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Abstract - Rascd on various styles of publislicd artificial ncural nct- 
works (ANN), yct inspired by our dcsirc to cmploy thosc aspccts of 
ncuro-computation thcory which arc morc compatible with currcnt VLSI 
implcmentation tcchniqucs. wc dcscribc a gcncral modcl for neural nct- 
works with localized storage paramctcrs. As a spccial case covercd by thc 
modcl intmduccd. we cmploy a quadratic relation similar to that found in 
practical MOS dcvices to implcmcnt synapscs in ANN. A simulator is 
dcvclopcd to account for the activity of synapscs and to apply additional 
constrain& for boundcd weights. Application of onc particular vetxion of 
quadratic synapscs has bccn cxamincd. and positive rcsults arc shown both 
for the simulation of logical functions of two variables, and thc dclcction 
of characters on a 3x5 retina. Also a geomctrical intcrprctation is derived, 
which emphasizes that this approach has significant advantages if utilized 
in  nonlincar pattern-rccognition problems regardlcss of its hardware- 
implementation convenience. 

INTRODUCTION 
Ncurabnctwork rescarclicrs havc introduced many new tcchniques 

and algorithms at the software and system level. In this development, 
many ncw conccpts have bccn promotcd [ I ] .  In thc wholc proccss, the 
conccpts of training and lcaming havc cstablishcd thcir place bcsidcs tradi- 
tional tcchniques of programming. Machincs with the capability of gcn- 
eralization and the potcntial 10 reach a rcasonablc solution whcn faced 
with ncver-sccn cases are now familiar. Associative mcmory and unsupcr- 
vised data clustcring are possible and acccptcd conccpts. As a rcsult. thc 
software and algorithmic research communitics have bccn ablc to advance 
and thcrcby introduce many ncw conccpts. One might ask thc qucstion: " 
Should thc hardwarc-research community expect the appearance of similar 
dramatic changes and the introduction of ncw tccliniques and concepts in 
their ficld? " 

In thc past fcw years, much effort has bccn dircctcd towards VLSI 
implcmcntation of ANN 12). Many problcms have bccn rcvealcd and some 
of thcm are partially solved. Low power consumption 131, and accurate 
analog computational tcchniques are undcr invcstigation 141. Noise and 
ofrsct reduction through thc proccss of adaptation now has bccn shown to 
be possible [SI. The capability of thc training process to encapsulate 
knowledge embeddcd in the input data have already been shown. More- 
over. the hardware community has shown that i t  is also possiblc to cxploit 
a training proccss to characterize the pmccssing hardware itself (SI. Mom- 
over. consistcntly. it has been shown that functionality of a basic MOS 
dcvicc can be increased to correspond to that of a simple neuron with con- 
stant weights 161. 

In our approach. wc try to maintain thc most important aspcct of 
ncural computational thcory, which wc view to bc that of simple 
interconnectcd-ada~able processing clcments. As to the issue of how to 
implcmcnt basic blocks and thcir intcrconnccts, instead of following the 
convcntional approach of compiling softwarc blocks in hardware. we have 
tricd to cxploit hardware rcsourccs as thcy naturally exist, cspccially in the 
form of MOS transistors embcdded in a CMOS technology. From thc 
uscr's point of view, the outcome may he quite the samc as with the con- 
ventional approach. However, i t  is possible that internal processing based 
upon diffcrent internal implementations for interconnects and processing 
elcments can lead to a much morc cfficicnt dcsign. In this papcr, our early 
attempts to explore some ncw hardwarc-based possibilities are investi- 
gated. 

GENERALIZED ARTIFICIAL NEURAL NETWORKS (GANN) 
Thc ncuron is the basic clcmcnl of a ncural network. It performs a 

simple proccssing function. A very largc and complex network is con- 
structed by interconnecting these simplc rcpcatable blocks. In a general 
ncural network, cach neuron also performs a storage function intended to 
encapsulate external knowlcdge in its internal structure. 

Overall. each neuron is accompanied with a functional characteristic 
equation relating its output with the incoming signals and the information 
cmbcddcd in memory function. In this paper we concentrate on those neu- 
rons having a localiiad modcl of storage and processing of information. 
espccially those currently using a linear synaptic relation. This implies that 
wc acccpt thc abstract model for each neuron shown in Figure I .  

This model is a generalization of the original one proposed by 
McColloch and Pits and also is in accordance with the concepts intro- 
duccd in basic tcx& in thc ficld 171. In thc original modcl. each synapse 
has a stored value (wk. called the synaptic wcight) and lincarly mixes its 
input (ik) with thc stored or mcmorizcd value and pmvidcs thc synaptic 
output (output = w k ' i k  ). Knowlcdgc is cncapsulatcd in the network 
through thesc memorized synaptic valucs. In this model, we assume only a 
gcneral synaptic mixing function without using the linear combination 
convcntion. Thc next stage is the neuronal integration level, which we 
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Fig.1. Gcneral model of a ncuron as discussed in this papcr. 

supposc is another mixing function with onc output but having inputs from 
all synapscs of a neuron. In the McColloch and Pitts model, this stage is a 
linear summer and the output charactcristic function is a hard limiter. 
Other researchers [ 1 J have proposed various types of saturating or linear 
output units and we follow this appmach. 

The original model, called a perceptron model, has attracted a great 
dcal of  attention for its capability to classify and/or recognize simple 
featurcs. In gcneral a perceptron can divide an N-dimensional feature 
space into two distinct half spaces by placing an N-1 dimensional hyper- 
plane within it. Correspondingly, our proposed generalized nonlinear 
modcl is capable of placing an N-l dimensional hypersurface in an N- 
dimensional feature space. For example, as will be shown in a later sec- 
tion, our MOS-compatible neurons with quadratic synapses take advantage 
of hypcrspheres to divide the feature space into two parts. This approach 
not only has ccrtain advantages in the hardware implementation, but also 
is advantagcous in many applications dealing with nonlinearly-separated 
pattcms. For cxample, one neuron with quadratic synapses can precisely 
discriminate points inside and outside a circle, while theoretically an 
infinite numbcr of perceptrons with linear synapses are needed to do the 
samc job. From this generalized point of view, as long as h e  final goal is 
achicvcd, we do not favor linear combiners or summers over nonlinear 
oncs. Rather, if some characteristic is morc compatible with implement- 
able sub-blocks in a parlicular technology, we prefer it in comparison to 
other, sccmingly simpler approaches. This is why in silicon, we favor qua- 
dratic synapses in an MOS technology, and, correspondingly. exponential 
ones in a bipolar process. 

The characteristic equation we use for a generalized neuron is: 
Youtj = F(G(H(Wlj,vl) ...., H(WN~, . . . , VN))) 

when: Wji an: the synaptic controllable paramctcrs which encapsulate 
information during thc training process. and vi are inputs to that neuron. 
Inputs and synaptic information arc mixed by the nonlinear function H( , ) 
for each i. Then, dirCerent results for all i are combined by the G( ) func- 
tion. Finally, the output of each neuron is defined using the nonlinear F( ) 
function. 
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Having considered synaptic memories and combining functions and 
ncuronal mixing and output functions. the most important job which 
rcmains is to identify a plausible training algorithm by which to adapt the 
synaptic weights. With some pre-defined or arbitrarily selected error or  
pcrformance measure, one should follow an algorithm to find a set of 
paramcters which make the performance measure better than a given thres- 
hold. Another flexibility available in general here, and exploited by several 
authors. is the selection of error or pcrformance-evaluation function (81. 
Since training of our parametric network is a nonlinear optimization pmb- 
Icms. we have bccn able to take advantage of the rich literalum in the field 
191. 
Possible Variations of CANN 

The concept of implementing input-output transformations using the 
idea of generalized superposition of time-/space-/frequency-localized basis 
functions is employed in signal-processing applications. These idea5 can 
be re-structured in a multi-layer network form. For example, in a related 
research work [ 101, we havc employed a 3-layer network structurc to find a 
modal-analysis solution for an clcctromagnctic problem with samplcd- 
noisy-mcasured data instcad of conventional analytic stimulus functions. 
The three input uniLs reprcscnt a point in input space. Each neuron in the 
hiddcn laycr has a thrcc-dimensional sinusoid as its characteristic function. 
The output unit is a linear unit adding the outputs of hidden-laycr 
sinusoids with some connection weights. Sampled input-output pairs are 
applied to the network and training or adaptation schemes similar to emor 
back propagation is followed to adjust the connection weights. This rcsem- 
blcs a Fourier-analysis-based modal cxpansion. However, it can take 
advantage of the merits of a neural network solution: among them bcing 
noise supprcssion and the capability of employing noise-cormpkd sam- 
pled input data [IO]. This approach is similar to compiling an old program 
to a new language in order to utilizc Uic capabilities of a new 
hardware/software platform. 

Other attempts at gcncralization can bc found in the literature: A 
good examplc is thc fuzzy ncuron which can bc regarded as a spccial case 
covcrcd by Uic prcsent gcncral modcl 1 1  11. In the hardware community, 
Lont et al 1121 have used non-pcrfcct lincar units with an emphasis on a 
new look at theory rather than simply considering their synaptic unit as 
defective. 

In this paper, wc will introduce thc application of MOS-compatible 
quadratic synapscs to ANN'S. Other variations of abstract neumns with 
quadratic characteristic functions had bccn proposed [ 131. Howcvcr. our 
attcmpt is the first we have found in the literature to establish a link 
between generalized definitions (including quadratic ones) and MOS- 
compatible hardware implementations. 

NONLINEAR MOS-COMPATIBLE QUADRATIC SYNAPSES 
In hardware implementations, silicon MOS technology, with its 

widespread application and high integration level, is among the most 
promising candidates. Correspondingly. it has been employed in many 
hardware-based implementations of ANN 121. A simple MOS transistor is 
the basic applicable block available in the process. The characteristic Of 
such a building block, when employed in a circuit, can be approximated by 
a quadratic function over a wide operating range. Also in a normally 
smaller part of the operating range, a nominally 1inear.dependence. which 
has bccn used by several rcsearchcrs 1141. can bc found. Here, we explore 
the possibility of using quadratic synapscs in a ked-fonvard pcrccptron 
configuration. This approach is inspircd by the belief that more reliable 
devices with wider operating range and higher speeds can be employed if 
it  is possible IO use the naturaJly-available quadratic characterislic q u a -  
tion for the most widely-used block of an ANN, namely the synapse. 

A quadratic synapse is implemented by the equation: 
i,,,, = (vi" - W)* , where "W" is the synaptic weight, or  memorized infor- 
mation In a lincar synapse. the resulting stimulation is inhibitory or exci- 
lalory depcnding on the sign of thc output. Obviously, the quadratic model 
in thc form above supports only excitatory stimulation. In ordcr to provide 
either inhibition or excitation directed by the magnitude of only one con- 
trol parameter (W), we have adopted die following synaplic relation: 
i,, = (vi, - w)* - I . 

In this equation, "W" can take either of negative or positive values. 
Dcpcnding on its magnitude in comparison lo the input values. io, 
bccomcs positive (excitatory) or ncgative (inhibitory). In consideration of 
its accompanying hardware implementation. we call this implementation 
the Current-Source-lnhibitcd (CSI) quadratic synapse. Figure 2 depicts the 

synaptic characteristic relation for such synapses. For a MOS implementa- 
tion o f a  quadratic synapse, see [IS]. In brief. "W" is realized by an exter- 
nally controllable threshold voltage of an MOS device: "vi," is the gale- 
source voltage of the MOS transistor :and i,, is best approximated by its 
drain current with operating in current saturation. As stated in [S. 121, the 
hardware should be used in the training process, at least in its forward 
pass, in order to account for circuit imperfections. Under this condition. 
just an approximate characteristic suffices. and i t  is not necessary to use 
devices which exactly follow the quadratic thcoretical relation. 

\ t IOU' t lout  

Fig.2. Thc above graphs show the inpuc/output characteristics 
of a quadratic (left) and a Current-source-Inhibited quadratic 
(right) synapse for a high input value equal to I .  "W" is as- 
sumed to vary between -1 and 1. 

Networks Composed of Quadratic Synapscs 
Figure 3 shows a 3-layer network built from neurons with quadratic 

synapses. Here, the neural-integration level, is implemented by the cus- 
I tomary linear-addition function. For output unit, the use of yI = - 

1 + e-x 
has been investigated. 

\ /  \ 

Fig3  A feed-forward network composed of neurons having 
quadratic synapses. Output of each synapse is equal to : 
[(input - weight)* - 11. 

Each neuron has a number of quadratic synapses having a 'I 

i,, =<vi, - W)* - 1 characteristic," connecting it with inputs or neumns 
from the previous layer. A bias input constantly equal to the active-high 
level (notated here as equal to one) is also assumed. 

In this paper, we aim at presenting the results of our feasibility stu- 
dies. However, in order to maintain a close connection with hardware 
implemcntations, we have applied several other constraints not deemed 
necessary in usual software simulations. For example, we have assumed 
that vin should be greater than "W" in order to establish an active synaptic 
conncction bctwecn a neuron and each of its inputs. Basically this converts 
Uie training problem from an unconstrained optimization problem (used in 
the back-propagation e m r  scheme) to one of constrained optimization. As 
an error function, we use the mean-squared error. This means that our 
training challenge is to solve the following constrained optimization prob- 
lem, where E( ) is the error function: 

_ _  
Minimize: E( W , vi, ) 

Subjccr to: vin, - Wi 2 0 . i= 1 ,.__, P. whcrc P i s  Uic numbcr of synapses. 

Thcse additional limitations may look inconvenient and restrictive. 
However, the major point is that no Unconstrained optimization scheme 
can actually be employed in a physical implementation. 

TRAINING EQUATIONS 
In ordcr to adjust the adaptable parameters of the network, we usc a 

gradicnt-descent update p m d u r c .  Our training algorithm is a modified 
version of the back-propagation algorithm conventionally used for linear 
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synapscs (71. For simplicity, we consider the training equations for a 3- 
layer network with one output unit. Conventions used are similar to those 
of Figure 3. and are introduced here in dctail: 

hula1 : 

E, : 

0, : 

wj : 
Oc.dcrircd : 

v.. , 
I' ' 

net: : 
Oh . 

net!, : 
JC ' 

llc : 

Care- 

1 
Elarl is equal to 

the training set. 
E, = - (0, - Oc,de5ircd )2,  is the error for each training case. 

Real output of Lhe network for training case c. 
Dcsircd output of tlic network for training case c. 
A weight connecting tlie jLh hidden ncuron to thc output neu- 
ron. 
A weight connecting the i* input to the j* neuron in the hid- 
den layer. 
Total input received by the output neuron. 
Total output ofthc jih hidden neuron. 
Total input received by thc jih hidden ncuron. 
Input applied to the ilh input unit in case "c." 

E, ; "Cases" is the number of poinLs in 

1 
2 

A .  Calculation of tlic tiradient for tlie S ~ M ~ S ~ S  of the Ourpiit layei 

B. Calculation of the Gradients for the Synapscs in rlie Hidden Layer 

aE, a ~ ,  ao, anet: ao:, anet:, 
avji - ao, anct: aop ancrfc avji 
__ - ~ . -- 

As sccn. the lirst two tcmis are thc 6, catculntcd above. Also, we 

introduce 6$, = 6 = . 2 . - - - -  , which can be used in the training of 
h e t u  aoTC 
aoa arlctFC 

nctworks with dccpcr hidden layers. Tlicrcforc 
s,,, = 6,.2.(0;, - Wj).0h F ( 1  - Oh JC ) 

aE, 
av,, ~ = 6jic.(-2)+ic - VJi) 

C .  Updates 

should be in proportion to - 

same concept applies to wj :  A = W ~  = -q--L 
qji and qj are training coefficients. Normally they are set to a small 

number for a differential movemcnl. A proper algorithm to adjust and 
potentially change them can help to achieve faster convergence and to 
escape from undcsirablc situations. 

In batch training, each update takes place after one pass through all 
training cases: 

In an stochastic gradient approach [ I  I ,  an incremental update for VJi 

. I t  mcans that AcVji =-q,i.- The aE JEC 
avji avji 

aE 
aw, 

Caw, C a r s  

Ot C=l 
AVji = A c V.. ji ; AWj = C AcWj 

Vncw = Veld +AV.. ; W y  =Wpld +AW, JI J I  

In any implementation. including ours, we are dealing wilh bounded 
weights. Theorctically. Stinchcombc et al 1161 have shown that networks 
with bounded weights can perform universal function appmximation with 
an arbitrarily small error; however. they require a larger number of neu- 
rons. In our case. as shown in simulations, utilization of a larger number of 
hidden units improves the performance of bounded-weight networks. 

SIMULAI'IONS AND VERIFICATION OF THE APPROACH 
A .  Simrilator Developed 

Since our ultimate goal is to pmvidc improvements in hardware 
implementations, we need to investigatc many different typcs of synaptic 

relations, neural integration, and output activity functions. Also we need a 
constrained-optimization algorithm for adjusting the synaptic weights. The 
possibility of having different objective functions and constraints is desir- 
able as well. In general, then, we rcquire additional flexibility 10 examine 
and explore the effects of many different parameters involved in a possible 
hardware implementation. 

For all of thc above reasons. we could not use one of thc existing 
general-purpose neural-net simulators. Therefore we have developed our 
own software simulator to investigate different variations of generalized 
ANN including those with quadratic synapses. 

We have used our simulator to solve several classic problems using 
different variations of networks with quadratic synapses. Hem, we discuss 
our attempts with three-layer networks using CSI quadratic synapses: 

B. Logic Functions of Two Variahles 
In this part, we describe how a two-input one-output feed-fonvard 

network is trained to implement an arbitrarily selected logic function of 
two variables. In order to fairly evaluate the performance of quadratic 
synapses, we first describe the performance of a standard back-propagation 
threc-layer nctwork with linear synapses. It is well known that the XOR 
function is among the most difficult problems to be solved by perceptrons. 
a problem which is impossible to solve with pcrccptrons having only two 
layers 171. Therefore we use the XOR problcm to compare two types of 
networks: 

B I ,  Performance of Perceptrons with Linear Synapses 

4 o u t  1 out 

In I In2 In1 In2 
Fig.4. Valucs of the synaptic weights in a three-layer percep- 

tron with linear synapses. Left: A theoretical solution. Right: A 
practical solution obtained by using a back-propagation train- 
ing algorithm with output target values at 0.2 and 0.8 . 

Figure 4 illustrates the values of the synaptic weights after a three- 
layer perceptron with linear weights is trained to solve the XOR problem. 
Two networks are shown: the first one is a perceptmn with a hard-limiter 
output function. In this network the weights are no larger than 1.5 . The 
other network utilizes the - output function and has been trained 

with back propagation starting from a random initial point. The above out- 
put function will take output values of one or zero only when its argument 
is infinitely large. For target outputs at 0.2 and 0.8, the weights shown in 
Fig. 4 are obtained. As seen, weight values 10 times larger than the max- 
imum level of the i/o signals are obtained. Therefore, in a standard back- 
propagation scheme with bounded weights, there is a large possibility of 
getting stuck in non-optimum points for some of the random initial points. 

8.2.  Performance of Perceptronc with CSI Quadratic Synapses 
We have trained a network with i/o levels at 7,em and one, where the 

synaptic values in the quadratic relations vary between - I  and 1 . The net- 
work has two input units, one hidden layer with all units fully connected to 
inputs using quadratic synapses, and one output unit. The synaptic relation 
is: 

i + e-' 

(vi, - w)* - I i fvh 2 w 
if vin < W ~ , 1 =  0 i 

when: 0lvi.ll and -1IWS1. The rcstrictions applied to this network are 
two-fold: one is the bounds on W's. the other is the activity condition 
(vin>W). Weights arc randomly initialized and the network is trained by 
employing the training algorithm previously discussed. Tablc 1 reflects lhe 
results obtained with different numbers of hidden units. The stated high 
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Test No. of High 
Problem Hiddcn Units Output Lcvcl 
XOR 2 57% 

Low 
Output Lcvcl 

36% 

XNOR 75% 30% 
XOR 

XNOR 
XOR 
XNOR 

I I 

XNOR I 4 79% - I 23% 
XOR I 5 I 6Y% I 28% 

5 87% 21% 
6 70% 25 % 
6 89% 17% 

C .  A Simple Character-Recognition Application 
In anotlicr tcst problcm, Wc have traincd a nctwork with a 3x5 input 

retina to rccognix imagcs of input digits. The nctwork has bccn testcd 
with differcnt numbcrs of hiddcn units. and. for each digit, one oulput unit 
is introduccd. All nctworks with morc than onc hiddcn unit can solvc thc 
problem. In each case, the worst-casc low and high output levcls (i.e. the 
highcst low and the Iowcst high) arc rcflcctcd in Tablc 2. 

Tnhle 2. Worst-casc low and liigli output lcvcls in a simplc 
character-recognition problcm 

Network tlighcst Low Lowcsl Iligh 
2 Iliddcn Units 41% 
3 hiddcn Unils 29% 
6 lliddcn Units 94 % 

U .  Geometrical Interpretation 
Supposc we have a ncuron composcd of N quadratic synapscs, M of 

which arc activc lor a particular input vector. Also lor clarity, assume that 
the neuron has a hard-limitcr output unit. Thcn, the total input of the neu- 
ron is 

hl M 

i= l  
hl 

Thcrcfore. if C(Vi - W;)' > M , Output,,,, = 1 , othenvisc 
i=l 

output,,,,. = 0 . 

FigS. Solutions of the XOR problem using; Left: Discriminat- 
ing lines. Right: Discriminating circles. 

Howcver, C(Vi  - Wi)2 = M is thc cquation of a hypcrsplicre with 

radius . I t  mcans that if tlic point (VI, . . . ,VM) is insidc the hypcr- 
sphcrc, tlic output is high, olhenvisc thc output is low. Each neuron 

M 

i=l  

acccpts a sub-vector of its input vector with components greatcr than adju- 
stable thresholds. Then, it determines whether that sub-vector is inside a 
discriminating hypersphere or not. Figure S(right) shows how discriminat- 
ing circles can bc used to solve the XOR problem. Figure 5(lcft) shows a 
conventional solution for XOR using discriminating hypxplanes (lines in 
two-dimcnsional space). Although MOS-compatibility was our original 
motivation in utilizing quadratic synapses, these elemcntq with their 
discriminating spheres can be of greater help than linear discriminating 
functions in many nonlinear pattern-recognition problems. 

CONCLUSION 
In this paper, the gencral idca of parallel-intcrconncctcd simple pro- 

cessor~ has bccn uscd to dcsign MOS-compatible quadratic synapses. One 
variation of quadratic synapses has been utilized in networks of artificial 
neurons to pcrform simplc character-recognition and logical-function 
tasks. A gradient-descent training algorithm for networks employing qua- 
dratic synapscs has been developed. Also, a geometrical interpretation and 
comparison to conventional perceptrons are illustrated. In future work, we 
will show thc pcrfomancc of othcr MOS-compatible quadratic synapses 
and will dcmonstrate the hardwarc basis of our proposal. 
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