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Abstract: Inspired by the harmony between the basic 
functional elements of biological neural networks and 
their natural operating media, we have been seeking for 
ways to implement Artificial Neural Networks ( A N N s )  
using the intrinsic functionality of the most commonly 
available devices in an electronics technology, in contrast 
to the method of hardware-compilation of software- 
simulation modules. In the case of MOS technology, we 
employ a quadratic functional equation similar to that 
found in standard MOS transistors to implement synapses 
in ANNs. A structure has been proposed in [3] to imple- 
ment a MOS device with extemally-controllable threshold 
voltage to be employed as a synapse. In the present work, 
we develop and compare practical architectures within 
which these synapses can be utilized optimally. A simula- 
tor and proper training algorithms have been developed to 
simulate different hardware-based architectures. 

1. Introduction 
Artificial Neural Networks (ANNs) are adaptable 

architectures composed of simple processing elements 
interconnected by a set of links. Parallelism in the pro- 
cessing of the input data is one of the major advantages of 
this computational paradigm. Among possible implemen- 
tations, analog-hardware implementation can possibly 
take best advantage of full parallelism [l]. 

Silicon compilation of software-based A " s  is not 
the most efficient way for hardware-implementation, 
because it does not attempt to make optimum use of the 
hardware resources. As a possible direction for efficient 
solution, we have constructed artificial networks from the 
simplest and smallest building blocks available in a MOS 
technology having similar functionality to that of 
software-based networks. Starting with a single transistor 
as a simple building block, we have investigated many 
possible variations by which to use it in an adaptable 
fashion while preserving stable and predictable charac- 

teristics. 
Our theoretical investigations and simulations have 

proven that a network composed of neurons with sigmoid 
activation functions interconnected with single-transistor 
synaptic blocks can be used successfully in the implemen- 
tation of feedforward-multilayer perceptron networks [2]. 
As will become clear below, the intrinsic MOS charac- 
teristics of I = k.(V-V,,,)' provides the basis for these new 
architectures. 

2. MOS-Compatible Quadratic Synapses 
A quadratic synapse is implemented by the equation: 

io,, = k.(v. - W)' , where " W  is the adaptable parame- 
ter, or memorized synaptic information. This resembles 
the characteristic equation of a MOS transistor with an 
adjustable threshold voltage. Such a MOS device can be 
realized in several ways: One of them is to use charge- 
injection floating-gate transistors. Another solution is to 
apply a control voltage to the substrate of the transistor. 
However to do this, each device must be fabricated in a 
separate well. Another solution is to use a double-gate 
transistor, where one gate is used to control the threshold 
voltage as seen from the other one [3]. The latter is more 
readily adaptable and suffers less from cycling and dura- 
bility in subsequent read and write operations. However, 
it requires means by which to store analog control vol- 
tages on the chip. Moreover, if a dynamic capacitive 
storage scheme is used, the analog memory has to be 
refreshed continuously. In [3], it has been shown that the 
equation iou = k.(vi, - W)* , where vin is applied to the 
input terminal and k is a constant, characterizes our pro- 
posed synaptic device. Because of the capability of this 
transistor to perform as a basic quadratic synapse, we call 
it a Synapse-MOS or a SyMOS device. We should note 
that this device is superficially similar to the one intro- 
duced in 141, however, our design approach is different 
than the one followed there. 
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Fig. 1. Layout of a SyMOS device fabricated 
in CMOS4S1 technology. 

Employment of the smallest possible subblock in the 
technology, is achieved by the construction of networks 
based directly on the functional requirements and the 
theoretical guidelines, a process which excludes the over- 
head paid to translate a software-implementation of the 
theory into hardware modules. We have proved that these 
networks are trainable through the solution of a con- 
strained optimization problem [2], and an algorithm simi- 
lar to the error back-propagation algorithm [SI has been 
developed. 

In this design, extra constraints are required to 
preserve the operating conditions of the synaptic devices: 
The synaptic transistors are employed in their saturation 
region of operation. This provides higher speed, higher 
stability, and achieves some application-oriented advan- 
tages such as more efficient detection of quadratic 
features in the input space. 

We have solved several test problems using simula- 
tions of our MOS-compatible quadratic ANNs. Com- 
parison of their discriminating performance with percep- 
mns  using linear synapses has demonstrated that these 
networks are far superior to those with linear synapses in 
the detection of quadratic features. Figure 2 illustrates the 
discriminating surfaces formed by each type. 

According to these geometrical interpretations and 
their goveming equations, our MOScompatible networks 
can be categorized in the class of ANNs with nonlinear 
discriminating surfaces. Among them are Radial Bases 
Functions (RBFs) [6],  software-based quadratic neural 
networks[T, and some unsupervised ANNs [81. 

CMOS4S is Nonhem Telemm Electronics 1 . 2 ~  CMOS 
technology provided to us through the auspices of Canadian Mi- 
croelectronics CorporatiOn (CMC). 
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Fig. 2. Quadratic synapses form quadratic 
discriminating surfaces, while linear synapses 
produce hyperplanes. 

3. Three Architectures by Which to Employ SyMOS 
Transistors 

A SyMOS device is the lowest-level hardware block. 
It has certain operating constraints and limitations. For 
example its output current is always positive. As well, the 
input voltage always should be greater than the threshold 
voltage. Further, in order to operate in the saturation 
region, its drain voltage should be greater than gate minus 
threshold voltage. All of these restrictions will limit our 
freedom in using it. In order to maintain the usefulness of 
this device in real applications, we should find a good 
architecture in which to obtain the maximum device utili- 
zation. In this paper, we reflect our attempts to find an 
optimized architecture to employ SyMOS devices. 

3.1. Current-Source Inhibited Architecture (CSIA) 
In the equation io,,, = ,t.(vin - w)', io,,, is always posi- 

tive. This, together with the operating condition (vi. 2 W) 
will limit the range of application of this synapse. For 
example, a single neuron using two of these synapses can 
discriminate only points inside and outside a quarter- 
circle rather than implementing the complete theoretic 
circledetection function. In neural-network terms, a 
synapse of this type, provides only excitatory stimulation, 
without any possibility of implementing inhibition. 

In order to provide, selectively, either inhibition or 
excitation, we have adopted the synaptic relation 
iOut = (vim - W)2 - 1, where " W  can take on either nega- 
tive or positive values. Depending on its magnitude in 
comparison to the input value, the output io,, becomes 
positive (excitatory) or negative (inhibitory). In con- 
sideration of its accompanying hardware implementation, 
we call this implementation the Current-Source-Inhibited 
(CSI) quadratic synapse. 

3.2. Switchable-Sign-Synapse Architecture (SSSA) 
Returning to the geometric interpretation of quadratic 

synapses, a neuron with positive quadratic synapses and 
with a negative bias term represents a hyper-sphere 
[(il - w , ) ~ +  1.. + ( i ~ - W ~ ) ~ - f ? ' = o ]  in theNdimen- 
sional input space. 



Control 

IOU =Is-IB IIB 
(Bipolar output current) 

Fig. 3. Block diagram of the Current-Source 
Inhibited Architecture (CSIA). 

If some of the terms have a negative sign, then it will 
represent other quadratic shapes, for example a part of a 
hyperboloid. Therefore if we can switch the sign of the 
output of a synapse, the neuron can be extended to 
discriminate points inside and outside of various quadratic 
hyper-surfaces. This is an advantage which will compen- 
sate the effects of the limited operating range of an indivi- 
dual synapse. Correspondingly, in neural terms, each 
synapse can show either an excitatory or inhibitory 
behavior. In this architecture, we add a sign-of-synapse 
register, which is extemally programmable, and, in tum, 
determines the way in which a pair of switches connect 
the output of the synapse to one of the positive or nega- 
tive input lines of the neuron. 

33. Digital-Analog Switchable-Sign-Synapse Archi- 
tecture (DASA) 

Noting that in submicron MOS technologies, fast 
minimum-size digital devices are readily available, we 
have designed DASA in an attempt to reduce the effects 
of the constraints imposed on the operation of our 
SyMOS devices. 

In the DASA architecture, in each processing cell (a 
synapse) we process sign and amplitude variables 
separately, and then combine them. Each synaptic cell has 
a weight factor embedded in the threshold voltage of its 
SyMOS device. As well, we have a sign-bit register stor- 
ing the introduced sign-of-synapse variable (SI). Both 
inputs and thresholds vary between -1 and 1. The absolute 
value of the input is used as the input of the SyMOS dev- 
ice. Its sign (Sz) is multiplied by the sign-of-synapse vari- 
able and the result of this operation determines whether 
the output of the synaptic operation is inhibitory or excita- 
tory. The following equation shows the final output of the 
synapse: 

io,, = (S 1 .SZH I Vi" I - w l2 

I -  I+ 

Fig. 4. Block diagram of the Switchable- 
Sign-Synapse Architecture (SSSA) 
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Fig. S. Block diagram of the combined digi- 
tal and analog Switchable-Sign-Synapse 
Architecture (DASA). 

In this equation, none of the multiplications is analog: 
S and Sz are digital values. The result of their sign mul- 
tiplication can be obtained by the use of a minimum-size 
digital XNOR gate. Multiplication of this result by the 
output of the SyMOS is achieved by proper adjustment of 
the switches connecting the SyMOS to one of the inhibi- 
tory or excitatory inputs of the neuron body. 

In all of these architectures, each neuron is composed 
of a number of synapses connected to summing input 
lines. In some cases, the n e w n  has two inhibitory and 
excitatory input lines, whose values are finally combined 

7, func- with proper sign. The output stage has a 'I- 

1 + e-' 
tional relation for binary input-output levels and a 
vt- - 1" relation for cases with bipolar outputs. 

l+e - '  

4. Simulations 
We have developed a software simulator to imitate the 

operating conditions and constraints of a hardware imple- 
mentation. A training algorithm, employing a modified 
version of error back-propagation, has been developed 
[2] ,  and, for each case, proper training equations have 
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been derived Using this simulator. we have examined 
many different network compositions and have compared 
their performances based on criteria such as convergence 
of the training algorithm, stability, running time, number 
of iterations to achieve an acceptable solution, hardware 
complexity, number of interconnects, and achievable low 
and high output levels with the same number of hidden 
units. 

The test problems considered were logical functions 
of two input variables with emphasis on XOR and 
XNOR, and a simple character-mgnition problem based 
on data provided through a 5-by-3-input retina. The net- 
works tested are. composed of input, hidden and output 
layers. In each application, the number of units in the 
input and output layers is fixed, while the number of units 
in the hidden layer is gradually increased. For each case, 
the results obtained from different architectures are com- 
pared. 

5. Summary of Results 

CSIA: CSIA has the simplest architecture. All of its 
decisions are being made locally. Its interconnects are 
minimum in comparison to the other two schemes. It 
suffers most from the limited operating range of SyMOS 
devices. For example, in the case of an XOR problem 
with two neurons in the hidden layer, maximum low and 
minimum high are at the 36% and 57% levels, leaving 
only a 19% noise margin. The noise margin will improve 
by using a higher number of hidden units. It can be used 
in either binary or bipolar configurations. The perfor- 
mance is better in the bipolar case, because of wider 
operating margins. As well, it may suffer from a greater 
static power consumption, however, we can add a switch 
to turn the current source off when the synapse is not 
active. 

DASA: DASA shows the best performance. It can be 
designed to operate using local operations and decisions. 
However, in this case, each cell gets more complex and 
requires more area in tenns of necessary analog and digi- 
tal hardware. Some of the operations and decisions can be 
transferred outside and be handled remotely; however, 
more area is then consumed by the interconnect lines. In 
the case of the XOR problem with two neurons in the hid- 
den layer, a margin of 90% between worst-case high and 
low levels is obtained. 

SSSA: SSSA is relatively simple in comparison to 
DASA. It requires less hardware in each cell. In each 
synapse, the sign-of-synapse register is randomly set by 
the training algorithm: it connects the output current of 
the synapse to one of inhibitory or excitatory inputs of the 
neuron accordingly. Correspondingly. we need a module 

in the training algorithm to detect the necessity for a 
change in the sign of a synapse and to apply that change. 
This also can be handled locally by monitoring the situa- 
tion in which a synaptic weight approaches its extreme 
low or high value. In our c m n t  approach, in order to 
maintain faster after-training hardware, we handle thispb 
globally. When the necessity of a change is detected, we 
modify the sign-of-synapse register. SSSA has a more 
direct physical and geometrical inteqxetation, which 
makes its application to problems easier. Also its global- 
sign-adjustment version requires less analog area in com- 
parison to the other two architectures. For the XOR prob- 
lem, a margin of 60% between low and high output lev- 
els is achieved using only two hidden-layer neurons. 

All three of the architectures are able to solve the test 
character-recognition problem, however with different 
training time and complexity. In order to achieve similar 
performance, CSIA requires the highest and DASA the 
lowest number of units in the hidden layer. 

we have fabricated our basic cells in the CMOS4S 
1 . 2 ~  technology. For solution of simple pattem- 
recognition problems, we are working on the implementa- 
tion of larger networks with SSSA. 
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