells, which act as
position-invariant oriented spatial filters, we are closer to our
goal of a full implementation of neuromorphic vision.

A description of the IFAT system and MAX operation are
provided in sections II and III respectively. Results from the
implementation of the MAX operation on the IFAT system are
discussed in section IV and the paper is concluded in section
V.

II. RECONFIGURABLE HARDWARE

The IFAT system consists of up to 4 integrate-and-fire
(I&F) chips with each chip containing an array of 2400
conductance-based integrate and fire neurons [13]. Virtual
synapses replace hardwired connections between neurons,
with mapping and synaptic parameters (synaptic weight and
driving potential) for each synapse stored in 128MB of digital
RAM. In addition to the RAM and IFAT chips, the system
contains a DAC which converts the driving potential to an
analog value and an FPGA to process all the address-event
transactions (Figure 2).
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Figure 2. Block diagram of the IFAT system. The FPGA receives spikes via
the DIO port. Outgoing spikes are sent to a computer in both feed-forward and
recurrent modes. However, in recurrent mode, outgoing spikes are also sent
back to the FPGA.

The IFAT acts as an address-event transceiver,
communicating incoming and outgoing events over an
asynchronous bus. A netlist stored in RAM specifies the
network topology and synaptic strength between the
presynaptic and postsynaptic neurons. The printed circuit

board of the IFAT system with all the components integrated
is shown in Figure 3.

Figure 3: Printed circuit board of the IFAT system with all the components —
four integrate-and-fire (I&F) chips, digital memory (RAM), digital to analog
converter (DAC) and FPGA.

The FPGA allows for both feed-forward and recurrent
transactions. When the FPGA receives a request from an
external source, it reads the address bits on the incoming AE
bus via the DIO port and stores it as the presynaptic neuron
address. The FPGA uses this address as an index into RAM to
obtain a set of postsynaptic neuron addresses and the synaptic
parameters associated with them. The synaptic weights are set
up on the I&F chips and the analog synaptic equilibrium
potentials are established by the DAC. The events are then
serialized as they are sent to the chip. Output spikes are re-
routed to the FPGA to allow for recurrent connections, and are
also sent to a computer for monitoring.

III. MAX OPERATION

In the model of visual processing implemented here, outputs
from simple cells with similar preferred orientations and
different receptive fields are combined with a maximum
operation to form complex cells [14, 17]. Pooling by a
maximum (MAX) operation achieves both high feature
specificity and invariance in a more robust manner than linear
summation. The MAX operation is a nonlinear saturating
pooling function on a set of inputs such that the output codes
the amplitude of the largest input, regardless of the strength
and number of the other inputs. It is similar to a winner-take-
all (WTA) network [20-21], except that a MAX network
conveys the amplitude of the largest input but not its identity
while a WTA one reveals the identity but not its precise
amplitude.

The MAX network implemented is a biologically-plausible
model proposed by Yu et al. [15]. It is a three-layer neural
circuit with an input layer X, an intermediate layer (which
performs a nonlinear transformation) Y, and an output neuron
Z (Figure 4). The inputs cause the output neuron to generate
spikes at a rate proportional to the maximum input.

Complex cells in the model take the MAX of similarly-



oriented simple cells over a region of space. To generate a
complex cell from a 5x5 grid of similarly-oriented simple cells
with different receptive fields, for example, will require 25 X
inputs (i.e. n=25) and a Z output where X and Z are simple and
complex cells respectively (see Figure 4).

Figure 4. Schematic model of the implemented MAX network [15]. Solid
lines with triangular synapses and dashed lines with circular synapses
represent excitatory and inhibitory connections respectively. Each
intermediate Y neuron makes inhibitory connections to all other Y neurons,
though not all are shown in this figure. The inputs X neurons are output spikes
from simple cells. The output of the z neuron corresponds to complex cell
output. Modified from [17].

IV. METHOD

We generated four images to test the functionality of our
complex cell network (Figure 6A). Each image consists of the
same five bars with different intensities, but the position of
each bar varies in the different images. We converted these
images to spikes, mimicking the simple visual transduction
pathway of our “octopus” neuromorphic retina chip [18-19],
such that higher light intensities generated more spikes. These
simulated retinal outputs are then processed by a simple cell
network implemented on the IFAT.

Simple cells are oriented spatial filters that detect local
changes in contrast. We implemented simple cells with a 4x1
receptive field [17]. Each simple (IFAT) cell receives inputs
from four consecutive simulated photodetectors, two of which
make excitatory synapses while the other two make inhibitory
synapses (Figure 5). The excitatory and inhibitory synaptic
weights are balanced so that the simple cells do not respond to
uniform light.

We implemented two types of simple cells (Figure 5). One
type was oriented in the vertical direction and responded to
dark-to-light transitions. The other simple cell type was
oriented in the horizontal direction and responded to light-to-
dark transitions. The IFAT spikes corresponding to the simple
cell outputs for the four test images were recorded and stored
on a computer (off-chip). These spikes then formed the X
inputs to the MAX network.

The MAX operation was implemented on the IFAT to
emulate complex cells. This was done by creating both the
intermediate Y and output Z cells on the IFAT system, and
streaming outputs from the X cells from a computer (Figure 4).
Each complex cell was made to take inputs from a 5x5 grid of
simple cells (X) with the same preferred orientation. Each

MAX network requires N intermediate cells for N inputs, plus
an additional cell for output. Thus the MAX networks we
implemented consisted of 26 cells each. The IFAT system was
set in recurrent mode so that a spike from ¥; will be followed
by inhibition in the other 24 Y cells for that complex cell and
will excite its Z output. Spikes from the complex cell outputs
were logged and stored on a computer.
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Figure 5. Illustration of the mapping from retinal neurons to simple cells and
complex cells. Each simple cell integrates inputs from a 4x1 retinal receptive
field. Each complex cell integrates inputs from an array of 5x5 simple cells,
covering 10x10 pixels in retinal space. For clarity, the receptive fields of only
two simple cells and two complex cells are shown.

V. RESULTS

The four test images are shown in Figure 6A. Horizontally-
and vertically-oriented simple cells are in Figures 6B and 6C
respectively.

Figure 6. (Al-4) Generated test images. The five bars in all the images are the
same, with the difference between images being the positions of the different
bars. (B1-4) Horizontally-oriented simple cells that respond to light-to-dark
transitions. The position of the simple cell that generated the most spikes
represents the cell with the largest light-to-dark transition. (C1-4) Similar to
B1-4, except these are vertically-oriented simple cells that respond to dark-to-
light transitions.

The ratio between the number of complex cell spikes and
the maximum input (the maximum number of spikes in the
simple cell with the largest amplitude) was computed for the
simple cells in Figures 6B and 6C. The calculation results are

shown in Table 1.



The two important properties of a MAX operation are
selectivity (output signal depends only on the maximum of the
input signals, Xjyy) and linearity (output signal depends
linearly on X4y, i.e. Z/Xy4x = k, where k is constant) [15].

TABLEI
MAX NETWORK COMPUTATION RESULTS
Simple Cells XMax Z k [Z/Xmax]
Bl 5185 355 0.0684
B2 4780 325 0.0679
B3 5022 341 0.0679
B4 4985 341 0.0684
Cl 2175 146 0.0671
C2 2027 136 0.0671
C3 2121 145 0.0684
C4 2154 144 0.0668

The ratio £ obtained was approximately constant among all
the simple cells, with a mean of 0.068 and a standard deviation
of 0.0006. This occurs in spite of the differences in the
position of the simple cell with the largest amplitude (position

invariance) or its intensity (feature specificity). This
demonstrates the accuracy of our implementation.
VI. CONCLUSION
We have demonstrated the implementation of a

biologically-plausible spike-based nonlinear MAX network on
a reconfigurable neural array transceiver. We also
demonstrated a hardware implementation of the second stage
of processing in a hierarchical model of visual object
recognition. More specifically, we implemented silicon
facsimiles of complex cells, which use the MAX operator to
pool similarly-oriented simple cells with nearby receptive
fields.
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