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1. Introduction.

There has been a significant surge of interest in the field of neural networks in recent years.
This is due to the recent advances in our understanding of artificial neural networks. The application
of neural nel;avorks lo many problems have been demonstrated. It has been shown that neural
networks excel at certain problems which conventional computers have difficulties with, At the wake
of this current resurgence, many applications of neural networks in practical problems have been
proposed. Possible applications now include pattern recognition, control systems and comltlunicétion
systems in traditional engineering as well as areas like stock market prediction and quality control
in business. Thus there is a great demand for neurocomputers. Presently, neural nets are
implemented mostly in software simufations; however, many practical use of neural networks are
possible only with hardware implemented neurocomputers. Digital VLSI hardware is one of the
more promising implementation mediun. Becauge of its maturity, design aids and manufacturing
facilities exist to make the design and fabrication of digital VLSI components easy. The use of this
technology also assures compatibility with the existing computational technology, an important
consideration in integrating neurocomputing as part of an array of computational technologies

available to solve various problems.
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Most implementations of neural networks 10 date are in software. However, hardware
realizations are imperative if we are to realize the true potential of neurocomputing. Because of the
growing areas of applications and the need of hardware implemented neural networks to be used in
practical applications, the market for hardware implemented neural networks is significant now. As
we understand more about neural networks and its applications, the market can only continue to grow

in the future.

We propose an approach to the design of neural network components in digital VLSI
hardware. The proposal would enable a significant reduction of complexity in implementing these
elements in hardware. ‘This simplification is a significant step towards making hardware
implementations more feasibie. The main parts of our proposal concerns the implementation of the
sigmoidal neuronal transfer function in digital hardware. Since the function is a smooth analog
function, it is difficult to generate the function in digital hardware. To date, most proposals concern
the use of a large look up table 10 generate the function, €.8. [HOPFS0). The better the needed
approximation the larger the look up table.

We propose a hardware implementation of a sigmoidal function that is much simpler to
realize for both deterministic and stochastic networks. This proposal will have the following major

advantages:

For deterministic neural networks:

-- Eliminate the need for a large look up table 10 generate an accurate approximation of the

sigmoidal function. For the piecewise linear version of the function, there is no need for a Jook up
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table. For the nonlinear version, significant accuracy could be achieved with a small look up table,

-- Result in a simpler and thus smaller and faster hardware realization of the neural network,

allowing larger networks to be fabricated in VLSI chips.

For stochastic neural networks:

- Also eliminate the need for any look up table.

- Generale noise with the needed Gaussian distribution (Sigmoidal cumulative distribution)

using conventional VLSI components.

- Eliminate the use of unconventional hardware circuitry or software to generate the needed

distribution.

-- Result in a simple and small realization readily implemented in hardware.

2, Published Background: The Binary Sigmoidal Function.

A different formulation of the sigmoidal function was proposed earlier with the specific intent

of simplifying the hardware generation of the function [PESU90a} & |PESU90b]. The formulation




of the "Binary" sigmoid is as follows:
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for the normal version of the sigmoid (output range: 0 {o 1. For the bipolar sigmoid (output range:

-1to1):

2.1 x < 0
{(x) =
‘ 1-2* x > 0

The use of exponentials of two utilizes the binary nature of digital hardware, making the

implementation simpler.

3. Specific Claim 1: Ilardware Implementation of the Deferministic Sigmoid.

Realizing the sigmoid depends on the generating the binary exponential. The exponent could

be divided between the integer and fractional part:
LI 2'ml*2tn|ct

multiplying by integer powers of 2 reduces into a simple shifting operation in hardware. Generating
the fractional power of 2 is more difficult. From the equations we notice that the exponent is always
negative, The actual value of the normal sigmoid (0 to 1) is approximated in digital hardware by

integer values, If we use 6 bits to represent the output, then an inleger value of 63 represents 1 and



the fractional resolution is 1/64. We propose lwo possible method of generating the fractional

powers

A. Nonlinear version.

For the normal version of the sigmoid, fractional powers divided by 2 are calculated and
stored in a look up table. The value stored in the table depends on the output resolution (OR), e.g.
2712 is approximately 22/63 for an OR of 64. The content of the table for the bipolar version of
the sigmoid is similar except for the lack of division by 2 (e.g. for an input of 1/2, 27 je.
approximately 45/63 is stored for an OR of 64). The size of the table depends on the input
resolution. This resolution determines the smallest change in the input that could result in a change
in the output {(# of useful fractional bits) e.g. resolution of 8 result in a table with 8 entries and 1/8
is the smallest change that couid result in an output change. The entries of the table would contain
powers of 2 according to the input resolution (2°, 2™ 228 27" (he value of the entries would
be the fractional powers multiplied by the OR. The fractional part of the input would then be used

to address the table, while the integer part would be-used as a shift count to shift the result from the

table right (division by 2).

The advantage of this version is that it is a faithful nonlinear approximation of the sigmoid.
The main disadvantage is nonuniform output resolution. Insufficient input resolution results in lower
than expecled OR especially in.thc steepest part of the sigmoid. The minimum input resolution
needed to ensure maximum output resolution in the steepest part of the sigmoid is half the output
resolution. Thus if OR is 64, a table of 32 entries is needed to ensure uniform resolution in the

output. If resolution in the steepest part is not crucial, smaller tables are possible. Figure I shows
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the generated function with an OR of 64 and an input resolution of 8.

B. Piecewise Linear version.

The function is linearly approximated between integer values. Integer powers (divided by
2) are calculated normally, e.g. 2%2 = 32 and 2''/2 = 16 for an OR of 64. For fractional input
values the output is approximated linearly between the two corresponding output for the two integer
powers. The output is calculated by adding the integer output pius the relevant {ractional bits, e.g.
if the input is -5/16 the output would be 32 - 5 = 27 for an OR of 64, since the output difference
between the adjacent integer power is 16 and the relevant fractional bits are the 4 most significant
ones (32 - 16 = 16 for powers of 0 and -1). The relevant fractional bits are reduced by one for each
increase in the ‘absolute value of the integer power (e.g. 2'/2-2%2 = 16 -8 = 8, i.e. 3 relevant
bits, and so on for -2, -3, etc.). If the fractional value is F, the absolute integer value is 1, the
fractional precision FP (# of fractional bits), the output precision OP, and the output resolution OR,
we have:

(OR>>1 + (!F>">(FP-OP+1)))> >1+1 x = 0

Sigmoidal output =
(OR>>1 + (F> > (FP-OP+1)))> >1 x>0

where "> > " indicates shift right, "!" indicates two’s complement inversion and the outer shift for
x > 0 (shift by I) is padded by 1, the other outside shift (by 14+1) is padded by 0, while the inside
shift is always padded by 0. For shift counts that are negative (if FP < OP) the shift is to the left.

The bipolar version of the sigmoid is:

>
IA
o

-(F> >(FP-OP+1))> >1
Sigmoidal output =
(F> >([FP-0P+1))> >1 x >0

6



3ROL2

where the inside shift is padded by O and the outside shift is padded by 1. For example, for the
normal sigmoid, if both FP and OP are 6 (thus OR is 2° = 64, the input resolution is also 64) and

the input is -1.5 or in binary: -1.100000. Thusl =1 and F = 32 (0.5 = 32/64), we have:

FP-OP +1=6-6+1=1,

IF = 1(100000,) = (L1111 + 1) = 100000, = 32,

IF >> (FP- OP + 1) = 010000, > > 1 :010601= 16,
OR >> 1 =64/2 = 32,

(OR >> 1 + (IF> > (FP-OP+1))) = 32 + 16 = 48

(OR>>1 + (IF>>(FP-OP+1))>>1+41 =48 >> 2 = 48/4 = 12

thus the output is 12/64 = 0.1875, while the ideal output is 27'*/2 = 0.177, the approximation is
quite close. Another example, for the binary sigmoid, if FP = OP = 6 and the input is 2.875 =

10.111000,, we have 1 = 2 and F = 56 (0.875 = 56/64) and:

FP-OP+1=6-6+1=1,
F > > (FP-OP+1) = 111000 > > 1 = 011100 = 28 (56/2)

(F >> (FP-OP+1)) >> 1 = 011100 >> 2 = 110111 = 55

thus the output is 55/64 = 0.859. The ideal output is 1 - 2°**" = 0.864, again the aﬁbroximation
is close. Notice that the last shift in this example is padded by [. In all the above shift operations,
the results kept are always equal to the output precision (in the examples only the 6 bits). The
minimal input resclution is one fourth of the output resolution to guarantee maximum resolution in
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the steepest part of the sigmoid, since the largest linear "piece” of the function is OR*(2° - 2")/2 =

OR/4.

The advantages of this version is the total elimination of the lock up table and the uniform
output resolution. There is no loss of output resolution in the steepest part of the sigmoid as in the
previous version. The disadvantage is the loss of accuracy caused by the use of a linear
approximation of a nonlinear function. Figure 2 shows the piecewise linear approximation of the
normal sigmoid with OR = 64. Notice the unifornity of the output resolution compared to the lack
of it in figure 1. This approach has been validated in our simulation studies using backpropagation

learning algorithm [PESU90c).

4. Specific Claim 2: Hardware Implementation of the Stochastic Sigmoid.

The same sigmoid could also be used to generate a sigmoidal cumulative distribution function
fpr stochastic neural networks. The random numbers needed could be generated using pseudorandom
number generator of the kind used frequently in VLSI testing. The generator outputs a uniformly
distributed random number; to obtain a sigmoidal cumulative distribution we need a gaussian
distribution [VAND89]. However, using the binary sigmoid we can generate the output with a
sigmoidal cumulative distribution directly from the uniformly distributed random numbers. The
generator is usually a linear feedback shift register (LFSR). Each bit of an LFSR has a probability
of 0.5 of outputting a 1. The probability characteristic of logic gates can then be used to generate

different probability values [BARD87]; e.g. two signals with probabilities pl and p2 would result
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in a signal with probability pI1*p2 if put through an AND gate or pl + pt - pl*p2 if put through
an OR gate. Similarly if a signal with probability p1 is put through an inverter the output is 1 - p1.
This property of the inverter allows us to generate half of the sigmoid, say [0,0.5], generate the

other half through an inverter.

The hardware implementation could again be divided to integer and fractional powers of 2.
Figure 3 shows the magnitude of the input with integer and fractional powers. Generating the
function consist of simply generating probability values for each power of 2 (integer and fractional)
then ANDing them together with an extra bit {to implement prob. value of 2%/2). The integer
powers are simply generated by ANDing LFSR bits, e.g. 2% by ANDing 2 bits and 2* by ANDing
4 bits. Fractional powers are more difficult to generate. We could use varying number of bits to
generate the valixe, the more bits used the better the approximation, e.g. generating 22 with 4 bits
results in a probability approximation of 11/16. Generating this value could proceed by extracting
4 bits from the LFSR and arranging them in order of significance, the condition of the probability
value is then that the 4 bit number represented is less than 11 {there are 11 such numbers from 0 to
10); in boolean this means that the number must be less or equal to 1010. If we assign to variable

"a" the MSB, "b" the second bit, "c" the third bit, "d" the LSB, the condition is equivalent to

- a could be zero or one
if a is one:

- b must be zero

- ¢ could be zero or one

- d must be zero if ¢ is one and could be zero or one is b is zero




if a is zero:

- b, c, and d could be zero or one.

These condition could be stated succinctly in the following boolean equation;

a('b(c!d + Ic) + !a = albcld + alblc + !a

where a "!" before a variable indicates complement. The above equation could be realized by a 4
and a 3 input AND gate and a 3 input OR gate. The probability value of each of the product term
is simply 0.5 to the power of the number of bits in each term, thus:

prob(albcld) = 1/2* = /16

prob(alblc) = 1/2* = 1/8

prob(la) = 1/2

Since all the product terms are mutually exclusive of each other, the sum of product is simply the
sum of the individual product probability. Thus the final probability value is 11/16 as desired.
Using more bits to generate the probability simply resulls in better accuracy, e.g. 22 = 181/256

for an 8 bit approximation.

This method could be used to generate different fractional probabilities needed to generate the

sigmoidal probability function.

~An important condition is that the bits used to generate the function be uncorrelated. Thus
bits tapped from the LFSR should be properly spaced. We observe that for large negative inieger

powers of 2 the probability is close to zero, while for small negative fractional powers the probability
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is close to 1/2. Thus a "window" of computation denoting the cut-off point for the calculation of
both integer powers and fractional powers should be implemented. Figure 3 shows such a situation.
The numbered bits (from -4 to -1/8) represents a 6 bit window with 3 integer and fractional bits.
Figure 4 shows the probability function with the ideal sigmoid for a 6 bit window and a 4 bit
approximation of fractional powers with a sample size of 100 for each plotted point. The use of 3

fractional bits results in'a distance of [/8 between plotted points. Figure 5 shows the same function

with 1000 samples per plotted point.

This method of generating noise with the proper distribution has the advantage of using only
simple, commonly used VLSI components. There is no need to resort to the use of the central limit
theorem to gene_'rate a gaussian from a uniform distribution, or the use of unconventional noise
sources 1o generate gaussian noise. In short our proposal would allow the generation of this function
with conventional VLSI components in an efficient way, thus making the design of the neural

network itself much more viabie.
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