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Abstract

Stochastic arithmetic principles have been known for many years (Gaines, 1969). The
original motivation for considering computation using stochastic arithmetic was the
simplicity of the computational elements involved. Pioneers in the areas of machine
computation were faced with hardware implementations that were large, power hungry,
and relatively unreliable. Stochastic arithmetic held out the possibility of carrying out
complex computations with very simple hardware. Modern technology is now capable of
fabricating systems with millions of computational elements at amazingly low costs.
While this would appear to make stochastic processing irrelevant, there is a class of
systems which require vast quantities of processing elements.

Artificial Neural Networks (ANNSs) are massively parallel systems which can benefit

from technology which allows implementation of an unusually large number of simple
computational elements on a single integrated circuit. Unlike traditional computation
devices such as microprocessors, neural networks are also characterized by a tolerance for
much less accurate computation. Stochastic arithmetic may be performed by
computational elements which are both very small and compatible with modern VLSI
design and manufacturing technology.

Stochastic arithmetic provides a number of benefits over other computing techniques:
very low computation hardware area

fault tolerance

simple communications over one wire per signal

simple hardware implementations allowing very high clock rates

capability to trade off computation time and accuracy without hardware changes
There are some disadvantages, such as the variance inherent in estimating the value of a
stochastic signal and the increased number of clock cycles required to accomplish a given
computation. The potential of massive parallelism driven by the small circuit areas
involved may alleviate some of these disadvantages.

This thesis presents a number of stochastic computational elements, several of which are
introduced for the first time in this thesis, and an analysis of their operation. The
applicability of stochastic arithmetic to neural networks is demonstrated through the
successful implementation of a sample problem, optical character recognition, using
stochastic computation. While the accuracy, power and speed characteristics of
stochastic computation may not compare favorably with more conventional binary radix
based computation, the low circuit area requirements make them attractive for VLSI
implementation of ANNSs.

Results are presented for an example ANN application. Optical character recognition is

performed on the characters in the E-13B MICR (Magnetic Ink Character Recogonition)
font. The ANN is composed of two layers, the first layer being a set of Soft Competitive
Leamning (SCL) sub-networks and the second being a set of fully connected linear output



neurons. Each of the seven columns of each character is connected into a separate sub-
network of SCL neurons, with each sub-network sharing a common set of weights in
order to reduce overall network complexity. The fully connected linear output layer is
trained using the delta rule and is pruned to less than 25% of its initial connections, also
to reduce network complexity. After the output layer pruning, the network is
implemented with 54 weights in the SCL layer and 130 weights in the output layer, for a
network total of 184 weights.

The leaming performance of the SCL layer is evaluated through the technique of
transforming the SCL layer image interpretation back into the image space by multiplying
SCL neuron activations by their receptive fields (weights). While a baseline double
precision floating point implementation of the SCL layer trained to a squared error of
4.77, a stochastic implementation with 8 bit weights and 11 bit probability estimators
trained to a squared error of 5.26 in approximately 35 million clock cycles.

The linear output layer was trained to a total network squared error of 0.545 in the case of
the floating point impiementation and 0.715 in the case of the stochastic implementation.
The stochastic implementation required approximately 188 million clock cycles to prune
and train the linear output layer. This number of clock cycles represents an order of
magnitude improvement over the floating point implementation on the PC used for the
simulations assuming clock frequency parity.

Network generalization capabilities were compared based on the network squared error as
a function of the amount of noise added to the input patterns. The stochastic network
maintains a squared error within 10% of that of the floating point implementation for a
wide range of noise levels.
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1. Introduction

It is the intention of this thesis to present techniques for processing of information in a
format which is well suited to implementation of neural networks using binary digital
hardware. Stochastic pulse streams are a suitable aiternative for neural network
implementations for a number of reasons:
e Variable precision is available without hardware changes (only signal observation
time needs to be modified).
e Only a single wire is needed per logical signal.
The signal format is robust in the presence of noise/single bit faults.
e The hardware complexity of the computational elements is low, allowing the
implementation of very large networks in VLSIL.
e Re-timing (pipelining) may be applied easily in order to maximize system clock
rate.

Artificial Neural Networks (ANN5) are parallel processing systems that are loosely
modeled after the brain. ANNSs have capability to learn useful functions as opposed to
conventional computing systems which must be explicitly programmed to perform an
algorithm which has been developed to perform a particular function. The processing
elements in an ANN, called neurons, are interconnected with synapses which have
associated weights. When an ANN leamns, its weights, which store its “knowledge”, are
modified. The learning can be either supervised (stimulus patterns are provided along
with desired output values), or unsupervised (stimulus patterns provided without any
information on the desire output values).

Conventional computing systems use binary radix arithmetic. Circuits work with groups
of binary digits (bits) which, together as a group, represent a single number. In the
integer format, a set of N bits can represent either I [0, 2%-1] (unsigned integers) or
1[-2™, 2V'.1] (signed integers). Each of the bits in the group is assigned a significance
that is two raised to the power of its position in the group, beginning at 2° for the least
significant bit (LSB). While the binary radix representation is very compact, circuits
designed to compute using numbers in this format tend to be large. The variation in the
significance associated with each of the bits means that a single bit error, in either
communications or computation, could cause anything from a very small corruption to a
very large corruption of the number represented.

Stochastic arithmetic uses a representation which involves a sequence of bits. All of the
bits have the same significance (unary coding). The value of the represented number is
contained in the average (primary statistic) of the bits in the sequence. Higher precision
computation is accomplished by observing the sequence of bits for a longer time in order
to allow a lower variance estimate of the average to be made. Due to the uniform
significance of the bits in the sequence, the significance of a single bit error is small and
decreases with higher precision computations. Stochastic arithmetic has been applied to



the implementation of ANNs by others (Dickson et. al., Tomberg et. al., Tomlinson et. al.,
Van den Bout et. al.)

1.1 Information Coding

The problem of coding information has been handled in digital hardware in many ways,
driven by varying requirements. Factors used in the selection of a coding technique
include:
e Properties of the information to be encoded, eg.:
e Number class (Integer/Real/Complex)
e Dynamic range requirements
» Resolution requirements
e Signal bandwidth requirements (how much information, how fast)
Error tolerance, eg.:
e error detection/correction capability
e efror sensitivity

Traditional digital computers, having high bandwidth and efficiency requirements, use
almost exclusively bit parallel binary representations of information, with the number of
bits depending on the specific number class and application involved. The dynamic
range and resolution are rather rigidly fixed. In order to add error tolerance to the highly
error sensitive binary coding, redundancy is systematically added to the information.

Stochastic pulse stream information coding addresses the specific requirements of digital
neural network implementations, specifically simplification of interconnectivity and
computation hardware, while providing the added benefit of variable precision
representation capability.

A binary stochastic pulse stream is a sequence of binary digits, or bits, in which the
information is contained in the primary statistic of the bit stream <X>, or the probability
of any given bit in the stream being a logic 1. Observation of the information carried on a
given signal line is therefore a probabilistic process itself. Observation of a continuous
stream of ten 1 bits on a signal X may appear to convey the information that the expected
value of X (X) is one, but all that can really be said about the observation is, for instance,
that 0.9 <X<=1.0 with a certain probability. The precision within which a signal value
may be estimated, and the certainty of estimate are quantities which vary both with the
signal observation time (number of bits observed) and with the higher order statistics of

the signal X.



An example signal might look like this:

aee UL ULULULUUUUL T

signal X

binary o1 o011t 100 01101 01
Figure 1.1.1 Example Stochastic Signal

Observation of just the first two bits of this stream implies that F x=, is 0.5, however
observations of other possible sets of two bits yield all three other possibilities. Take
note that this example signal is stationary, ie. it represents a constant value. Obviously
the observation of the first two bits of the signal provides some information, but certainly

not that B x.;, is 0.5.

In this thesis stochastic pulse streams are used to carry signals coded in two formats,
bipolar and unipolar. These formats are exactly the sarme as those described by Gaines
(1969) as representation I (unipolar) and representation III (single line bipolar). In the
unipolar format the information carried in a stochastic stream of bits X is:

X = Fy. (1]

In the bipolar format:

X=2-Fyy—1 (2]

2. Processing Element Design and Analysis

This section deals with a number of signal processing elements useful for application to
neural network circuits. The analysis of all of the processing elements are predicated on
the assumption that the input signal/signals are Bernoulli sequences. This means that the
probability of a given bit being a 1 is independent of the values of any previous bits.
While all of the processing elements are analyzed with the assumption that their inputs
are Bernoulli sequences, note that the elements’ processing functions are evaluated only
with respect to their outputs primary statistic. The outputs are not, in general, Bernoulli
sequences. It is also assumed, in the case of a processing element with multiple inputs,
that the inputs are uncorrelated with each other.



2.1 Multiplication

Multiplication of two Bernoulli sequences is actually the one of the simplest operations.
In the bipolar stochastic pulse stream coding format an XNOR gate performs a full 4
quadrant multiplication. In the unipolar stochastic pulse stream coding format an AND
gate performs a one quadrant mulitiplication.

e s
B — B

Figure 2.1.1 Bipolar and Unipolar Multipliers

For the bipolar configuration:

Fy.y = Bacias=n + Facoss—0y = Bacty Ba=ty + Bazoy~ Fla-o)

= Bacy By + Bacty " Bgey 3]
where P=1-P
Fa-n =_[_A7+_1_1 B = '[Bz;l]
[(A+1)-(B+1)+(1~-A)-(1-B)] (A-B+1)
Foran = 4 T2
Y=2-F,,-1=A-B (4]

In this case the output bit stream Y will be a Bernoulli sequence. In the event that only
one of the inputs is not a Bernoulli sequence, [4] still holds. The output will not, however,
be a Bernoulli sequence.

For the unipolar configuration:

Y="PFy.) = Psissey = Baziy By =A-B (3]

2.2 Squaring

Squaring a signal is very closely related to the process of multiplying two signals
together. The catch is in the requirement that the two input sequences for a multiplier are



uncorrelated. Clearly attempting to square a signal A by connecting it to both inputs of
an XNOR gate will result in an output signal equal to 1 always, while connecting it to
both inputs of an AND gate will result in an output signal equal to A. This is because the
two inputs to the multiplier are correlated with each other. In the case of an input stream
which is a Bemoulli sequence making a “copy” of the input sequence which is
uncorrelated with it is very simple - delay it by one clock cycle:

A — A p—
t@D‘}'Y 5 Q~}Y
CLK —T

CLK —

Figure 2.2.1 Squaring Circuits

Y=A A= A?

Note that in cases where the input sequence is not a Bernoulli sequence, but has an
autocorrelation function with a limited width spike, creation of an uncorrelated “copy”
may be accomplished by delaying the sequence with a shift register containing one stage
for every two bits of width in the autocorrelation spike.

2.3 Addition and Subtraction

Addition and subtraction are very different operations to multiplication and squaring in
that they are not closed operations on the interval [-1, 1] for bipolar signals or [0, 1] for
unipolar signals. As such, it is not possible to perform them exactly, independent of a
scaling operation. Addition with scaling is very simple to perform. A multiplexer which

randomly selects a given input /; with some probability S; such that ZS,- =1 will

generate an output with a probability which is a scaled sum of the input probabilities:

Figure 2.3.1 Adder



yields Py = ZS:' B [6]
i

and for bipolar signals,
1
"'Y=2'Rr=l)—l=2'|:zsi'(li+1)5}_1:’2Si'1i (7]
Vi Vi

If a bipolar input is required to be subtracted, as opposed to added, then it can be
multiplied by — | before it enters the multiplexer (simple logic inversion). Generation of
an appropriate random selection is relatively trivial if the number of inputs to the adder is
a power of two. If the number of inputs is not a power of two there are a few design
possibilities. One is to increase (pad) the number of inputs by adding in extra input
connections to a single O signal (noise bit for bipolar 0, logic O for unipolar). This option
will reduce the output value (decreased scaling constant), leading to sup-optimal
performance. The option employed is to generate a random binary variable with the
appropriate statistics (P(RS = i) = 1/1) by using a counter with a modulus equal to the
number of inputs, driven to either increment or maintain its state each cycle based on a
single random noise bit.

2.4 State Machine based Computational Elements

A major goal of this thesis was to develop stochastic computational elements based on
relatively simple state machines. Gaines (1969) described the use of an ADDIE
(ADaptive Digital Element) for both estimation of the statistics of a stochastic signal and
for generation of arbitrary functions. There are similarities between the construction of
the function generators presented in this thesis and the ADDIE techrique reported by
Gaines. Both may be viewed as being based on a saturating counter, that is a counter
which will not increment beyond its maximuim state value or decrement below its
minimum state value. In the ADDIE, however, the state of the counter is controlled in a
closed loop fashion. The transition probabilities between the states of the counter are not
important. Due to the conversion of the state of the ADDIE into a Bernoulli sequence
and its comparison to the input sequence, equilibrium is forced at a counter hyperstate
dependent only on the input signals primary statistic. The use of a closed loop system
certainly has advantages, but it does require that the output of the counter is converted
into a stochastic pulse stream in order to implement the closed loop feedback, a hardware
intensive undertaking. The state machines presented in this section do not use closed
loop feedback. While specific output functions may be generated through either
deterministic or stochastic functions of the counter state (as in Gaines, 1969), no closed
loop is present. Certain functions are also generated by changing the counter from a
deterministic state machine (albeit with a stochastic contro! input) to a stochastic state
machine. By making the transition probabilities in the state machine functions of both
the control inputs and also a set of stochastic variables, many degrees of freedom are
added to the functions generated. The generalized form for the state machine to be
analyzed in this thesis is illustrated in figure 2.4.1.



Figure 2.4.1 Generic Linear State Machine State Transition Diagram

The basic form of the state machine is a set of states arranged in a linear form (saturating
counter). Transitioning from the first state to the last state must occur through a set of
transitions through all of the intermediate states. The state transitions are driven by an
input stochastic bit stream X (assumed to be a Bernoulli sequence) and 2N-2 statistically
independent control variables A,, B, (also assumed to be Bernoulli sequences).

Given that A,, 8, € R(0.l], we know that the system is ergodic and will have one single
stable hyperstate. Solving for this stable hyperstate is relatively simple given a few
conclusions which may be drawn from the existence of one single stable hyperstate.
These conclusions are that the individual state probabilities in the hyperstate must sum to
unity, and that the probability of transitioning from state i-1 to state i must equal the
probability of transitioning from state i to state i-1.

Using the notation
P =P<state=S§, >

and assuming for convenience

SE=l  ny|—2—pl=1  np=|Y—E2
=0 i=0 X' HB] i=0 X' HB]
j=0 j=0



N - N
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=0
o R) = IN z Ii - PO = N—l[ Ni J
J

x I8, | x 18, | xI]a-3 115,

=0 =0 i=0 =0 j=isl

i N
x-TTa,-x"7-TI5,
j=0

- P = J=ivl
i | I v
5 x 1147 18]

Using the probabilities of the individual states, F,, it is possible to synthesize output
functions by forming logic functions of the states, and possibly additional stochastic
vanables. Due to the mutually exclusive nature of the states, exact sums of their
probabilities may be formed through simple use of the logic OR function.

It is important to note the one of the strengths of the proposed state machine based
computational elements can also be a significant weakness. Depending on how the
output function is formed, there can be significant correlations between the output of the
state machine in a given clock cycle and the output in the next clock cycle (ie. Output
sequence is not a Bernoulli sequence). While the these correlations do not affect the
primary statistic of the output, they do affect the variance of estimates made of the
primary statistic. There is also the issue of compatibility between the output of the state
machine and other computational elements in the event that further processing is required.

24.1 Stanh Function

An approximation to the tanh function, Stanh, with both input and output signals coded as
bipolar stochastic signals may be implemented using a state machine of the form
introduced in section 2.4. The associated A, and B, are all unity and the output Y is a
digital | whenever the state machine is in the right half of its possible states (N is even).



Figure 2.4.2 Stanh State Transition Diagram and Symbol

The total number of states is N

A, =1 forne[0, N}
B,=1forne[0, N]

Output Y = 1 for all S; where I € [N/2, N-1]

In this configuration the approximate transfer function is:

Stanh(N, x) = tanh(xIN/2)
1 T
05 -
uzh(Zx)
. o

Stanh(4, z)
+

-es [~ *

0s

Figure 2.4.3 Plot of Stanh(4, x) and tanh(2x)



For small values of N the approximation to a tanh function is rather poor, but for large
values of N the approximation is much better. Figures 2.4.3 and 2.4.4 illustrate a few
examples of the transfer function of the Stanh function and their fidelity with the
corresponding tanh function.

s
+
[
! L o4 H
0S ; -
? ¢
|
tank(8x) !
> 0 + -
Stanh(16, x) ;
: +
i
-0.5 — =
; ES :
}’ .
i +
i &¥
S btorvepioroedopeee L | 000000
-1 -0 0 05 1

Figure 2.4.4 Plot of Stanh(16, x) and tanh(8x)

24.2 Linear Gain Function

An approximation to a linear gain function (with saturation) with both input and output
signals coded as bipolar stochastic signals may be implemented using a state machine of
the form introduced in section 2.4. While multiplication by a factor whose absolute value
is less than unity is quite easy, multiplication by a factor whose absolute value is greater
than unity is non-trivial. The specific conditions for this state machine are:

The total number of states is N

A,=1 forne [0,N/2 +1], A,=K forne [N/2 + 1, N-1]
B,=1 forne [N/2,N], B.=K forne [0,N/2- 1]
Where K is a stochastic control variable, Pk € (0, 1]
Output Y = | for all S; where i € [N/2, N-1]

10



Figure 24.5 Linear Gain State Transition Diagram and Symbol

In this configuration the approximate transfer function is:

Where G(N, K) is the gain, a non-linear function of the primary statistic of the stochastic
control variable K. The logarithm of G(N, K) is near to a linear function of K. It is also
relatively independent of N, the number of states in the state machine, except when K is

Lin(N, K, x) = x-G(N, K) for x € [-G(N, K)*, + G(N, K)']

Lin(N, K, x) =-1 forx € [-1, -G(N, K)]
Lin(N, K, x) = 1 for x € [+G(N, K)™, +1]

large. Figure 2.4.6 illustrates a few examples of the variation of G(N, k).

100
G{8.k}
-
G(R.k) 10
-
G(IZB .k)
a

T

—

04

Figure 2.4.6 Linear Function Gain v.s. Control Probability k



Some examples of the linear gain function are plotted in figure 2.4.7. Note that as K
increases (higher gain), the number of states N must be increased in order to maintain a
reasonably linear transition from Y = -1 to Y = +1. In the limit, when K is one, the linear
gain function becomes the same as the tanh function with the gain factor being dependent
on the number of states (N).
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Figure 2.4.7 Examples of the Linear Gain Function

2.4.3 Exponentiation Function

An approximation to an exponentiation function, with the input coded as a bipolar signal
and output signal coded as a unipolar signal, may be implemented using a state machine
of the form introduced in section 2.4. The range of the function is [0, 1], and thus the
approximation is valid only for inputs greater than zero. The specific conditions for this
state machine are:

The total number of states is N
A,=1 foralln,B,=1 foralin
Output Y = 0 for all S; i € [N-G, N-1]
where G is a gain parameter (integer)
For all other S;, Y=1
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Figure 2.4.8 Exponentiation State Transition Diagram and Symbol

In this configuration the approximate transfer function is:

Sexp(N, G, x) =exp(-2-G-x) forx =20
Sexp(N,G,x)=1 forx<0

Figure 2.4.9 illustrates a few examples of the Sexp function. Note that, not surprisingly,
the approximation is poorest around x = 0. As the second and third curve illustrate, it is
important that the number of states N be significantly greater than the gain parameter G.
In fact, Sexp(N, N/4, 0) = 0.75 (ideal would be 1). As N is made larger the
approximation improves. Dropping N to 2-G would degrade the function to being a
specific case of the Stanh function, although one must account for the difference in
output signal interpretation (unipolar vs. bipolar).
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Figure 2.4.9 Examples of the Exponentiation Function
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2.5 Division

Division may be accomplished in only an approximate form in the stochastic number
representation schemes presented. The only technique available is gradient descent using
a saturating counter as an integrator. The reason for the technique only being
approximate is that, when the estimated quotient is at the limits for the counter state, the
probability of a counter increment cannot be balanced with the probability of a counter
decrement. A full analysis of division may be found in Gaines (1969).

25.1 Unipeolar Division

Y

Inc

Y
[Q. U/D counter | DPC_>2=- X, —Y %

Figure 2.5.1 Unipolar Divider and its Symbol

Unipolar division is performed by performing gradient descent on a error function E:

Defining X = Fx.;, Y= Ry, and 4 = Fg,,

E=x-q-y [91

3;;2 =2-F-x-q [10]
setting

g=-0-E=-a(x-q-y) [11]
forces

aa€2=—2-a-E2-x<0 [12]

where a is a positive parameter related to the rate at which the counter state (estimated
quotient) changes. Given that E” is a always positive, and that it is bounded below by 0,
[12] indicates that E [9] must be driven to zero.
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Implementation of equation [11] may be accomplished by incrementing the counter when
Y is a one, and decrementing the counter when both X and Q are ones.

25.2 Bipolar Division

Y )
’ " Inc Y
e 4 !
IQ_U/Dcounter!DPC >QL—~X—> — ro_,
7y X X
| Dec
Q!
CLK—
Figure 2.5.2 Bipolar Divider and its Symbol
Bipolar division is performed by performing gradient descent on a error function E:
E=x-q-y [13]
dE’
=2-E-x-q
o x-q [14]
setting
g=-a-x-E=-a(x’-qg-x-y) [15]
forces
d E?
=-2-a-E*-x*<0
ot * (16]

Implementation of [15] may be observed in the circuit diagram (Figure 2.5.2).

253 Increased Speed through Stepped Velocity

Computation of a quotient can be time consuming, particularly if the numerator and
denominator involved are very small. In this case many clock cycles can occur in which
the quotient estimate is neither incremented or decremented because there is effectively
no information available to indicate a discrepancy between the required quotient and the
estimated quotient. In these cases the “velocity” of convergence may be sequenced
through a decreasing sequence of values, starting with a counter step size of N/2 (MSB of
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the counter) and then decreasing this by a factor of two at each step. The number of
clock cycles at each step is successively increased by a factor of two at each step,
allowing the counter to traverse the same “amount of ground” at each step of the process.
Figure 2.5.3 illustrates the difference in the results when a signal with a probability of 0.2
is divided by the sum of a set of six signals whose probability adds up to 0.8.
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Figure 2.5.3 Comparison of Unipolar Divider with and without Stepped Velocity

2.5.4 Increased Speed through Scaled Processing Time

As previously mentioned, computation of a quotient where the numerator and
denominator are very small values can be very slow. This creates a problem where the
dynamic range of the numerator and denominator is large. Rather than always allowing
the quotient to be computed for a fixed time which is sufficient to achieve acceptable
precision with the smallest numerator/denominator which will be encountered, it is much
more efficient to scale the processing time as required. This allows the system to spend,
on average, much less time calculating quotients. This optimization may or may not be
practical in the context of the system in which the computation is taking place. If a
number of dividers are operating in parallel with different operands, the potential time
savings may be very low. If, however, there is only a single divider in the system, or if
all of the dividers in a given layer operate simultaneously with similar operands, the
technique can greatly speed computation.
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2.6 Digital to Probability Converter (DPC)

Figure 2.6.1 illustrates a simple circuit for implementing a binary digital to probability
conversion. The technique essentially uses a chain of weighted adders implemented with
multiplexers. Each multiplexer select line must be driven by a single noise bit N with a
probability of ¥2. Each adder in the chain generates an output probability that is one half
of the sum of the probability from the next earlier stage in the chain and a bit from the
digital word to be converted. The result is similar to that of an R-2R ladder digital to
analog converter. The transfer function, with a zero terminated chain, is:

Py=n=% -Bni+% -Bra+ ... %-(Bo+0)
= B/(2Y

where N is the number of bits in B (and stages in the chain).
o™ =
Pn ;f g
B, N, BI N, 1 Ny

By

g
i

B DPC

Figure 2.6.1 Digital to Probability Converter Circuit and its Symbol

This circuit benefits from simplicity of structure and, due to the nature of the signals
involved, may be pipelined fairly easily in order to maintain very high processing speeds.
In the event that the digital value B is a constant, the circuit may be pipelined by adding a
flip flop at the output of each multiplexer (or every second one, etc.). In the event that B
changes, proper statistics will require extra clock cycles to propagate to the output, based
on the number of flip flops in the circuit. Given the number of clock cycles that
computations are based on, this delay may not be a significant factor. If the temporary
shift in the output statistics cannot be tolerated, an accurate pipelining technique may be
used where the bits of B are pipelined as well. Doing this requires flip flops to be added
in series with each bit of B in order to maintain the same number of flip flops in the path
from the bit to the output as for all other bits. Note that the noise bits need not be
pipelined.

This technique is similar to the variable probability generator presented by Gaines (1969).
The only real difference in this presentation is the perspective, and its impact on the
pipelining technique.
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2.7 Probability to Digital Converter (PDC)

We really cannot directly convert an probability to a binary digital number, but we can
generate an estimate for the probability. In Gaines (1969) the ADDIE was presented as
an optimal estimator for the primary statistic of a signal when the input distribution is
unconstrained. Figure 2.7.1 illustrates an ADDIE configured as a probability estimator.
Use of this circuit in the context of unipolar or bipolar signals involves both differences
in the format of the binary coded state of the ADDIE and in the connections to the
saturating counter (integrator) inside the ADDIE which generates the estimate. When
estimating unipolar coded signal values, the state of the integrator is interpreted as an
unsigned number. When estimating bipolar coded signal values, the state of the
integrator is interpreted as an offset binary number. Note that the CE signal is a count
enable and the U/D signal is an up/down control signal for the saturating counter.

P_, U/D counter | DPC — X'
U/ET CE
X y
X—— PDC | B DPC X'

Figure 2.7.1 Probability Estimator (PDC) and its Symbol

The X’ output from the circuit is the stochastic output from the current integrator state. It
provides a “re-randomized” output bit stream with the same primary statistic (*‘signal
value™) as the input bit stream X. Its use is desirable when the X input is not a Bernoulli
sequence and further processing with the signal is desired.

2.8 Generation of Digital Noise

A central element of a digital stochastic processing system is a source of digital noise.
Many of the processing elements presented require digital noise bits where the probability
of each bit being a one is fixed at ¥2. Gaines (1969) describes a number of potential
sources of digital noise. While noise sources based on quantum mechanical effects may
provide noise which meets all of the statistical requirements, generation of noise using
these techniques is not very amenable to standard VLSI processes. A source of
pseudorandom digital noise, the linear feedback shift register (LFSR), described by
Gaines (1969) and by many others, is built upon standard digital components.
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The LFSR generates noise which has an autocorrelation function which is a set of
repeating delta functions with each delta function separated by the number of bits in the
LFSRs sequence length. While this is near ideal, there are a few properties of the LFSR
which are sub optimal for use in a stochastic processing system. The bits in the state of
the LFSR are all correlated with each other with small shifts (one for nearest neighbor
bits in the shift register). While the use of XOR combinations of various bits in the LFSR
state may be used to generate bit sequences with any desired shift, use of this technique
would require either the centralization of a noise generator or the distribution of multiple
LFSR state bits to each stochastic processing element that requires the noise. The routing
overhead of such techniques could be significant. Distributing the flip flops of the LFSR
amongst the stochastic processing elements would only partially solve the problem. The
LFSR requires feedback from the last element in the shift register back to the first
element in order to generate a maximal length sequence. Routing this feedback path,
along with multiple register neighbor bits to the physical location where a noise bit is
required would still take a toll on routing resources.

A more appropriate pseudorandom digital noise generator, based on a cellular automata
(CA), is given in Hortensius et. al (1989). One of the desirable properties of this noise
generator is that the bit sequences from adjacent bits in the state of the CA are not, in
general, shifted from each other by only a single clock. This property likely eliminates
the requirement to use sets of the register bits to form a single noise bit. The CA
described in Hortesius et. al (1989) is also characterized by the presence of only localized
(nearest neighbor) feedback. These characteristics, taken together, make it likely that the
individual flip flops that make up the CA register could be placed in a circuit wherever a
noise bit is needed. The various flip flops could then be all tied together after placement
in a nearest neighbor fashion in order to minimize the burden of routing the nearest
neighbor feedback connections. This process is exactly what is commonly done in
current full scan test design practices (Fetherston et. al, 1998). After the CA register bits
are tied together and their total number is known an appropriate CA rule would then have
to be configured into the logic surrounding each CA flip flop in order to generate a
maximal length pseudorandom sequence.

In this thesis a single 32 bit CA is used to generate all of the digital noise bits used by the
stochastic processing elements.

2.9 Effects of Processing Elements on Higher Order Statistics

The state machine based processing elements presented earlier have outputs which, as
mentioned at the beginning of section 2.4, are not in general Bemoulli sequences. While
the outputs may not be Bernoulli sequences, they may still be processed by some
functions. The multiplier and adder, in particular, do not require all of their inputs to be
Bemoulli sequences in order for them to function properly. Ultimately, however, the
correlations present in the state machine output sequences will lead to increased variance
in any estimates made of the outputs’ primary statistic. Note that while estimates of the
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primary statistic will have higher variance, the variance of the outputs’ higher order
statistics will actually be reduced. One approach to reduce the correlations would be to
resort to the technique given by Gaines (1969) where the output of the state machine is
turned into a Bernoulli sequence. As mentioned earlier, this is a hardware intensive
approach. The other approach is use characteristics of the processing typically performed
after a state machine based computational element to reduce the effects of the
correlations. A typical ANN is formed of layers of neurons. Each neuron performs a
function on its total input. Typical functions for a neuron activation function would be a
tanh or linear gain function, functions which have been implemented with state machine
based computational elements. Between the layers of neurons are synapses which form
the total input for the next layer of neurons. Each neuron generates a weighted sum of
the outputs from its input neurons by using multipliers and a single adder. If this
processing of the activations of the outputs of layer of neurons sufficiently reduces the
effects of the neuron output correlations, then it may be justifiable to totally eliminate the
conversion of the neuron output to a Bernoulli sequence.

29.1 Aautocorrelation function of a Bernoulli Sequence
A Bemnoulli sequence has, by definition, a sequence of bits whose probability of being a
one is independent of any other bit in the sequence. This makes the definition of a

Bermoulli sequence’s autocorrelation function very simple.

Given that the probability of any given bit in the sequence isaoneis P,and P=1—p:
T(k)=(1if k=0,1-2-p-Fif k#0) [17]
An experimental example, generated using a DPC to generate the bit sequence and

plotting [(k) over a sequence of 16K bits is in Figure 2.9.1. The generating probability
for the sequence is ¥2, and therefore the expected value of the autocorrelation function is

Y4 for k+0.

20



09—

08

e o4

0.6 —

05— PWW\WWWW -

1 ! | f I L 1
-80 -60 -40 iy 0 20 40 60 80

04

Figure 2.9.1 Autocorrelation Function of a Bernoulli Sequence

2.9.2 Effects of Addition on State Machine Qutput Sequences

Figure 2.9.2 illustrates both the autocorrelation function of an Sexp function (N=64,
G=16, x = 0.0156) and of the output of a scaled stochastic summer which has eight inputs
being fed by eight similar Sexp functions. Note that the spike in the autocorrelation of
the summer output is one clock wide. The x input of all of the Sexp functions have been
chosen to drive the probability of its output to be ¥ (maximal variance). As the plot
indicates the autocorrelation function of the Sexp output has a very broad spike centered
at k=0. Lower gain leads to a much narrower spike. The plot also indicates that, to a
very large extent, the generation of the sum of a similar set of Sexp function outputs does
mask much of the correlation at the inputs. In this case it appears that the fact that the
mulitiplexer which “throws away” seven out of every eight bit in each input stream is
discarding many bits that are correlated with each bit taken. While some research has
been done to devise ways to avoid this potential loss of information (Janer et. al. 1996), in
this situation the loss of correlated bits is actually, in a sense, desirable. Results for the
other state machine based computational elements were qualitatively similar.
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Figure 2.9.2 Autocorrelation of Sexp Function and Sum

3. Application of Stochastic Arithmetic to Soft Competitive
Learning

In order to demonstrate the applicability of the computational elements presented, a
sample ANN problem was implemented in both conventional (deterministic, floating
point) and stochastic arithmetic. The intention is to show that stochastic arithmetic is a
viable technique for ANN implementation, with results comparable to that for a
conventionally implemented ANN.

3.1 Example Problem

The example problem considered is the optical recognition of MICR (Magnetic Ink
Character Recognition) characters. These characters are commonly used on cheques for
encoding information such as the identity of the financial institution and the account
number. The font, ANSI standard E-13B, has been designed for both magnetic character
and human optical recognition. While magnetic recognition is most commonly used by
machines, optical recognition is sometimes used in conjunction with magnetic
recognition. There are a total of fourteen characters in the E-13B font, ten digits plus
four special characters. In the example problem we consider only those characters that
are present in applications at the point of sale. In this case only three special characters
are present since the fourth special character, “amount”, is encoded during processing by
the first depositing bank. The characters are in a 7x9 matrix, as illustrated in figure 3.1.1.
Each row of figure 3.1.1 represents a specific example of the character set corrupted with
a different amount of noise.

22



~ [k ALEETBRmI"I;
* Uk g 2LSET A",
~JEd3L5ET7TBRwW]"H
* [edicd Ty B TEHEIN;
~ LG 2 LS BT ASa:
TR LAy L e

= Lol w5 L. B el
o Ll e e B O it
- badip P SR VERSR RIS
-4 3 N reE L1 UL e

Figure 3.1.1 MICR E-13B Font with Noise

The goal of the ANN is to drive the activation of the output neuron corresponding to the
presented character to a maximum level, while holding the other output neuron
activations at a minimum level. The problem is know to be easy when the input
characters are not corrupted by noise. In this example the performance of the ANN,
implemented in both conventional an stochastic arithmetic, is compared when the ANN is

presented with noisy input patterns.



The example ANN is implemented in two layers. The first layer is an unsupervised soft
competitive learning network. The second layer is a simple set of linear neurons which
classify the features detected by the first layer into the corresponding characters using
supervised learning (delta rule). In order to simplify the resulting ANN and to accelerate
training, the first layer is formed by segmenting the input space (7x9 pixels) into multiple
sections of a common dimension. The goal was to train a soft competitive learning (SCL)
network on all of the possible patterns in each of these sections and then, in the final
network, to use the weights from this network to configure one SCL network per segment
of the input space. Initially a partitioning of the input image into nine 3x3 pixels areas
(two columns of overlap) was attempted. After some experimentation it was decided to
use a partitioning of the 7x9 input character into seven columns of nine pixels each. A
major reason for this decision was to allow for a more practical implementation.
Commonly the incoming image of the MICR characters would be coming from a line
scanner where the document would be passed by the line scanner. This would result in
the image coming in one column at a time. Combined with the architectural decision that
the SCL networks would share weights, the decision to partition the input character into
columns with each column being processed by an identical SCL network would allow
one to easily share the hardware implementing the SCL network. The same network
would process each column in turn, generating a set of seven output vectors. Each of the
output vectors would contain the activations of each of the SCL network neuron outputs.
While it is know that sharing the weight vectors amongst the SCL networks will lead to
sub-optimal recognition performance, it works well enough to allow comparison of the
conventional and stochastic arithmetic implementations. Figure 3.1.2 illustrates the
overall structure of the ANN, as implemented, with one SCL network for each column of
the input space. The linear output layer is, initially, fully connected to the SCL networks.
Also included in the linear output layer is a constant input (not shown in Figure 3.1.2)
which allows the neurons to learn a bias term. When the linear output layer is trained its
weights are pruned in order to simplify the network.
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Figure 3.1.2 ANN Structure for the Sample Problem

3.1.1 Soft Competitive Learning Network Layer

The function of the SCL layer of the network is to find a set of prototype vectors to best
describe the input space. Each neuron in the SCL layer generates a raw output, Y’ for the
output of the ith neuron in response to the jth input pattern. Y/ is an estimate of the
relative probability that a given input patten X ! would be generated by a gaussian

distribution centered at W; with a sigma o. Sigma is the same for all neurons in the SCL
layer of the network, although it is not generally constant throughout time as learning
progresses. k indexes each of the dimensions in the input pattern and the weight vector
for the neuron.

Y;I =¢ 20° [18]
(ax/) =X (W, - xi) [19]

Based on the premise that the SCL neuron weight vectors are an accurate model for the

input space, the input vector X 7 must have been generated by (or be the responsibility
of) one of the SCL neurons in the network. This leads to the generation of a set of

normalized outputs for the neurons, ¥/, which must sum to unity:
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.
N/= E—;}- [20]
Vi )

The designation Soft Competitive Learning comes from the use of a learning rule which
updates the weight vectors of all neurons (no selection of a “winner”) based on the
normalized probability that they are “responsible” for the presented input vector j. This
leamning rule is given by Hertz et. al.(1991):

AW, =N/ (X] -W,) 21]

Where 7 is an adjustable learning rate parameter. These weight updates may be applied
on an input patteren by pattern basis as indicated above, or in a batch mode:

AW, =n2_ N/(x{-W,)
K [22]

In the work of this thesis, the pattern by pattern update rule is used because it is more
practical to implement in a hardware realization.

In order to facilitate observation of the performance of the SCL layer of the network it
was convenient to create a special output function. This special output function, not part
of the actual network implementation, allowed a natural observation of the SCL network
operation. Due to the soft nature of SCL, it generates a distributed representation of the
input space. By taking this distributed representation and transforming it back into the
input space, we can get an idea of how well the network is performing. The technique is
similar to the autoencoder technique for training a back-propagation network described in
Haykin (1994). In the autoencoder technique a three layer network (input, hidden, and
output) is made to learn the identity function, allowing the input pattern to also serve as
the target output pattern. The hidden layer is typically made of fewer neurons than the
dimensionality of the input pattern, forcing the hidden layer to generate a compressed
representation of the input patterns. In our case we use the concept of transforming the
SCL layers representation back into the input space as a means to visually evaluate the
performance of the SCL layer. The SCL layer learning, however, is not driven in any
way by any discrepancy that may exist between the input pattern and the result of
encoding the SCL layer activations back into the input space. The transformed output, O,
is a vector with the same dimensionality as the input vector X.

o] = ; N/W, (23]
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In this thesis the above function is used both to visually observe the qualitative behavior
of the SCL layer of the network, and to quantitatively calculate a performance measure,
mean square error (MSE):

MSE=Y.Y (0} - x!) [24]

vj Wk

Figure 3.1.3 illustrates an example of the SCL layer interpreting an input pattern and the
result of tranforming the interpretation back into the input space. While this is shown
based on a single column from the input space, latter in the thesis complete characters
will be shown which have gone through the same process, one column at a time.

Input Image Image Interpretation
Pixel Column Transformed into
Image Space

SCL
Neurons

o

Same
Weights

Figure 3.1.3 SCL Layer Interpretation Transformed back into Input Space

3.1.2 Linear Output Network Layer

The final layer of the ANN is a simple linear layer which is connected to the outputs of
the SCL sub-networks (all seven of them), as well as to a fixed bias input. The linear
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layer is trained by means of the delta rule. There is a single output neuron for each
character that we want the network to recognize. A full description of this leaming
algorithm maybe found in Hertz et al. (1991).

In the linear neuron the output L is a simple sum of the products of each of the
components of its weight vector W with the corresponding component of the input vector
N.

L=YW,:-N, [25]
{

The input vector N is formed, as mentioned earlier, from the normalized activation
vectors from the seven identical SCL sub-networks which analyze the seven columns of
the input image. An additional dimension added to this is a single constant term to allow

the linear units to learn a bias. For each input image X’ there is a corresponding NV’
generated by the SCL layer of the network. For each of the possible input images we
want the corresponding linear output neuron to be activated, while all other neurons
should not be activated. This corresponds to the definition of a set of target patterns for
the network, T, defined as:

T = (l ifi=j, Ootherwise) [26]

Where j ranges through the thirteen possible input patterns. Defining an error function
which indicates the degree to which the network is accomplishing its mission:

E(W)=§-§§(T,-’—L:‘)z=§-VZI;(T.-’—§(%-N/)) [27]

Applying gradient descent, we can improve our current weights W by moving each
weight component in direction which will decrease E(W):

JE
W,

AW, =-n5—=-12,(T/ - LI)N/ [28]
vj

1 is an adjustable learning rate parameter, as before. The above equation is for a batch
update of each weight. Using it involves evaluating the network response to all patterns
(’s) while accumulating the appropriate change to the weight. It is much more
convenient, though less mathematically rigorous, to apply the updates on a pattern by
pattern basis:

AW, = ~n(T! - LI)N/ [29]
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The pattern by pattern update technique is the one used in this thesis. During training of
the linear output layer, the measure of performance used is MSE (mean squared error).

MSE is evaluated as:
MSE=Y.3(T/ - L)’ [30]

vj Vi

3.2 Baseline Solution Using Conventional Computation

A C++ program was written to implement the SCL network and allow exploration of the
design possibilities. Implementation of the computations in section 3.1 is through the use
of standard double precision floating point arithmetic. The program takes in a script file
that specifies the number of neurons in the SCL network and its input dimensionality.
The script also specifies the offsets into the input character image (7x9) which the SCL
network inputs should taken from. The script then controls a simulation of the network
allowing the specification of a learning schedule, which includes specification of such
things as:

e [ eaming rate (1)) as a function of learning epoch number

Sigma (o) as a function of leaming epoch number

Pattern noise to be added as a function of leaming epoch number

Frequency of MSE calculation (number of epochs per MSE calculation)

Frequency of weight vector observations (number of epochs between captures of
weight vectors into an image file)

The script also controls other useful functions:
e Translation of the SCL layer interpretation of a given input character back into the
input space (O function as shown in Figure 3.1.3).

e Calculation of MSE while sweeping the value of sigma (G).
e When to build the second layer (linear output) of the network.

Noise was added to the input patterns as leaming progressed in order to expand the
training set beyond the 13 input patterns. The noise added was binary in nature, so that
each pixel would be left undisturbed or it would be toggled (from black to white or vice-
versa) with a certain probability. Note that while the patterns are formed of eight bit
pixels, all of the training set patterns are formed of pixels with either the maximum or

minimum values.

The conventional arithmetic implementation was very useful for exploring the design
space and solutions without having to wait for the much longer execution times of the
stochastic arithmetic implementation. Investigations lead to a choice of six SCL neurons
per 1x9 column of input pixels. With this number of neurons the network was forced to
find suitable compromises for the system weights. While larger numbers of neurons were
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able to attain much lower MSE (virtually zero when the number approached the number
of unique pixel columns in the input space), the increase in network complexity was
deemed excessive. Also, a network with too many neurons would be expected to do a
very poor job of generalizing. Without good generalization capabilities a network would
perform poorly on novel data.

Figure 3.2.1 illustrates the evolution of sigma, noise, and NMSE as the SCL layer of the
network learns. NMSE is simply a normalized version of MSE (normalized to the MSE
before learning), used for convenience of scale. The MSE at the start of learning (NMSE
= 1) was 15.05. The leamning rate was held constant at 0.025. At the termination of
learning a sweep of sigma was performed to determine the optimum value of sigma
(based on MSE). The optimum value of sigma was found to be 0.747 with an MSE of
4.717.
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Figure 3.2.1 NMSE, ¢, and Noise during Learning of SCL Layer

The trajectories of the weights, along with the results of encoding and decoding each
character, as mentioned in section 3.1.1, are illustrated in Figure 3.2.2. The six strip
images represent the weight vectors of each SCL neuron. Each column of pixels
represents the state of the weights at a particular learning epoch, starting with the initial
random weights on the left and ending with the final weights on the right (epoch 100).
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The original images of the E-13B font characters are provided for reference. The
characters below them have been first evaluated by the seven identical SCL networks
(one per column), and then reproduced by making a normalized activation weighted sum
of the SCL neuron weights.

During leaming the effects of large sigma and large amounts of training pattern noise are
similar. Large sigma causes all neurons to learn in the direction of all input patterns at a
similar rate. If sigma is very large one would expect all of the neurons to effectively
learn towards the global average of all of the input patterns. This is one technique to
prevent any neurons which start in an unused area of the input space from becoming
stranded in a situation where they never learn due to their chronically low activations.
Large amounts of noise added to the input patterns causes the input patterns to fill the
entire potential input space. If the neurons have reasonable sigma values the expected
result is that the neurons will distribute themselves evenly throughout the entire input
space, regardless of their initial random starting states. As noise is decreased, the neurons
would be expected to home in on areas of the input space surrounding the training
patterns. This means that both large sigma values and large amounts of input pattern
noise will help to prevent stranding any neurons in an unused region of the input space.
Another potential problem is that two or more neurons may jointly claim a common area
of the input space. In the absence of any noise in the activation evaluation or learning
process, once two neurons have jointly claimed the same area of the input space nothing
will ever cause them to be separated. Starting the neurons with random weights and
never letting them home in too close to the input pattern average (through high sigma for
too long) will lower the probability that more than one neuron will claim the same region
of the input space. Note that pushing sigma to very small values causes the soft
competitive learning to degrade towards being hard competitive learning (only one
“winner” which has non-zero activation). The sigma which optimizes MSE in the SCL
layer was found to be reasonably large, allowing the network to generate a distributed
representation of the input space. Making sigma small causes the activations of the SCL
neurons to become a one of N code, containing less information than the distributed
representation of soft competitive learning.

Construction of the second layer of the network was performed using a pruning algorithm
which started with a fully connected output layer. This meant that each output neuron
had 43 inputs (6x7 + 1 for bias). In the final network this leads to a very large number of
weights in the output layer. The SCL layer has only 54 weights (6 neurons x 9
dimensions), while a fully connected output layer has 559 weights (43 inputs x 13
neurons). The pruning algorithm involved the following steps:

1. Train the network until MSE is near minimum attainable
2. Set a threshold parameter THR to a small positive number (e.g. 0.01)

3. Set a minimum number of connections parameter C_MIN to a reasonable lower
bound for the number of connections to a given output neuron (e.g. 10).
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4. On a neuron by neuron basis, order all of the weights in the output layer from lowest
to highest absolute value.

5. Remove all weights in a given neuron, starting with the smallest, which are less than
THR. Regardless of weight magnitude, never remove weights when the number of
remaining weights is at C_MIN.

6. Train the network again.

7. Repeat steps 4 to 6 until either a target number of weights have been pruned OR step
5 results in no further pruning.

8. If the target number of weights have not yet been pruned, increase THR and then
repeat steps 4 to 7.

The pruning algorithm gave good results with little increase in MSE when the output
layer connections were pruned to a uniform ten connections per neuron, resulting in 130
weights in the output layer.

It is realized that the pruning algorithm, while very useful when applied to a simulation of
an ANN on a general purpose computer, is not very applicable to an actual hardware
implementation. Unfortunately time did not allow for further investigations into a more
appropriate fixed structure for the output layer.

A simple linear transform was applied to the normalized SCL neuron activations before
applying them to the linear layer. This was done to allow the stochastic implementation
to closely follow the conventional implementation. In the stochastic implementation we
have the unipolar output from the normalization dividers driving into the linear layer
which is implemented using bipolar signaling. The linear transform, from unipolar N to
bipolar N (BN) is:

BN =2-N-1

In all of the descriptions of the linear output layer this transform is ignored.

Figure 3.2.3 illustrates the evolution of NMSE and the normalized number of weights
pruned as the second layer is pruned. NMSE is, as before, MSE normalized to its own
value at the start of learning. MSE is 11.85 before learning starts and 0.545 at the end of
pruning and learning. NPRUNE is the number of weights pruned, normalized to the
target number to be pruned (429). The value of the weight pruning threshold (THR) is
also plotted.
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Figure 3.2.3 Progression of NMSE and Pruning in the Output Layer

Figure 3.3.8 (in the next section) illustrates the response of the thirteen output neurons to
the sequential presentation of the thirteen characters of the E-13B font.

3.3 Solution Using Stochastic Computation

The C++ program described in section 3.2 was extended to implement the ANN using a
clock cycle by cycle behavioral simulation of a stochastic processing circuit designed to
implement the same functionality as that described in section 3.1 Implementation of the
computations in section 3.1 using stochastic computational elements is illustrated in
Figures 3.3.1, 3.3.2, and 3.3.3.
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Figure 33.3 Stochastic Linear Qutput Layer

Figure 3.3.1 illustrates the SCL neuron implementation. Note that the bits from the DPCs
on each of the input image pixels are used in parallel by all SCL neurons in a given SCL
sub-network. The bits from the DPCs on each weight are shared by the corresponding
neurons in all of the other SCL sub-networks. As mentioned previously, all image data is
in an eight bit input format. Note that while the input training patterns consist of white
and black pixels only, the circuitry provides for eight bit gray scale inputs because in a
real application the input image is likely to be degraded and not have full contrast. The
weights of the network are implemented as eight bit values. The divider quotient
registers are configurable as to the number of bits used, the maximum number of states
being called DIV_RES. In the learning performed in this example DIV_RES = 2048
(eleven bits). The binary variable G which controls the Sexp function in the SCL neurons
is driven globally (to all SCL neurons) with an integer value based on the current desired

value of ¢ in the network.

During learning in the SCL layer a schedule of operations was followed, starting with

evaluation of the pattern:

1. The new input training pattern (perturbed with noise as required) is loaded into the
input DPCs.

2. The divider states in the normalization layer were set to zero.

A digital word G is calculated based on ¢ and distributed to the Sexp function

generators.

A control register called SCHEDULE is set to DIV_RES/S.

A control register called C_INT is set to 0.

A single clock cycle of the entire circuit is simulated.

If YT = 1, SCHEDULE is added into C_INT.

If C_INT overflows (capacity = DIV_RES - 1):

» C_INT =0 (natural in hardware implementation)

o SCHEDULE is shifted right one bit

9. While SCHEDULE # O, repeat steps 6 to 8.

bl

P NN A
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The increased “velocity” technique was implemented in the normalization dividers
through the distribution of the SCHEDULE register value to each of the normalizers.
The integrators in each normalizer would increment or decrement by a delta equal to
SCHEDULE. When the evaluation is complete SCHEDULE = O and the normalized
SCL neuron outputs are locked into the divider integrator registers. The technique of
scaling the evaluation time to compensate for small divisors is implemented through step
7 above. YT is the divisor and step 7 causes the number of clock cycles in the evaluation
to be proportional to 1/YT.

During the evaluation, the counters which hold the weight values are prevented from
changing states (LEARN = 0). After evaluation, the counters are enabled (LEARN = 1)
and a number of clock cycles equal to 256 times the LRATE parameter is run. See Figure
3.3.4 for some details on control of the weight counters during learning. As elsewhere,
the counters must be of the saturating type. The learning phase is:

1. A single clock cycle of the entire circuit is simulated.
2. For each neuron, if its normalized output N is a one:
e For each weight, if the output of the subtractor (X-W) is a one, increment the

weight
e For each weight, if the output of the subtractor (X-W) is a zero, decrement the
weight
U/D ‘
(W, DPC J
CE ’ To Squarer
X, DPC >
|
[ ws
LEARN [ N.

Figure 3.3.4 Learning in the SCL Neuron Synapse

It is fairly easy to see that the algorithm for updating the weight follows [21]:

repeating, for convenience

AW, =N/ (X - W,) 21]
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and

1 1 1
P =‘?~=l)'E(P(x:o)+Izw=l))=N'5'(l+5(W—X)) (32]

given that the number of clock cycles of leamning is LRATE - 256, the expected change in
the weight is:
<AW >=256-LRATE -(P,_ - P, )=128-LRATE-N -(X - W) [33]

Due to the fact that the resolution of the weights are fixed at eight bits and the weights
range logically over [-1, 1), the logical change in W is:

<AW>=LRATE -N- (X -W) [34]
where

LRATE=n {351
Performing a similar analysis for the linear output layer synapse:

recall the leamning rule:

AW, = -n(T/ - )N/ [29]
LEARN CE
W, DPC_ ‘ To Multiplexer
N,

Figure 3.3.5 Learning in the Linear Qutput Layer Synapse

1 N
P = F;N:l) By +RN=O) ) PEM=0) = E+T(T— L) [36]
and
1 N
Pd,c=1—1’.-u=5—7(T—L) [37]
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given that the number of clock cycles of learning is LRATE - 256, the expected change in

the weight is:
< AW >=256-LRATE -(P,_ - P, )=128 -LRATE-N -(T- L) [38]

Due to the fact that the resolution of the weights are fixed at eight bits and the weights
range logically over [-1, 1), the logical change in W is:

<AW >=LRATE -(T-L)-N [39]

where
LRATE =n [40]

The circuits implemented as detailed were observed to function correctly. There was,
however, a significant issue with the large dynamic range of the signals in the SCL layer
of the network. When ¢ was small (G large) the Y outputs of the SCL neurons were very
small. The small total activations in each SCL sub-network caused the dividers in the
normalization layer to converge very slowly. The technique of scaling the processing
time with the inverse of the divisor in order to minimize overall processing time (see
section 2.5.4) did cause the processing time to vary with the evaluation of different inputs
with the network spending less time processing when convergence was fast. The
technique was, however, insufficient to provide reasonable total processing times due to
the dominance of the processing of worst case patterns (very small total activations). The
worst case pattern was taking in excess of 1.5 million clock cycles to evaluate. The
dynamic range problem was solved through a change to the SCL neurons and the
normalization layer which brought evaluation times to a very consistent (and much
smaller) number of clocks. Section 3.3.1 details the circuit adjustments made.

Figure 3.3.6 illustrates the evolution of sigma, noise, and NMSE as the SCL layer of the
network learns. NMSE is simply a normalized version of MSE (normalized to the MSE
before learning), used for convenience of scale. The MSE at the start of learning (NMSE
= 1) was 21.25. The learning rate was held constant at 0.025. At the termination of
learning a sweep of sigma was performed to determine the optimum value of sigma
(based on MSE). The optimum value of sigma was found to be 0.46 with an MSE of
5.26.
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Figure 3.3.6 NMSE, Sigma, and Noise during Learning in the SCL Layer

The trajectories of the weights, along with the results of encoding and decoding each
character, as mentioned in section 3.1.1, are illustrated in Figure 3.3.7. The six strip
images represent the weight vectors of each SCL neuron. Each column of pixels
represents the state of the weights at a particular learning epoch, starting with the initial
random weights on the left and ending with the final weights on the right (epoch 100).
The original images of the E-13B font characters are provided for reference. The
characters below them have been first evaluated by the seven identical SCL networks
(one per column), and then reproduced by making a normalized activation weighted sum
of the SCL neuron weights.
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Figure 3.3.8 illustrates the evolution of NMSE and the normalized number of weights
pruned as the second layer is pruned. NMSE is, as before, MSE normalized to its own
value at the start of learning. MSE is 17.46 before learning starts and approximately
0.715 at the end of pruning and learning. The value of the weight pruning threshold
(THR) is also plotted. Pruning and learning in the linear output layer required 188
million clock cycles.
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Figure 3.3.8 Progression of NMSE and Pruning in the Output Layer (Stochastic)
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Figure 3.3.9 compares the results of having both the deterministic and stochastic
networks evaluate the thirteen characters of the E-13B font (without noise) sequentially.
Each trace represents the output of one of the linear output neurons. The straight line
segments correspond to the outputs of the deterministic network which are constant
during the entire presentation of each input pattern. The jagged lines are, of course, the
outputs of the stochastic linear output neurons. The large spikes on the stochastic outputs
typically occur at the beginning of each pattern evaluation when the gradient descent
velocity is very high. Note that for the deterministic network all learning (SCL and linear
layers) and pruning (linear layer only) were performed deterministically. For the
stochastic network all learning and pruning was performed using stochastic arithmetic.
No systematic comparison between pruning results for the deterministic and stochastic
networks, in terms of the specific connections retained, was performed.
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The generalization performance of the networks were evaluated by observing the effects
of noisy input patterns on the network MSE. If a network is very good at recognizing
corrupted input patterns its MSE will not be much higher than for a set of clean input
patterns. MSE verses noise probability was measured by presenting one hundred sets of
input characters for each noise probability. Figure 3.3.10 illustrates the performance of
the two networks as a function of noise. The stochastic implementation tracks very
closely to the deterministic implementation until the noise levels become very high.
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Figure 3.3.10 Network MSE vs. Noise

33.1 Problems Encountered

The observation that very low total activations were occurring in the SCL layer and
leading to very long computation times led to investigations into a possible solution. It
was observed that the total activations could be raised to more tractable magnitudes by
performing the normalization division, effectively, before the exponentiation function.
Recall:

am)
YI_J' —e 20 (18]
(/) =X (W, - x{)° [19]

Yk



N/ =—‘ - [20]

ol fimr )
Nij:e—(&,,,)zze [41]

where

(=)’
Z=In Ze 20° [42]

Figure 3.3.11 illustrates the changes made to the SCL neuron circuitry to allow the
subtraction of Z from the input to the Sexp function. Now computing Z, by itseif,
appears to be a difficult task. However, it is a simple task to compute Z based on gradient
descent where we drive the sum of the SCL neuron activations to be equal to one. Figure
3.3.12 shows the corresponding changes made in the SCL normalization layer in order to
generate Z.

Figure 3.3.11 Modified Stochastic SCL Neuron

The use of the AND gate was to allow the feedback circuit to drive the neuron input
towards zero while having as little effect as possible on the gain of the forward path from
the synapses.
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The Zint integrator which is used to generate the Z signal was set to have two more bits in
it than the integrators in the divider circuits. While the dividers used the SCHEDULE
register as their counter increment/decrement value, the Zint integrator used
SCHEDULE/4. This was an important issue due to the high loop gain when sigma is

very small. The smallest possible change in the value of Zint must be small enough that
the SCL neuron activations do not change too much. The modified input to the
exponentiation function is now:

@] =2z (@) -(1-2) [43]

where Z is a unipolar signal ranging over [1/2, 1].
Typically Z is close to 1 and therefore:

[(dx)z]' = (dx)* -(1-2) [44]

The result of these circuit modifications was that evaluations now take a fairly consistent
number of clock cycles to compute. The approximate number of clock cycles is:

Nclocks =2- K- DIV _RES [45]
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where the factor of two comes from the schedule of increasing clock cycles at lower and
lower gradient descent velocities (ending with DIV_RES clocks at the lowest possible
velocity), and the factor of K comes from the scaling of processing time based on the
magnitude of the dividers denominator. In the particular example ANN impiemented
[45] represents a reduction in evaluation clock cycles of approximately two orders of
magnitude on what were some of the worst case input patterns.

4. Conclusions and Future Work

A number of stochastic computational elements were implemented and demonstrated
through use in an example application. In the example application, an ANN for
performing optical character recognition on the MICR E-13B font, both the normal
computations of the network and the learning were performed using stochastic arithmetic.
The results of the computations using stochastic computational elements compared well
with conventional double precision floating point computations. The stochastic circuits
used were simulated at the clock cycle level with the number of clocks for each
computation being tracked.

The learning performance of the stochastic SCL layer, evaluated through the technique of
transforming the SCL layer image interpretation back into the image space by multiplying
SCL neuron activations by their receptive fields (weights), trained to within 10% of the
final squared error of the double precision floating point implementation. Through the
use of a feedback technique to reduce the dynamic range of the neuron activations, the
clock cycle count for training the stochastic SCL layer was reduced. The learning
performance of the stochastic network as a whole, evaluated through squared error on all
of the characters in the font, was within a factor of 1.5 of the conventional
implementation. Comparisons of the networks’ generalization capabilities indicated very
close agreement between the stochastic and the conventional implementations.

Computational clock cycle counts were quite reasonable, indicating performance more
than an order of magnitude greater for the stochastic computation than the PC used with
conventional arithmetic (this conclusion assumes clock frequency parity between the PC
and the stochastic computations).

Overall the example ANN application demonstrated the capability to apply stochastic
arithmetic and its advantages to the implementation of ANNSs:

e very simple circuits and communications resulting in low circuit areas
e simple hardware implementations allowing very high clock rates
e fault tolerance

e capability to trade off computation time and accuracy without hardware changes

The penalties paid for using stochastic arithmetic, increased computation time and
variance inherent in estimating the probabilities of stochastic pulse streams, were show to
be compensated by other factors in the example ANN. The massive parallelism in the
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ANN, supported by the low circuit areas of stochastic computational elements, more than
compensated for the large number of clock cycles involved in any given single
computation. The variance involved in estimating the primary statistic of a stochastic
signal has been shown to not be a significant problem in the context of an ANN. Some
ANN applications may even be able to use the variance as an advantage.

There are several opportunities for further work on this topic. While simulations of the
stochastic circuits did, in most ways, provide accurate models of a realistic hardware
implementation, there are a few deviations from a real hardware implementation. The
most notable is in the generation of random digital numbers. The stochastic simulations
all used a single 32 bit random number generator based on cellular automata (CA). While
this is practical to implement in digital hardware, an actual hardware implementation of a
stochastic ANN requires a much larger set of random bits in each clock cycle.
Simulations reconciled this issue by cycling the CA multiple times per clock cycle of
stochastic processing. A realistic hardware implementation would increase the size of the
CA to the point that a sufficient number of random bits would be available for each clock
cycle of stochastic processing. A fast gate level simulator has been written for this
purpose and was used in early research on the state machine based computational
elements. However its use was discontinued due to its slow execution time. Now that a
reasonable circuit has been discovered for the example ANN, it would be useful to use
the gate level simulator to validate the approach at the gate level.

The topic of generation of random selects over ranges that are not powers of two (for
weighted stochastic summation) is an area that deserves further study. The demonstrated
ability of the stochastic summer to reduce unwanted correlations generated by the state
machine based computational elements was shown with a random select. Correlations in
the random selects generated over ranges that are not powers of two could have a
deleterious effect on this ability.

Another significant area for future work addresses the generation of new stochastic
computational elements. While the current generic state machine was analyzed for the
statistics of its hyperstate, a general procedure for choosing the appropriate stochastic
parameters and output generation function has not been developed. A general procedure
for designing the computational elements would be very useful for designing stochastic
processing systems with even greater capabilities.

Finally, the new stochastic computational elements developed here need to be analyzed
and compared with alternatives to evaluate performance in terms of circuit area, power
consumption and accuracy.
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