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Abstract

A bio-inspired model for an analog programmable array processor
(APAP), basedon studies on the vertebrate retina, has permitted

the realization of complex programmable spatio-temporal dynam-

icsin VLSI. This model mimics the way in which imagesare pro-

cessedin the visual pathway, rendering a feasible alternativ e for

the implementation of early vision applications in standard tech-

nologies. A prototype chip has beendesignedand fabricated in a
0.5 m standard CMOS process. Computing power per area and

power consumption is amongst the highest reported for a single
chip. Design challenges,trade-o s and someexperimental results
are preserted in this paper.

1 Intro duction

The convertional role of analog circuits in mixed-signal VLSI is providing the I/O

interface to the digital core of the chip |[whic h realizesall the signal processing.
However, this approach may not be optimum for the processingof multi-dimensional
sensorysignals, sud asthose found in vision applications. When massiwe informa-
tion ows have to be treated in parallel, it may be advantageousto realize some
preprocessingin the analogdomain, at the plane where signalsare captured.

During the last years, di erent authors have focusedon the realization of parallel
preprocessingof multi-dimensional signals,using either purely digital techniques[1]
or mixed-signal techniques, like in [2]. The data in Table 1 can help us to compare
these two approaches. Here, the peak computing power (expressedas operations
per second: XPS) per unit area and power is showvn. This estimation is realized
by consideringthe number of arithmetic analogoperations that take place per unit
time, in the analog case,or digital instructions per unit time, in the digital case.It
can be seenthat the computing power per areafeatured by chips basedin Analog
Programmable Array Processors(APAPS) is much higher than that exhibited by
digital array processors.It can be argued that digital processorsfeature a larger
accuracy but accuracy requiremerts for vision applications are not rarely below 6



Table 1: Parallel processorscomparison

Reference CMOS No. Cells/ XPS/ XPS/
process of cells mm? mm? mw

Liran et. al. [2] 05 m 4096 81.0 7.93G 0.33G
Gealow et. al. [1] 0.6 m 4096 66.7 4.00M 1.00M
This chip 05 m 1024 29.2 6.01G 1.56G

bits. Also, taking full advantage of the full digital resolution requireshighly accurate
A/D corverters, what createsadditional areaand power overhead.

The third row in Table 1 corresponds to the chip preseried here. This chip out-
performs the onein [2] in terms of functionality asit implements a reduced model
of the biological retina [3]. It is capable of generating complex spatio-temporal dy-
namic processesjn a fully programmable way and with the possibility of storing
intermediate processingresults.

2 APAP chip architecture

2.1 Bio-inspired AP AP model

The vertebrate retina has a layered structure [3], consisting, roughly, in a layer of
photodetectorsat the top, bipolar cellscarrying signalsacrossthe retina, a ected by
the operation of horizontal and amacrine cells, and ganglion cellsin the other end.
There are, in this description, some interesting aspects that markedly resenble
the characteristics of the Cellular Neural Networks (CNNs) [4]: 2D aggregations
of continuous signals, local connectivity between elemenary nonlinear processors,
analog weighted interactions between them. Motivated by these coincidences,a
model consistingof 2 layersof processorsoupledby someinter-layer weights, and an
additional layer incorporating analog arithmetics, hasbeendeveloped [5]. Complex
dynamics can be programmed via the intra- and inter-layer coupling strengths and
the relation betweenthe time constarts of the layers. The ewlution of ead cell,
C(i; j), is described by two coupled di erential equations, one for each CNN node:

dxn-ij X1 X1
N dt = g[Xn;ij ] + annik I Ynii+k)j+1) T

k= f1|= ra

+bnn; 00 unn;ij + Zn;ij + ano Yno;ij (1)

where n and o stand for the node in question and the other node respectively. The
nonlinear lossesterm and the output function in ead layer are those described for
the full-signal range (FSR) model of the CNN [7], in which the state voltage is also
limited and can be identi ed with the output voltage:

( m(Xnii 1)+ 1 if Xnij > 1
9(xnsj ) = lim Xnjj it JXnij 1 )
m: m(xn;ij + 1) 1 if Xnjij < 1

and:
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The proposedchip consistsin an APAP of 32 32 identical 2nd-order CNN cells
(Fig. 3), surrounded by the circuits implemerting the boundary conditions.
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Figure 1: (a) Conceptual diagram of the basiccell and (b) internal structure of eath
CNN layer node

2.2 Basic pro cessing cell architecture

Each elemenrary processor includes two coupled cortinuous-time CNN cores
(Fig. 1(a)). The synaptic connections between processingelemeris of the same
or dierent layer are represeried by arrows in the diagram. The basic processor
contains also a programmable local logic unit (LLU) and local analog and logic
memories(LAMs and LLMs) to store intermediate results. The blocks in the cell
communicate via an intra-cell data bus, multiplexed to the array interface. Control

bits and switch con guration are passedto the cell from a global programming unit.

The internal structure of each CNN core is depicted in the diagram of Fig. 1(b).
Each corereceivescontributions from the rest of the processingnodesin the neigh-
bourhood which are summedand integrated in the state capacitor. The two layers
dier in that the rst layer has a scalabletime constart, controlled by the appro-
priate binary code, while the secondlayer hasa xed time constart. The ewolution
of the state variable is alsodriven by self-feedbak and by the feedforward action of
the stored input and bias patterns. There is a voltage limiter for implemerting the
FSR CNN model. Forcing the state voltage to remain betweentheselimits allows
for using it asthe output voltage. Then the state variable, which is now the out-
put, is transmitted in voltage form to the synaptic blocks, in the periphery of the
cell, where weighted contributions to the neighbours' are generated. There is alsoa
current memory that will be employed for cancellation of the o set of the synaptic
blocks. Initialization of the state, input and/or bias voltagesis done through a
mesh of multiplexing analog switchesthat connectto the cell's internal data bus.



3 Analog building blocks for the basic cell

3.1 Single-transistor  synapse

The synapseis a four-quadrant analog multiplier. Their inputs will be the cell
state, or input, and the weight voltages, while the output will be the cell's current
cortribution to a neighbouring cell. It can be realized by a single transistor biased
in the ohmic region [6]. For a PMOS with gate voltage Vx = Vx, + Vx, and the
p-di usion terminals at Viw = V4, + Vi and Vi, the drain-to-source current is:

A V,
lo oV pViw Vi + VT Vi 7“” (4)

which is a four-quadrant multiplier with an o set term that is time-invariant |at
least during the evolution of the network] and not depending on the state. This
o set is eliminated in a calibration step, with a current memory.

For the synapseto operate properly, the input node of the CNN core,L in Fig. 2,
must be kept at a constart voltage. This is achieved by a current conveyor. Any
di erence betweenthe voltage at node L and the referenceV,,, is amplied and
the negative feedbak corrects the deviation. Notice that a voltage o set in the
ampli er resultsin an error of the sameorder. An o set cancellation mechanism is
provided (Fig. 2).

3.2 S®l curren t memory

As it has beenreferred, the o set term of the synapsecurrent must be removed
for its output current to represen the result of a four-quadrant multiplication. For
this purposeall the synapsesare resetto Vx = Vi, . Then the resulting current,
which is the sum of the o set currents of all the synapsesconcurrertly connected
to the samenode, is memorized. This value will be substracted on-line from the
input current when the CNN loop is closed,resulting in a one-stepcancellation of
the errors of all the synapses.The validity of this method reliesin the accuracy of
the current memory. For instance, in this chip, the sum of all the contributions will
range, for the applications for which it has beendesigned,from 18 A to 46 A. On
the other side, the maximum signal to be handledis 1 A. If a signal resolution of
8b is pretended, then 0:5LSB = 2nA. Thus, our current memory must be able to
distinguish 2nA out of 46 A. This represens an equivalent resolution of 14.5b. In
order to achieve sudh accuracylevel, a S®I current memory is used. It is composedby
three stages(Fig. 2), ead oneconsistingin a switch, a capacitor and atransistor. | g
is the current to be memorized. After memorization the only error left corresponds
to the last stage.

3.3 Time-constan t scaling

The dierential equation that governs the ewolution of the network (1) can be
written as a sum of current contributions injected to the state capacitor. Scal-
ing up/down this sum of currents is equivalent to scaling the capacitor and, thus,
speedingup/down the network dynamics. Therefore, scalingthe input current with
the help of a current mirror, for instance, will have the e ect of scaling the time-
constart. A circuit for continuously adjusting the current gain of a mirror can be
designedbasedon a regulated-Cascale current mirror in the ohmic region. But the
strong dependenceof the ohmic-region biasedtransistors on the power rail voltage
causesmismatchesin  betweencellsin the samelayer. An alternative to this is



a digitally programmable current mirror. It trades resolution in  for robustness,
hence,the mismatch betweenthe time constarts of the di erent cellsis now fairly
attenuated.
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Figure 2: Input block with current scaling, S*I memory and o set-corrected OTA
schematic

A new problem arises, though, becauseof current scaling. If the input current
can be reshaped to a 16-times smaller waveform, then the current memory has to
operate over a larger dynamic range. But, if designedto operate on large currents,
the current memory will not work for the tiny currents of the scaledversion of the
input. If it is designedto run on small input currents, long transistors will be needed,
and the operation will be unreliable for the larger currents. One way of avoiding
this situation is to make the S*I memory to work on the original unscaledversion
of the input current. Therefore, the adjustable-time-constart CNN core will be a
current conveyor, followed by the Sl current memory and then the binary weighted
current mirror. The problem now is that the o sets intro ducedby the scaling block
add up to the signal and the required accuracy levels can be lost. Our proposalis
depicted in Fig. 2. It consistsin placing the scaling block (programmable mirror)

betweenthe current conveyor and the current memory. In this way, any o set error
will be cancelledin the auto-zeroing phase. In the picture, the voltage reference
generated with the current conveyor, the regulated-Cascale current mirrors and
the S| memory can be easily identi ed. The inverter, A;, driving the gatesof the
transistors of the current memory is required for stability.

4 Chip data and experimental results

A prototype chip has been designedand fabricated in a 0.5 m single-poly triple-
metal CMOS technology. Its dimensionsare 9:27 8:45mn¥ (microphotograph in
Fig. 3). The cell density achieved is 29.24cells/mn?, oncethe overheadcircuitry is
detracted from the total chip area|giv enthat it doesnot scalelinearly with the
number of cells. The power consumption of the whole chip is around 300mW. Data
I/O rates are nominally 10MS/s. Equivalent resolution for the analogimageshan-
dled by the chip is 7.5 bit (measured). The time constart of the fastest layer ( xed
time constart) is intended to be under 100ns. The peak computing power of this
chip is, therefore, 470GXPS, what means6.01GXPS/mm?, and 1.56GXPS/mW.



Figure 3: Prototype chip photograph

The programmable dynamics of the chip permit the obsenation of dierent phe-
nomena of the type of propagation of active waves, pattern generation, etc. By
tuning the coe cien ts that cortrol the interactions betweenthe cellsin the array|

i. e. the weights of the synaptic blocks, which are common to every elemeriary
processor| dierent dynamics are manifested. Fig. 4 displays the ewolution of the
state variables of the two coupled layers when it is programmed to show dierent
propagative behaviors. In picture (a), the chip is programmed to resenble the so-
called wide- eld erasuree ect obsened in the retina. Markersin the fastest layer
(bottom row) trigger wavefronts in this layer and induce slower wavesin the other
layer (upper row). Theseinduced spots are fedbad, inhibiting the wavespropagat-
ing in the fast layer, and generating a trailing edgefor ead wavefront. In picture
(b), a solitary traveling wave is triggered from ead corner of the fast layer. This
kind of behavior is proper of wavesin active media. Finally, in picture (c), edge
detection is computed by extraction the low frequency componerts of the image,
obtained by a diusion in the slower layer, from theoriginal one. The remaining
information is that of the higher frequency componerts of the image. These phe-
nomena have been widely obsened in measuremets of the vertebrate retina [3].
They constitute the patterns of activity generatedby the presenceof visual stimuli.

Controlling the network dynamics and combining the results with the help of the
built-in local logic and arithmetic operators, rather involved image processingtasks
can be programmed like active-cortour detection, object-tracking, etc.

5 Conclusions

From the gures obtained, we can state that the proposedapproac supposesa
promising alternativ e to convertional digital image processingfor applications re-



lated with early-vision and low-level focal-planeimage processing.Basedon a simple
but precisemodel of part of the real biological system, a feasiblee cien t implemen-
tation of an arti cial vision device has been designed. The peak operation speed
of the chip outperforms its digital counterparts due to the fully parallel nature of
the processing.This especially sowhen comparing the computing power per silicon
areaunit and per watt.
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Figure 4: Examples of the di erent dynamicsthat canbe programmed on the chip:
(a) wide- eld erasuree ect, (b) traveling wave accrossthe layers, and (c) edge
detection.



