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FOREWORD

This final report describes the work performed under Contract F33615-73-C~1089, "LSI
Electronically Programmable Arrays,' by RCA Government Communication Systems. A
portion of this work was performed by Adaptronics, Inc. under subcontract to RCA, The

period of performance covered by this report extended from March 1973 to September 1976,

The AF project monitor was Mr. C. W. Gwinn of AFAL/DHE, The RCA principal inves-
tigator was Mr. D. Hampel and the Adaptronics principal investigator was Mr. R. L.
Barron. Major contributors to the program from RCA were Mr, K, J. Prost, Mr, R. W,
Blasco, Mr. K. E. McGuire, and Mr. N, A. Macina, Major contributors from Adap-
tronics were D, Cleveland, M, Whalen, K. Augustyn, and A, Mucciardi,
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SECTION 1

INTRODUCTION AND SCOPE

This report presents the results of the investigations, analysis, custom LSI development,
breadboard design and operation, and supporting tasks on contract F33615-73-C-1089 "L.SI
Electronically Programmable Logic Arrays, ''*

The main objective of this investigation was basically, ''the realization of parallel array
architectures utilizing 1.SI, distributed logic/memory circuits with the capability of being

programmed or trained to perform a variety of signal processing functions."
The following expressions are defined before proceeding with the introductory material.
| Configurable Polynomial Array (CPA) — A 2-dimensional array or network of elements

capable of being reconfigured (or reconnected) in a variety of ways to describe
arbitrarily complex input-output relationships,

Element — A building block (of a CPA) capable of implementing a family of multinomial
expressions of its inputs with varying coefficients or weights.

The goals of such elements and the array in which they can be imbedded include:

e the ability to perform a comprehensive family of signal processing functions at
higher speeds than is possible with conventional serial computers (using the same
basic technologies) by virtue of the inherent parallelism and structure of the CPA
concept

e the ability to alter the processing function very easily and rapidly

e the ability to substanially simplify overall software requirements in the application
i of these techniques to signal processing functions compared to conventional com-
i puter methods

e the ability to efficiently implement the complex, non-linear, multinomial expres-
sions associated with Adaptive Learing Networks (ALN's) as well as more conven-
"1 tional linear transformations (such as FFT)

*A more descriptive title for the effort, used throughout this report, is "Configurable Poly-
nomial Arrays,' (CPA's). While the arrays are programmable and were specifically con-
ceived to embody LSI technology, they are not to be confused with the ""ROM-like' program-
mable chips used to synthesize Boolean expressions.
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e the ability to be used with training algorithms in the synthesis of the networks or
arrays for a variety of problems associated with pattern recognition, classification,
or discrimination, modeling and identification.

The basic tasks which were addressed, in this investigation included:

1) A study of appropriate architectures, using state-of-the-art technology, necessary
to efficiently implement the elements for use in CPA's. This major task area re-
quired detailed functional designs for estimating the performance of these elements,
tradeoff analysis to compare alternate approaches as a function of calculating pre-
cisions and identification of LSI for realization of useful elements

2) The design and fabrication of a custom LSI circuit for use in a variety of versatile
elements

3) The design, construction and demonstration of a brassboard element using the
special custom chips as well as other existing developmental L.SI and commercially
available parts

4) The analysis of word length or precision requirements for CPA elements and the
implication of these results

5) The applications for which advantageous utilization of CPA's can be made in Avionics
signal processing.

Prior to elaborating upon these tasks in the body of this report, a brief perspective of how
these arrays differ, in nature, to other array technologies is in order. Arrays for proces-
sing signals can be catagorized as either analog (Ref. 1, 2, 3, 4, 5), binary (Ref. 6, 7), or
numerical (Ref. 8, 9, 10) depending on the nature of the data and the primitive or "Kernel"
function which an element of the array possesses. The analog approaches were representative
to some of the early work in arrays useful for classification, feature extraction and pattern
recognition. Comprised of threshold elements (basically analog multipliers and summers),
they possessed the ability for weight and threshold adjustment. Such arrays of elements
could be configured to provide for a variety of signal processing functions. An analog ele-
ment would provide an output of one state if the weighted sum of the inputs exceeded a given
threshold or provide an output of an opposite state otherwise. Analog computer techniques

are representative of this type of array.

The binary cellular arrays include such regularly structured systems as associative memor-

ies and image processing arrays which can, in effect, perform parallel transformations on
binary input patterns.
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The numerical element based array is, in effect, the subject of this report. Because of its
compatability with digital computers and its flexibility the numerical array consists of arith-
metic elements operating on numbers in parallel rather than bits or analog levels and is con-
sidered to be the most flexible since it can, in general realize the functions of the analog or
binary. However, it may not always be as efficient as one of the other schemes in particular
applications. For example, one of its major advantages over analog arrays are the precision
ard dynamic range it can provide. In some cases where one or two layers or elements (par-
ticularly linear elements) suffice in providing a transformation or classification, a numeri-
cal unit may not be necessary, although it can be "programmed' to do this. Its compatibility
with digital computers, and its versatility are probably the main factors for considering this

approach now.

This report organization begins with the element structure, functions and applications, Sec-
tions II and III, before going into the hardware aspects. The, Section IV, V, and VI present
all major hardware and LSI design aspects. Preliminary analysis of architectural approaches
(discussed in the Interim Report, Ref. 11), identified a key LSI circuit for development. This
circuit and its use in a demonstrable brassboard are elaborated upon. In each case (Sections
T and VT) liberal use is made of supporting appendix material (Appendices A through H) for
more detailed and comprehensive explanations and descriptions. Appendix A presents a
history and survey of the field of polynomial networks. Appendices A, B, and E describe a
procedure for synthesizing these networks from data observations concerning the behavior

of a system or process being modeled. Appendix C outlines the principles of networks that
use cluster distance-computation primitives in multi-class classifiers. Appendices D, E,

and F describe the use of the LSI multiplier-summer chip (while Appendix H describes in
detail the actual fabrication and performance of the chip) for CPA's and summarize its po-
tential applications. Appendix G presents results of an application of the nonlinear multi-
nomial primitive to a signal~classification problem arising in unattended ground sensors

(used in remote surveillance systems and in target activated munitions). Sections VII and
VIII give the analysis and supporting simulations involved in the CPA precision requirements.
Section IX discusses how digital filtering can be regarded with CPA's with respect to adaptive
learing nets - a new and potentially important application area. The final technical effort re-
ported in Section X describes how pre-processing functions usually required with CPA's, can

be accommodated.
3/4




SECTION II

PROCESSING ELEMENT AND ARRAY STRUCTURE

A basic element is depicted in Fig 1(a); the figure shows its major control and input and out
put signals. Such elements are, in general, structured in multi-layered nets, as shown in
Fig. 1(). The interconnection control, which is part of each element, or which appears
functionally between successive layers of elements, has inputs which can route the output
signals of any one element to the desired input of an element in the next layer. Fach elemenl
and interconnect switch in the array has sufficient memory for storing the function type it is
to compute, the necessary weights or coefficients of its function, and the interconnect data.
Hence, this programmable array can be considered as a distributed logic-memory processor

capable of rapid reconfiguration and calculation of complex transformations.

2.1 MULTIPLEXING

Before describing the element requirements and architecture, the three possible configura-
tions of programmable arrays will be explained; these configurations are shown in Fig. 2.

In (a), a net of dimension j x k is shown fully populated, with each element containing an m-
bit store for necessary function and control. This configuration can process (or transform)
i/2 inputs at a time and can be operated in a pipeline mode so that k sets of data are simul-

taneously operated upon in different layers.

In (b), a single layer of elements can be multiplexed to simulate a whole net. The memory
of each element must now have km bits to provide the necessary control as the processor of
the element acts, in turn, to realize each of the k layers. For any single problem, the
speed is the same as in (a), but pipelining cannot be done. In (c) a single processing element
with the jkm bits of storage can be used to process inputs within a layer and then successive
layers. Provisions must also be made for storage of intermediate results in (b) and (c);

approach (c) will have 1/j the speed of (b).

It is envisioned that arrays of up to 256 elements (or equivalent) could provide the processing

capacity for a vast majority of applications. Hence, the design, using either the configuration
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in Fig. 2() or (c), will have the capacity for memory expansion to simulate nets of up to

256 elements. These arrays will, in general, be loaded and controlled by a computer,

2.2 LOADING AND CONTROLLING

The loading and controlling of a parallel, either fully or partially populated array is elabor-
ated upon in Fig. 3. The host computer will initially enter a weight vector(s) via a common
bus and element addressing. (Each element will have an appropriate decoder as part of its
interface control logic.) The interconnect memory, also loaded by the host, controls the
inter-layer switches. After ''setting up' an array, input data can be derived directly from

its source or through the host, depending on conditioning required, etc.
A CPA, then, can embody various degrees of hardware according to the following hierarchy
of approaches:

1) use of all software in existing computer

2) software with hardware multiply

3) a dedicated hardware element (for multinomial implementation) used in a multi-
plexed mode

4) multi-element array
5) multi-arrays

Increasing hardware complexity results in high thruputs and introduces the possibility of
pipeling for yet higher effective processing rates. (In this case one CPA can be performing
pre-processing on a set of data while a second CPA is transforming the previous pre-

processed data.)

The relative performance of approach 2 and 3 will be seen later in the tradeoff analysis with
respect to both high speed and low speed micro-processor application.
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2.3 FUNCTIONS OF AN ELEMENT

Table 1 lists the five basic expressions realizable by the element. Although any one of a

number of kernels or primitives (or families thereof)* could be chosen, in theory, to satis-

fv the requirements for an element useful in CPA's, the basic list shown was chosen for

the following reasons:

1)

3)

4)

P1: Nonlinear Multinomials, valuable for nonlinear filters, discriminant functions,
estimation networks, and models.

P2: Multilinear Multinomials, used in multilinear and nonlinear filters, discrimi-
nant functions, estimation netowrks, and models. Providing P1 automatically pro-
vides the same computational power required for the simultaneous calculation of
two P2 expressions.

P3, P4: Linear Multinomials, used in FFT's transversal filters, linear discrimi-
nant functions, etc.

P5: Component of Normalized Distance Measurement or Recursive Division, used
to determine membership or non-meinbership of a data word in a cluster of prior
measurements belonging to a given class.

Characteristics of the above family of primitive functions include:

the interchangeability of the coefficients and variables

a variable number of multiply operations; 3 for P5, 4 for P3 and P4, 8 for two P2's
and 8 for P1. (While the terms of P1 could have been grouped to require only

5 multiply operations, the element could then only handle a single P2. Speeds
would have been about the same since two levels of multiplication would have still
been required).

*While any single function would suffice for an element, choosing from amongst a family
usually imparts a higher spped for a given element in a given array position.
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SECTION III

APPLICATIONS OF CPA's

3.1 AVIONICS COMPUTATION REQUIREMENTS

Avionies computation requirements arise in two major areas (Reference 12): (a) general
purpose computing tasks, typically characterized by 1/0 sampling rates below 500 Hz and a
variety of logic, control, and arithmetic operations performed at throughput rates below
500 K - Ops; and (b) signal processing tasks, typically having I/0 rates in excess of 1 MHz,
"a relatively narrow regular flow of arithmetic operations, ' and high computational speeds
in the 10-100 MHz range. As stressed in the ~eference, on-going developments in 1.SI
arrays for signal processing may produce economic and performance benefits comparable
to those demonstrated in general purpose computation by 1.SI micorprocessor and microcon-

troller elements.
For airborne signal processing applications, the reference cites requirements in the follow-
ing areas:

Radar — air-to-air and air-to-ground modes, including synthetic aperture ground
mapping.

Electronic Warfare — signal sorting and classification.

Communications — image/waveform coding and decoding.

The algorithms of particular importance in airborne signal processing are, in accordance
with the reference:

e Digital Fourier transforms and inverse transforms up to 2, 048 points
e Digital filters — recursive and nonrecursive
e  Weighting functions — cosine-squared, Taylor, Hamming, etc.

e Correlations — serial and parallel, with various levels and combinations of source
and reference signals

e Walsh functions, Hadamard transforms, and related waveform/image coding trans-
formations




e Adaptive predictive coding and other bandwidth compression techniques for data
e Nested polynomial functions
e look-up tables
® Integration, averaging, and standard deviation
e Coordinate conversion.
The following algorithms are added by the authors to the above signal processing functions:
® Recursive means and covariance matrices of vector waveforms
e Convolutions and deconvolutions
e Data cluster screening
e Complex Boolean arithmetic

It is believed that CPA's are best suited to signal processing applications because of the
functions implemented and the extremely high processing speed of distributed-function net-
works of CPA devices. Accordingly, attention in this report will be directed primarily toward

the signal processing area.

3.2 FULFILLMENT OF AVIONICS SIGNAL PROCESSING REQUIREMENTS WITH CPA's

The Avionics signal processing requirements enumerated in 3.1 can all be fulfilled using the
P1, P2, P3, P4, and/or P5 primitive functions defined in 2.3. Table 2, Parts 1-3, pre-
sents the details of this. :

3.3 RELATIONSHIP TO ADAPTIVE LEARNING NETWORKS (ALN's)

As one of the main factors influencing the development of CPA's, th» ideas behind their use
in Adaptive Learning Nets (ALN's) besides known transformations will be briefly discussed.
Fig. 4 is a flow chart showing how an input data set is used to train and evaluate a net in the
process of "fitting a surface or determining a transformation" for discrimination, classifica-

tion, etc.

In this process, the input data is initially sub-divided i1t two independent main groups - a

fitting and selection subset and an evaluation subset. These groups contain some parameters

14
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which are used directly as inputs to a CPA. More generally, features are extracted from
the input data, providing other frequently more useful inputs to the CPA. A combination of
these inputs is then used in conjunction with the techniques listed, in the synthesis of a CPA
network, i.e., optimization of coefficients, element by element by pairing inputs, followed
by multi-layer synthesis, ete. This is described in more detail in Ref. 17, and in Appendix
A. Evaluation of the C PA with the independent testing subset is then used to determine if
re-adjustment of the coefficients and connectivity is in fact required. Finally, the net is
placed "on line" for intended function. Changes in the environment trigger a re-synthesis

routine, to maintain a "'fit" for the process.

Such methodology, (Appendices A and I'), has effectively been used in the following aero-

space applications:

1. nondestructive inspection of structural parts

(8]

trajectory predictions
3. target signature classifications
4. radar refractive index corrections

detection of remote nuclear events

(4]
.

6. voice data processing

7. reconnaissance image processing
8. electronic warfare

9. avionics information systems

Once a net has been trained it can be used in conjunction with known or other synthesized net
configurations in the solution of a given problem. This is fllustrated in Fig. 5, where a
micro-processor is used as an overall system controller with a CPA. In this exampie, the

CPA is depicted as performing two known transformations on the input data samples (such

as FFT and cepstrum; CPA 1, 2) in order to extract features, and then three other (generally
non-linear CPA 3, 4, 5) transformations found by a pre-training routine. In such a classifi-

cation system, the micro controls the input samples to the CPA's and loads or instructs the

19
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use of the appropriate coefficient or weight vectors. The output(s) of any C PA may be
further processed by the micro, prior to entry into the next C PA. The pre-processing ¢ PA
outputs feed the micro for the overall feature extraction phase. (The micro might be per-
forming statistical analysis or other routine data reduction for optimum utilization of the
CPA's). Now the CPA is ready to act in its role of a diseriminator and can be loaded in
turn with the coefficients and interconnectivity pre-stored either in 2 micro ROM or in the
CPA memory itself. The discrimination outputs are again fed to the micro for relatively

simple decision logic to form the basic classification.
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SECTION IV

BASIC ARCHITECTURAL APPROACHES FOR CPA IMPLEMENTA TIONS

4.1 GENERAL

In order to achieve a high degree of applicability of the C PA technology, a fast, simple ele
ment with the capability of being stacked, in building block fashion, to realize complex ar-
rays is necessary. A self-contained element on a chip, with the speed and precision neces-
sary for many practical applications is not yet possible. Even recent micro-processor
advances, (especially where the micro's architecture was designed for signal processing),
although approaching such a goal, require substantial complexity especially when used in
the high precision areas. The basic alternatives will be discussed in relation to the tech-
b' nology required to effectively support each architecture. First, each alternative must be
viewed with respect to the precision with which the element's multinomial is calculated.
Since a wide range of application was considered, precisions ranging from 8 to 45-bits,

and, the use of floating point as well as fixed point was considered. Hence, the performance
factors for all approaches are estimated as a function of bit precision. There are basically
two ways to build an element (aside from a micro-processor based architecture); one cen-
tered around the use of a serial-parallel type multiplier(s) and the other centered around

the use of all-parallel type multipliers.
The basic distinctions are as follows:

Serial -parallel multiplier - has provision for pre-loading and storing an n bit multiplier

under a clock control. The product appears serially, least significant bit first, and the

— o~
most significant bit after 2n clock cycles. Besides the n bit multiplier register, the chip
contains n full-adder and latch stages, as well as some auxiliary control logic.
; ! Parallel multiplier - accepts the n-bit multiplier and n~bit multiplicand words in parallel,
i ' and produces the 2n bit product in parallel as a result of asynchronously rippling through
. an array of n2 full-adders.
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While the all-parallel multiplier is much faster in performing a multiplication, it involves
substantially more complex chip(s). The serial-parﬁliel multiplier approaches equivalent
throughputs for the polynomial element by using several simpler chips. It also permits the
use of serial adders rather than high speed parallel adders, and leads to simplified inter-

connect problems.

The multiplier technology has progressed very rapidly in the past three to four years for
both types of multiplier implementations. The unit developed for use in the CPA (Ref. 18
and included in Appendix H) was followed by a comparative analysis of multipliers (Ref. 19)
and developments of small bit capacity, bipolar serial-parallel multipliers (Ref. 20, 21).
The latter, now commercially available is considered in the tradeoff analysis of alternate
architectural approaches to follow. In the parallel multiplier realm, two large capacity
LSI versions were considered: an 8 X 8 SOS (Ref. 22) and a 16 X 16 Bipolar (Ref. 23).
Smaller (4 X 4 arrays or less such as in Ref. 24) higher speed units were not considered
because of substantially greater overall complexity of the resultant element and because of
availability and cost. Such units, characterized by multiplication times of less than 40 ns
for 8 X 8 calculations, would ultimately impact the design of very high speed elements, re-

quiring different architectures, and using predominantly ECL parts and bi-polar memories.

4.2 CUSTOM CMOS/SOS SERIAL-PARALLEL MULTIPLIER

The characteristics of the multiplier chosen for use in the mantissa processor of an element
is summarized here. A paper with the complete description of its design and operation is
included in Appendix H.

The chosen design fits the basic requirements of an efficient element. This multiplier and
its use within the element has furthermore shown a generally optimum approach as will be
seen in the tradeoff analysis, particularly for high precision calculations (even though alter-

nate circuits and/or architectures excell for certain criteria).

Table 3 summarizes the chip data. It should be pointed out that the top speed - 15 MHz -
falls somewhat short of predicted simulation (Ref. 11) values because of the extra delays in

the full adder. (This design was in fact partly responsible for the excellent packing density
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TABLE 3

CUSTOM € "10S8 /508 MULTIPLIER PERFORMANCE SUMMARY

PERFORMANCE:

FUNCTION: ax +b

a, X, b are up to 24 bits in length. Taps provided at 8, 16 bits.
Cascadable for greater accuracy.

CHIP SIZE: 155 mil X 170 mil
NUMBER OF DEVICES: 1750

PACKAGE: 16-pin; (3, 8-bit registers for serial /parallel loading of
multiplier; multiplice+ and addend loaded serially)

TYPICAL POWER DISSIPATION: 5 mw, 5v, 5 MHz clock
80 mw, 10v, 10 MHz clock
300 mw, 15v, 15 MHz clock

ENERGY CONSUMPTION (FOR MULTIPLYING TWO 16-BIT NUMBERS): 64nJ

on the chip.) A second generation circuit would not only result in an improved speed (we
would consider this a worthwhile trade with respect to chip area), but would incorporate

some extra control logic to minimize external parts count in the mantissa processor.

This multiplier has also resulted in efficient implementations of two other types of signal
processing subsystem besides the CPA element. These include two FFT processors (Ref.
25, 26) and a Quadrature Demodulator-Digital Filter (Ref. 27).

“’. Descriptions of the basic architectural alternatives will now be given. One based on the use
of the serial -parallel multiplier (word parallel, bit serial processor) and two based on the
use of the all parallel multiplier (word serial, bit parallel processors). In the latter
case we consider a micro-processor controller within the element as well as the hard-wired

«; case. The comparative performance of all alternatives versus precision is given in Section

VI.

25

—




—

B i i O

1.3 WORD PARALLEL-BIT SERIAL APPROACH

The heart of the polynomial element - the arithmetic unit or mantissa processor - using the
custom chips is shown in Fig. 6. With each cell being one of the custom chips, cell 1 func-
tions as a delay register, cells 2 through 9 generate the product terms (the processor shown

is configured to implement P1), while cell 10 serves as register.

In this approach, generation of different polynomials involves reconfiguring the cell inter-
connections. This actually simplifies the control circuitry, as the controller must only
provide control signals to the interconnection gates (not shown in Fig. 6) and output a single

cloek burst. This will be seen in more detail in Section V when the brassboard is described.

The word-parallel processor modified for floating-point calculations is shown in Fig. 7. As
in the fixed-point processor, the polynomials are generated by proper interconnection of
cells. The function of the cells in the mantissa section is identical to that of the correspond-

ing cells in Fig. 6.

An overflow position detector and register, scalers, a left-justifier, and an exponent proc-

essor are provided to perform the necessary floating-point functions.

Since the polynomial terms are added together in parallel, scaling of these terms must be
done in parallel. The scaler information in this case represents the difference between the
largest of the term exponents and the exponent for the given term. Since this number is
always non-negative, the scalers although there are six of them, are relatively simple de-
vices, and consists of pre-settable down counters. During the scaling cycle, the counters
are counted down to zero and a clock is enabled to the various cells as long as that cell's
scaler is non-zero. When any scaler reaches zero it turns off its clock. The final addi-

tion is then performed on all of the individual terms.

After the final addition the mantissa must be left justified. This is accomplished as foliows.
The entire mantissa is shifted into a serial register and the present incoming bit is com-
pared with the bit received previously. If both bits are the same, a counter is advanced by
one, and if they differ, the counter is reset to zero. The mantissa plus 5 additional bits,

(allowance for maximum overflow), are shifted into the register and counter clrcuit. At
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the end of this time the number in the counter indicates the position of the MSB in the
mantissa.  This number is then transferred to the exponent circuits so that it can calculate

the final exponent term and is also used to left or right justify the mantissa.

I'he exponent section consists of a bit-parallel adder/subtractor (required so that all term
exponents are available before the mantissas are added together), two memories, and con-

trol logic. The control logic implements the flowchart of Fig. 8.

The use of the ones complementor along with the truncation of the least significant bits will
cause a processor error of less than one mantissa LSB for either the bit/word-serial or the

word-parallel floating point processors.

t.4 WORD SERIAL-BIT PARALLEL APPROACH

t.4.1 BIT-PARALLEL MULTIPLIER APPROACH

The architecture of a bit-parallel arithmetic processor is shown in Fig. 9. For fixed-point
calculations, a bit-parallel multiplier and a bit-parallel accumulator form the heart of the
processor. Gating is provided to allow calculations of second- and third-order product

terms.

Latches at the multiplier and adder outputs provide synchronous operation of the processor.
A typical micro-sequence of operations for a 6 term polynomial would be as shown in Table
4. Individual sequences for the various polynomial types would be stored in program mem-
ory and called up when required. Execution time would be basically dependent upon the

cycle time of the multiplier and will be considered in the tradeoff analysis.

For floating-point calculations, two parallel scalers, an overflow detector, and an exponent

processor must be added.

The scalers align the mantissas of the two floating point numbers to be added so that bits of
equal significance are added together.

The overflow detector determines the position of the most-significant bit (MSB) in the out-

put mantissa, so that this mantissa may be left-justified before storage in the data memory.
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Function:

START 1. Find largest exponent term

2. Align all other terms accordingly

COMPUTE EXPONENT
FOR
\THYERM (e,)
FIND TERM
WITH YES
i (E.X’P?:IENT FOR SUM
EXPONENT b
NO
5 NO
COMPUTE
YES o, = e + NO OF
r OVERFLOW BITS
COMPUTE EXPONENT
FOR
iTH TERM (e))
LOADe
INTO
X,Y (exponent) MEMORY
COMPUTE
LOAD Bej=e, o
SCALERS . 1
i
SCALING
INFO.
L. J
OAD A ¢
L Lo CORRECT FOR
- INTO |TH SCALER LEFT-JUSTIFICATION
N AND
STORE
N
d
.
L OVERFLOW
POS.

Fig. 8. Exponent Processor Flowchart
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Left-justification of the output mantissa preserves the accuracy of the element, since the

maximum number of significant bits are stored in the memory.

The exponent processor determines the output exponent, provides information for mantissa

scaling, and adjusts the output exponent for left-justification of the mantissa.

The exponent processor for floating point computation consists of a bit-parallel adder/

subtractor, four bit-parallel memories, and control logic.

The ej store retains the exponent value for the current (i-th) term of the polynomial, while
the eg store retains the exponent for the number already in the accumulator. The processor
loads the scaler registers with the necessary shift information so that each new term may
be properly added to the accumulator contents. The processor keeps track of the accumula-
tor exponent. When all terms have been accumulated, the eg exponent is adjusted for the
mantissa left-justification and outputted to the X~Y memory. This approach was elaborated

upon in Ref. 11.

4.4.2 MICRO-PROCESSOR BASED SYSTEM

An alternate implementation of the bit parallel processor would be based on a micro- proces-
sor as the heart of an element. A separate hardware multiply/accumulate unit would be in-
cluded within the I/O structure of the micro-processor to reduce the time required for the

arithmetic computations.

The architecture of such a system is shown in Fig. 10. The micro sequences required to
implement any of the polynomials would be stored in the program memory and the processor
could handle all of the required housekeeping functions such as address indexing, subrou-
tines, jumps, etc. The data switching and multiplexing, which is handled with discrete
parts in the bit parallel approach, would be controlled within the micro. In order to main-

tain a balance between complexity and speed the system would be limited to 16 bit precision.

A great variation in system speed, complexity, power, cost, etc. exists and the exact fac-
tors will depend upon the type of micro employed in the system as elaborated upon in Section

VI. The processor could vary from one of the bit slice processor to one of the many 8 bit

processors.
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The bit slice processors offer higher throughput (typical cycle time 100-300 ns) at the ex-
pense of system complexity. Most bit slice processcrs are microprogrammable and re-
quire a 16 bit wide control memorv. Some of the bit slice processors that could be employed
in the system are: the AMD 2900 series, 4 bit bipolar slice; the MMI 5701 series, 4 bit bi-
polar slice or RCA's ATMAC, 8 bit SOS array.

At the other end of the spectrum are the low cost 8 bit processors which have a cycle time
in the order of 2 - 5us. These devices have a fixed instruction set and are generally sim-
pler to implement. In order to obtain a useful system, double precision arithmetic opera-
tions would have to be used. Some typical devices are: the 8080 series, 6300 series both

NMOS devices or the 1802 series which is a CMOS device.

4.5 CPA CONTROL SOFTWARE

This section describes the processor (minicomputer or microprocessor) interface struc-
ture(s) for control of a CPA. The computer must provide the array with sufficient informa-

tion (in the form of control instructions and data) to solve the selected problen.. Control
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instruction and data must be loaded into their respective memories in the proper format
since much time can be saved in the actual processing of the data if it emerges from the
memory in a set manner.
Three different functions will be described:

1. Array command word structure

2. Element control word structure

3. Data memory organization

Reference is made to the functional diagram shown in Fig. 11. The description of the soft-
ware interface will be illustrated by a practical example involving an array of five elements

to be programmed for a network configuration as shown in Fig. 12.

; Figure 13 summarizes the various types of word structures and format presented in the

following discussion.

4.5.1 ARRAY COMMAND WORD STRUCTURE

This set of words is used by the controlling minicomputer to instruct the array about what
sort of data is to be given to or taken from its memory, and when to start, interrupt and

continue array execution. A separate 16 line bus is provided for these commands.

There are three basic types of commands: (load/retrieve data, execute, interrupt). The

first is broken down into three subgroups:
1) Data transfer, single.

R i This is a single word command to either load or retrieve a single data word from
the address specified in the data or control memory. Bits 0 to 9 refer to the ad-
dress, bits 10 and 11 are zero to indicate a single transfer without address exten-
slons, bit 12 identifies either the control or data memory and bits 13, 14 and 15

! form a three bit operation code (2g for load, 12g4 for retrieve*)

*The convention used here to read octal digits starting from the 0 bit position (see top
of Figure 13).
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2) Data transfer, multiple.

This command uses two words: the first is the same as above except that bit 11 is
set to a '""1" and indicates that more than one transfer is to take place; the second
word indicates the number of transfers.

3) Extended memory.

This command is used when there is more memory in the array than can be
addressed by 10 bits (1024) and uses two or three words. The first word is
functionally the same as the single word in 1) above, except that bit 10 is set
to ""1'" and bits 0-9 are ignored. If bit 11 is a "0" (two-word command), the
second word represents the extended address to which the data will be loaded.
If bit 11 is a ''1" (three-word command), the second word represents the num-
ber of transfers to be made, and the third represents the extended address (up
to 16 bits).

The execute command word is used to initiate execution at a specific location in the control
memory. Here bits 13-15 are set to ""1"" (16g) and bits 12-0 represent the address at which
to start execution. Up to 13 bits are available for the address so no provisions will be made

for an extended address form of this command.

Finally, the interrupt command word is used when for some reason it is desired to stop
execution at some place other than a programmed halt. Provisions are also made for con-
tinuing execution from the interruption point should the need arise. The use of this com-
mand word is anticipated to be very effective in debugging operations. Bits 15-13 again
form the operation code (04¢ for interrupt and 148 for continue) with bits 12-0 being unused

at present, but are available for future enhancements.

The complete set of command word op-codes is given below:

COMMAND WORD OP-CODES

CODE
FUNCTION BITS 15-13 OCTAL
Spare 000 00
Load 001 02
Interrupt 010 04
39
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Spare 011 06

Spare 100 10
Retrieve 101 12
Continue 110 14
Execute 111 16

1.5.2 ELEMENT CONTROL WORD STRUCTURE

To provide the array with a means of knowing what to do with all the data stored in its data
memory, control words are provided in the control memory. These control words are 16
bits long and consist of a three-bit operation code (again bits 13-15) and an address of 10
to 13 bits. The operation code specifies which of five polynomials is to be computed (and
some other instructions), while the address tells the processor the location of the first

value in the data memory. The various codes are summarized below:

ELEMENT CONTROL OP-CODES

CODE
FUNCTION BITS 15-13 OCTAL
NOP 0 0 0 00
P1 0 0 1 02
P2 0 1 0 04
P3 0 I 1 06
P4 1 0 0 10
P5 1 0 1 12
YDEST 1 1 0 14
HALT 1 1 1 16

The HALT code (16) tells the processor to finish off what it was doing and stop processing
data. This instruction is the normal way in which a series of computations would end. The
code NOP (00g) is used in special cases when computations overlap and it is desired to use
the results of one in the very next computation. This occurs during the division algorithm

where a series of P5 polynomials are calculated and each successive computation uses the

40




results of the previous one. Finally, the YDEST code specifies where in the data memory
the result of the previous computation is to be stored. Multiple destinations are indicated
by more than one YDEST appearing after a polynomial specification. Shown below is an

illustration of a short program corresponding to the network shown in Fig. 12.

LOCATION CONTENTS COMMENT
0000 0400001 P2 with data starting at 1
0001 1400011 Put result at location 11
0002 1400020 Also put result at location 20g
0003 0400007 P2 with data starting at 78
0004 1400027 Put result at location 27¢
0005 0200012 P1 with data starting at 12¢
0006 1400024 Put result at location 244
0007 1010022 P5 with data starting at 22¢
0010 1400026 Put result at location 26
0011 1010025 P5 with data starting at 25¢
0012 1400030 Put result at location 308
0013 1600000 Halt

4.5.3 DATA MEMORY ORGANIZATION

The organization of the data memory is rigidly structured in order to facilitate the task of
the controller when accessing data for a particular computation. The polynomial weights
are loaded in reverse order, (in ascending address corresponding to descending weight in-
dex) as are the X values. Table 5 shows how the weights and X values are loaded. Up to
eleven locations are required (for P5) to hold the data for each computation. Since the
controller is capable of depositing the result of any calculation into any address in the data
memory, dummy values or zeros must be loaded if a particular value is not available until

after computation has begun. Note that the control words above instruct the controller as

to which polynomial to compute and which data values to expect and in which order.
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TABLE 5. DATA MEMORY ORGANIZATION

WORD CONTENTS USED IN POLYNOMIALS
1 W, P1
2 w, P4, P1
3 W, P4, P2, P1
1 W, P4, P3, P2, P1
5 W, P4, P3, P2, P1
6 W, P5, P4, P3, P2, Pl
7 X, P4
8 X, P4
9 X, P5, P4, P3, P2, Pl
10 X, P5, P4, P3, P2, P1

A graphic representation of the array's memory content for the specific example considered
is shown in Fig. 14. Note that the instructions loaded into the control memory are taken
from the previous program, while the data memory contains the weight and variable inputs
for each of the polynomials to be computed. These are each 32-bit words (1 bit sign, 23 bit
mantissa, 7 bit exponent, 1 bit exponent sign) and correspond to the same format as used

in FORTRAN and BASIC languages. The values in parenthesis represent the 4 inputs to the
simulated network while the result (Y out) is finally stored in location 30.

In conclusion, to program the array for the computation of “he polynominal network shown
in Fig. 12 and then instruct the array to execute such computation, the computer will give

the array controller the following command sequence:

1) 0/011/100/000/000/001 = 034001 Load Control Memory start at 1
2)  0/000/000/000/001/100 = 00014 with 14¢ words

3) 0/010/100/000/000/001 = 024001 Load Data Memory Start at 1

4)  0/000/000/000/011/000 = 000030 With 30 ¢ words

5) 1/100/000/000/000/001
6) 1/010/000/000/011/000

n

160001 Execute Starting at 1

120030 Retrieve 1 Word from Location 30
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SECTION V

BRASSBOARD ELEMENT

I'his section describes, first as an overview, and then, in more detail the design, construc-
tion and test of the brassboard element. This brassboard was based on the serial type
organization with 32-bit floating point precision and was provided with sufficient features
to demonstrate the overall element approach, using a group of the custom serial-parallel
multipliers, as well as "calibrate” the performance of this architecture against alternate
approaches in the tradeoff analysis. While the heart of the element, the 24-bit mantissa
processor, incorporating internal switching for [unction control, did not present undo
problems, the exponent processor and associated scalers for justification was found to
require a considerable amount of circuit packages based on existing available parts.
Much of the other complexity was due to the overall timing and control which used TTL
parts for flexibility in the initial design. Any future model would use PROM's for

considerable savings in parts.

The actual brassboard is shown in Fig. 15, with the mantissa processor card shown out

of the rack. The eight 24-bit CMOS/SOS (ax+b) chips can be seen.

5.1 OVERVIEW

I'he CPA brassboard /block diagram shown in Iig. 16) has the capability to evaluate
either a single 6 term polynomial or 2, 4-term polynomial expressions with 32 bit floating
point precision (24 bit mantissa, 3 bit exponent) and was designed to interface with a
HP21MX mini-computer. Beside having the capability to evaluate the two polynomials,
the control logic and multiplexing circuits necessary to implement a 4 input, 4 output FFT
butterfly, transversal filter and the recursive division algorithm are also included within
the element as discussed previously. (The addition of two additional output registers are
required for the butterfly and an iteration counter and associated logic will be required

for the division algorithm).

Since the breadboard does not have a self-contained memory, all operating parameters

(poly. type, input data x's and coetficients) are stored in the host processor and transferred
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to the CPA element as they are required, and the CPA transfers back the Y's after each

implementation. Two sets of data buses are used:

1) 16 bit input bus - computer to CPA
2) 16 bit output bus - CPA to computer

along with two control lines to indicate the status of the bus.

Three different formats are used on the bus, (Fig. 17); one for control information and
the remaining two for the 32 bit data word. The bus from the CPA to the computer is

used for data transfer only while the computer to the CPA bus is used for control and data.

The time, or number of transfers, required to load the CPA is dependent upon the function
that is to be implemented and varies from a minimum of 7 to a maximum of 25 word trans-
fers (see Table 6). All even numbers transfers are data 1 format while all odd number

transfers, with the exception of the first transfer, are data 2 format.

In order to transfer data from the C PA to the computer, an output request is generated by
the computer, the 2“ bit is raised nigh followed by the poly type. The CPA will then
respond with the required number of data transfers, again dependent upon the poly type.
Four transfers are required for the 2 - 4 term polynomials (two Y's and two transfers per
word), with 2 transfers required for the 6 term polynomial and the division algorithm. The

FFT requires 5 transfers.

During the input loading routine, the first transfer contains the op-code and is latched on
the computer interface board. All other transfers are stored in one of two 16 bit parallel-
in, parallel-out registers. Once a full 32 bit word is available, (after the third, fifth, etc.
transfers), it is loaded into one of the nine buffer registers, (24 bits), and into the exponent
(8 bits) memory. The register that the contents are transferred to is dependent upon the

poly type decoded and upon the particular transfer taken place, (see Table 6).

Actually, the buffer registers are loaded twice; the first time all of the multiplicand terms
are loaded and after the last term has been loaded, the contents are shifted (serial to

parallel transfer with 3 lines per register) into the holding registers of the multiplier chips.
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TABLE 6. CPA LOADING

& 2
— |
S| prvision ALGO. FFT BUTTERFLY 6 TERM POLY. 4 TERM POLY.
1 {CONT. WD 0000/1000 |CONT. WD 0001/1001 |CONT. WD 0010/101G6 {CONT. WD 0011/1011
1] % Wg X2 A%
4 X W; X Xy
o S R Hi Ly BysBaf X1 LlyByaa4 Lo B1.3,6
6 Xz * QR 7 uc) o le
710+ X3 Lp B3.By Qg Lp By.Bg| W5 Lp Bs X2' Lp Bs
8 Q; Wq X3
9 Q; Lp By.Bs| Wy Lp Bg X) Lo Ba,s,
10 PR W3 Wa
11 PR LD B7 N3 LD 33 N3 LD 83
12 P; Wo Uz
*
i 13 P Lp Bg Wy Lp B, Wy Lp B2
14 W W)
15 Wy Lp By W) Lp By
16 Wp Wo
+
17 W Ly B; Wo Lo B,
18 W3'
19 ”3' Lp Ba
20 wzi
21 W' Lp Bsg
22 W'
23 W' Lp Bg
24 A Wo'
25 3 W' Lp By

-
DURING THIS TIME

‘ * EXECUTION OF PROBLEM START AT END OF TRANSFER

FE—

*
CONTENTS OF BUFFER REGISTERS ARE LOADED INTO HOLDING REGISTER IN MULTIPLIERS
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H
I'he registers are then reloaded with the multiplier inputs and the constant (Wg, ete.) terms.
I'he contents are then sevially shifted into the processor as required.
I'he switch point between multiphier and multiplicand terms is dependent upon poly type and
is indicated by a "*" in Table 6.
5.2 MANTISSA PROCESSING
I'he mantissa portion of the element is organized as a word parallel-bit serial processor
(as discussed previously) that can be re-configured to perform any one of the family of
multinomials.
The operation of the processor is broken into five sections:
1) loading of multiplicand into the holding register located within the multiplier chip.
' (occurs during transfer cycle between CPU to the element).
2) first level multiplication - for all single product terms (“'1X1, etc.)
: . 2
3) second level multiplication - for all eross product or squared terms (\&41\1 y etcy)
4) scaling operation
5) final multiplication and summation

A timing budget is shown in Iig. 15,

5.3 EXPONENT PROCESSING

The exponent processor, unlike the mantissa processor, operates in a word serial, bit
parallel fashion for maximum compatibility with the mantissa processor and is program-
T '\"’ mable to operate on any one of the family of multinomials as described in Section IV.
The combination of mantissa and exponent processor constitute the floating-point arithmetic
' : unit of the element. As the mantissa processor multiplies the mantissa of two numbers the
' exponent processor adds the corresponding (wo exponents to determine the exponent of the
mantissa product. If two or more multiplications are performed in parallel and the results
added together (as in the case of a polynomial evaluation), all input data must be represented

with mantissa/exponent normalized to the largest of the exponents. Furthermore, each
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partial sum of two products has to be checked for possible overflow. Should overfiow

occur the corresponding exponeit has to he scaled accordingly.

The output register board performs the left justification on the mantissa, transferring

the number of overflow/underflow bit positions back to the exponent processor. When an
output command is generated by the computer, the register board selects the first 16 MsB's
of the mantissa and gates them on to the output bus and then selects the 5 [5B's along with
the 5 bit exponent word for transfer back to the computer. The handshaking commands for
the 1/0 bus are generated by the register board and combined with the gating located on

the computer interface board to control the transfers.

5.4 DESCRIPTION OF TLOGIC DESIGN

I'he basic brassboard element was built around the CMOS/SOS serial-parallel multiplicr
(TCS 039) with all of the controi and data handling logic, (except tor the exponent processon
using standard TTL parts. The element required 8 wire-wrap boards (4.5 "N 9") used
about 200 IC's and consumed 30 watts.
I'he board breakdown is:

1) timing

2) control

3)  CPA interface (to HP 21 MX)

4) buffer register
) mantissa processor
6) output register
7) exponent processor

8) scalers




5.4.1 TIMING AND CONTROL

'hese boards control the mantissa portion of the CPA and were built using discrete TTI
IC's in order to maintain maximum flexibility regarding bit size, poly type and numbering

system (fixed point of floating point). 4

I'he timing chain consists of a 115 bit serial shift register which is held in the all zero state
until the data transfer between the computer and the element has been completed.  After the
last data word has been stored, a "start'" command is generated by the interface logic.

I'his input is applied as the serial input to the register and is clocked into the first stage.
Ihe "start” signal returns to a zero and the "one" in the register is shifted thru all the

stuges with various outputs being applied to the control board.

Beside the start pulse, the timing board is reset by the interface logic prior to any opera-
tions and also receives the 4 bit op-code which is decoded and latched on the interface

hoard.

I'he op-codes used to control the multiplexers which by-pass sections of the timing

‘hain are as follows:

a4)  single or two level multiplications - the FFT or transversal filter (P3 or P4)
requires only a single level multiplier while all other operations require two ‘
cascaded multipliers; therefore, the 24 stages that control the operations of the
second level multipliers can be eliminated during the execution of the FFT.

b)  fixed or floating point - for fixed point systems the 24 stages required for the
scaling operation is bypassed.

¢) ¢ .o bination of the above selects single level multiplication with fixed point
operation.

I'he implementation of the multiplexed switching for this timing and control chain is shown

in Fig. 19, with the execution time for the various conditions shown in Fig. 20. Whenever
the timing chain is broken, a zero is inserted into the unused portions, thus preventing

any ""1's" from entering the unused portion of the registers which could generate false

control signals.
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The control board combines the various outputs of the timing chain and generates system

clocks and controls. The following lines are generated:

1)
2)
3)
4)
5)
6)

7

multiplier reset - 2 clock pulses

"p" clock for multipliers 1-8, 7 separate lines

sign hold for multipliers 1-8, 4 separate lines are generated

buffer register clocks - 5 separate lines required for the nine registers
output register clock

output register control

adder/latch clock

5.4.2 COMPUTER INTERFACE BOARD (CIB)

The CIB is responsible for handling the 16 line input bus and controlling the '"handshaking'

operation between the CPU and the CPA element.

The major functional blocks on the CIB are:

1)
2)
3)
4)
5)
6)

7

transfer counter and decode logic

op-code latch and decode logic

serial to parallel converter - 2-16 bit bus to single 32 bit bus
multiplexer logic to load buffer registers

burst counter - load multiplier

handshaking logic

miscellaneous logic to control various timing pulses

Initially, the transfer counter is held in the zero state, either by applying an external

master reset or by the internal reset generated at the completion of a cycle, and the CPA

flag is in the high state (not busy). When the CPU has data available on its bus, it raises

the control line thus signaling the interface board that data is available. The transfer

counter will advance to state one and generate a strobe which will latch the data
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(op-code if it's the first transfer). Once the op-code has been latched, the multiplexers
will be set according to the "P" type and thus determine the sequence for loading the buffer
registers. It will also determine when to reset the transfer counter and generate the

start pulse. See Fig. 21 for a load example for the 6 term polynomial.

5.4.3 BUFFER REGISTER BOARD

The register board serves as the intermediate memory required between the host computer
and the mantissa processor of the CPA. It consists of 8-24 bit parallel to serial registers,

and 6 circuits to perform a 1's complement function.

Since all the numbers generated by the computer are in 2's complement form and since the
TCS 039, serial/parallel multiplier requires that the parallel word be a sign-magnitude
form, any negative number must be converted. Since the multiplicand, the parallel word
in the multiplier, is loaded in a serial-parallel fashion, (3 lines with 8 bits per line), a
one's complement is performed on the negative numbers as they are being loaded into the
registers. This is accomplished by latching the sign-bit in an external register and using
the register to control one input of an exclusive-or gate. Therefore, for negative numbers

the output is inverted while for positive numbers on inversion takes place.

This method, while being simple to implement, does distract from the system accuracy
since it introduces an error of one bit in all negative numbers. In the future, it is recom-
mended that a parallel 2's complementor, with necessary control logic, be placed between

the interface board bus and the buffer register board.

The loading sequence of the registers is controlled by the interface board and is dependent
upon the operation being performed. See Table 7 for the loading sequence as a function of
"P" type.

5.4.4 MANTISSA PROCESSOR BOARD

The processor board is built around the custom SOS/CMOS serial/parallel multiplier,

TCS 039, and is implemented in a word parallel, bit serial approach as discussed previously.
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lhere are = multipliers required with each multiplier handling two, 24 bit numbers

generating a double precision product (45 bits). In order to achieve the flexibility required
9

to configure the network to solve various polynomials, T 1. and CMOS multiplexers are

provided. ©* Once the "steering' logic has been established, the output products of the

various multiplier cells are added, serially, and stored in an output register.

'he functions capable of being handled by the processor were discussed previously. The
methods by which they are generated will be shown in detail. Fig. 22 shows the circuit
positions of all mantissa components - multipliers, adders and multiplex switches (for
poly, control) interconnected for a P1 while Table 7 shows the functions for each multiplier
and adder for each poly type. Fig. 23 shows the wavefo '‘ms associated with a typical

example, as a problem progresses through the mantissa processor.

5.4.5 EXPONENT PROCESSOR BOARD

I'he exponent processor board operates in a word serial, bit parallel fashion and contains
its own controller (PROM) to enable it to operate on any one of the four problem types.
I'he exponent is an 8 bit number and is represented in 2's complement format. The basic
operation of the exponent processor is as follows:

1) it receives and stores the ordered sequence of exponents corresponding to the data

X's and coefficients W's. It is also instructed about the polynomial type to be
evaluated.

2) it generates and stores, as required by the polynomial type, any new exponent of

the type Xiz or Xin.

! 3) it compares all exponents, determines the largest and generates the necessary
(— number of scalers, one per multiplier output, to be sent to the mantissa processor.

4) it receives overflow indication from the mantissa, computes the correction and

scales the exponent of the result accordingly.

The operation of the exponent actually starts with the first transfer from CPU te the CPA,
The sequence of operation will be reviewed with the aid of the timing diagram of I'ig. 21, and

i the exponent block diagram of Fig. 24.

FDepending on whether they appear between two multipliers (operating at 10v) or two TTI
adders (operating at Hv).
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The first transfer generates a system reset which is used to reset the PROM controller and
miscellaneous flip flop's on the exponent board as well as other portions of the system.
After the reset has been removed, the controller will cycle thru a fixed sequence to generate
and store the constants that may be required during the execution of the problem. The
controller will then switch to an idle state until instructed to advance. At the end of

the third transfer, the X9 data word is stored in the computer interface board. The word

is split up with 24 bits transferred to the buffer registers for use in the mantissa and the
remaining 8 bits transferredtothe exponent processor. This transfer reinitiates the
controller which stores the Xo exponent in memory and also proceeds to generate the

2 2
exponent for X_". The X2 exponent is then stored in its proper memory location and the

2
2
controller, again, turns off. After the fifth transfer, the X1 and the X1X2 terms are
calculated and stored in memory. The next transfer contains the W_ term and the first

5
complete exponent term (W5X22) is now calculated by thé processor. This result is then

stored in three different locations:
1) the location reserved in memory for it,
2) the memory location reserved for the largest exponent term, and

3) the outboard latch which provides one set of inputs to the comparator.

The sequence for the remaining terms is as follows:
1) calculate the exponent term (W4X12, etc.)
2) store result in assigned memory location

3) compare new term with the previous largest term. The previous largest term is
stored in the latch.

4A) if the new term is larger than previous largest term, store the new term in the
memory location assigned to the largest exponent term and also store it in the
latch.

4B) if new term is smaller, halt operations until next transfer.
This sequence will be repeated for all terms up to and including WO' After WO has been

processed, instead of the controller halting operation, it will begin a new sequence of

instructions.
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This sequence will be used to calculate the difference between the largest exponent and all
other exponent terms and also to load the difference into the proper scaler. This is
accomplished by reading the largest memory location and holding the value in memory out-
put port A. The adder stage is reconfigured to operate as a subtractor and all previous
stored exponent terms (W5X2 - W3X1X2. etc.) are subtracted from the largest term. The
output of the subtractor is then loaded into one of the scalers. This operation continues for

all terms, and after the last term the controller halts again. The exponent processor will

remain idle until the overflow/underflow data is fed back from the mantissa.

The scalers used in the exponent processor consists of pre-settable down counters, and
multiplexing logic to control the loading sequence. There are a total of nine scalers, each
of which consists of two 4 bit binary counters, with the pre-set inputs being controlled by a
common bus connected to the exponent output. The individual load commands are generated
on the scaler board and are determined by the '""P'" type in conjunction with the exponent

board.

After being loaded, the scalers are inhibited until a control signal is generated by the timing
board. This signal inhibits any multiplier clock pulses from being generated by the control
board and turns control of the multiplier over to the scalers. The scaler will provide a
variable number of clock pulses to each multiplier cell depending upon the problem being
executed. The number of pulses will range from a minimum of zero, for the multiplier

cell associated with the largest exponent, to a maximum of 24. Since there are 24 bits being
used in the mantissa, this is the maximum number of scaling pulses required to '"zero out"
any number. Regardless of the number of scaling pulses generated, the mantissa processor
control will remain idle until a maximum cycle (24 clock pulses) is complete. After this
time it will assume control and generate the required number of clocks to complete the

multiplication and addition.

5.4.6 OUTPUT REGISTER BOARD
The output register board performs the following:
1) left justifies the 24 bit mantissa and updates the exponent

2) serial to parallel conversion of the mantissa
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3) combines the 8 bit exponent with the 24 bit mantissa and transmits the output
words back to the computer.

The present board consists of the following blocks:
1) 2 - 32 bit serial in - parallel out shift registers
2) 2 counters and associated logic to locate the MSB's (MSB detector counters - MC)
3) PROM controller to control the output select and transfer sequence

4) 4 - 1 multiplexers and latch

By way of describing the operation of the output register, assume that a 6 term polynomial

is being executed.

b The serial output of the mantissa processor is shifted into a 32 bit shift register. As the
data is shifted in, the present bit is compared with the previously received bit and if they
are the same, a MSB detector counter is advanced by one; if they are different the MC is
reset to zero. The MC is used to locate the MSB of the mantissa, since, depending upon

the problem the location of the MSB can vary from 5 bit overflow to 24 bit underflow.

Assume that the two inputs to the final adder stage (adder #2) on the mantissa are +.9000.. .
and - .89690375. The difference between these two terms is: +.00390625 (0.0000000100. . .).
As this number is being shifted into the output register, five extra cycles are provided for
possible overflow; therefore, at the end of the processing cycle the following bit pattern is

stored in the register:

L} - R1A RoA R3A R4A
ojojojofojojo}o 0jojojo]0}1]0]0 0jo]0]ojojojo]o 0]0]0j0{0]0}j0|0
i BIT 0123456 7 Lcounter reset during this time
{ L— counter advances every cycle

i and the M counter has counted up to 12 (0-11002). At this point, the control logic switches
the output register enable line and this latches the contents of the M counter (this number
is then transmitted to the exponent board for final processing).
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In order to simplify the output transfer logic, the sign bit has to be located in bit 0 of either

R.A, RA, RQA or R,A. As shown by the example, the sign bit and MSB are located in the

1 4
middle of RZA' In order to align the bits, the 2 L.SB outputs of the M counter is decoded and
are used to generate a clock burst. This burst lasts until the 3 I.SB's of the M counter are
in a zero state, and for the example shown, four pulses will be generated. The M counter

will now be at 16 (1000()()2) and the registers will be as follows:

R4A R,A RaA R4A

o[ojojojojojo|o 0jofojojojojo|o0 0|1|ojojojo|0]|O ojojojojojojojo

The two MSB's of the M counter are decoded in order to locate the register that contains
the MSB of the mantissa before the parallel transfer to the computer. The decoding sequence

is shown below:

COUNTER MSB MSB REG.
( 1
) RZA
(
1 ) R3A
1 1 R4A
0 0 RIA

The following operations are performed:

0) the MSB's of the M counter are jammed into the output multiplexer sequence
counter (OMC) and the outputs of this counter are used to control the 4-1 mux.

At this point the cycle is halted until an output request is received from the computer,
When the output request is received, a PROM sequence is generated which performs

the following:
1) CL1 is generated - latching the 8 MSB's of the mantissa

2) OMC counter is advanced by one, the 4-1 multiplexers outputs are the next
8 MSB's.

3) C1.2 is generated - latches 8 bits.
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At this point the first 16 bits of the mantissa are available, the ROM sequence is halted

and the output word is transferred to the computer.

When the second output request is received the OMC counter is again advanced selecting the
3 ISB's of the mantissa and then the 8 bit exponent is selected and latched. Again, 16 bits

are available for transfer and then the operation is completed,

For the four term polynomial, the sequence is repeated twice, the first pass uses M

counter 1, while the second pass uses M counter 2; 4 transfers are required.

~

5.5 SOFTWARE SYSTEM FOR THE BRASSBOARD ELEMENT

Fig. 25 shows the four major parts to be considered in the operational system for the CPA
element interface with the HP210S8. The overall control is provided by Basic Control
System (BCS) supplied by the computer manufacturer. This module handles all 1/0
operations in order to relieve the user from the task of specifying the I/O slot of each

peripheral, thus allowing the user programs to be device independent.

The remaining three modules were written by RCA and are required to control the various
data transfers between the element and the computer. The first of these is '"D. 66" otherwise
known as the Drives (listing of all modules are located in Appendix K). Briefly its function
is to receive data which has been structured and formatted by the ""service routine' and
make appropriate calls to BCS in order to deliver and retrieve data from the element.
Control information is also provided to the driver in and or to specify how many 1/0
transfers are to be made to the element. The driver allows the element to operate on an

interrupt basis, making it compatible with other peripherals.

The next module is the "Service Routine.'" This module decodes subroutine calls from
the user program to determine which polynomial is desired. From this information,
calculations are made to determine the addresses of the data points, how many data points
there are to be transferred, and how many results are to be recovered from the element.

This and other necessary data are formatted and ordered so as to allow the driver to
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transfer them to the element in the shortest possible time. (At present this system does
not use DMA: however only minor changes to the driver would be required in order to

do so).

The final module or "User Program'' is written in a high level language in order to make
it convenient for users to write programs using the brassboard element. At present
Fortran is used but there is no reason why Algol or advanced forms of Basic could not
be used. In order to make use of the element the user must dimension three arrays.

sy W, W, W

I'wo of these hold the input points (Xl and Xz) and coefficients (e.g., W 1* Wor W

0
\\';. W_) while the third array holds the result of the element's calculation.
‘ o

A subroutine call is then made to the service routine '""Poly" as follows:
Call Poly (N, D(1), C(1), R(1))

where N is the polynomial type, D(1) is the first element of the input array, C(1) is the

first element of the coefficient array and R(1) is the first element of the result array,
K™

(This is where the answers are returned). As depicted in Fig. 25, both data and

coefficients may be provided on paper tape or they may be calculated within the program.
Figs. 26 through 35 are the actual logic diagrams of the brassboard element as described.

5.6 BRASSBOARD DEMONSTRATION

A typical system implementation is demonstrated by the program ""Array 5" with the actual
CPA configuration shown in Fig. 36. This network involves 15 elements, with elements

1 thru 9 being 6 term polynomials (P1) and elements 10 thru 15 being 4 term polynomials
(P2).

Before the execution of each element the computer transfers the required coefficients and
data points from its memory to the CPA's memory. At the completion of each element's
calculation, the computer retrieves the "Y' from the brassboard and stores it in the proper

location(s) for use at a later time.
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In order to implement the entire network, 13 passes are required. Nine passes for each
of the 6 term polynomial and 4 passes for the 6 - 4 term polynomials. Flements 10 and 11
are implemented simultaneously, but, since before elements 13 or 14 can be implemented

the outputs from elements 10, 11 and 12 are required, element 12 must be implemented

along with a dummy element.

Table 5 lists the coefficients for all the elements and the data base for three different

examples, along with the final output of the CPA for each example.

I'he final answers have been checked against an HP21 programmable calculator and are
within 0. 1'/ with the differences resulting from
1) one's complementing of negative numbers

2) truncation of mantissa \

3) different internal bit precision (over 30 bit mantissa in calculator compared to
24 bits in CPA).
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TABLE 8.
BRASSBOARD ELEMENT

PUT WZIGHT TAPZ IN RZADZR AND PRISS RUN

PAUSE
ELEMENT Wo W w2 w3 LA Ws
1 +91078,-.31324,-.42223,.37257,-.1713321,-.12443Z1/
2 «52849,.24757=Z1,41425%,=4195331,-.32531E51,-.592252-1/
3 17612Z1,1735651,-.45755,-.35122,-.4133921,.4743Z-2/
& 15424Z1,.2234751,-.4337,-.45237,+19513,-.512325-2/
S ¢3126=Z-1,42735921,-432329,-491401,-.34755%1,-.33533Z1/
6 -.35357,.81279,.39329,.32524,.25331,.143522/
7 -.17459,.91152,.72919,.35352,.1773,.11335/
8 .12494=-1,.31217,.53128,.447353,-13771,-.5225%352-1/
9 -.13814,.35329,423743,497513,-.374472-1,-e57359/
10 -.765972-2,.51635, 49344, .155%472-17/
11  ,48566=-1,e5957,441215,~.753522-1/
12 .11885,.853385,.15834,-.15413/
13 -.22998=z-1,.27321,.7337,.257332-1/
14 -.46180=-1,.12274,.32234,.5323332-1~
15 -515543-2;-1335121;-.33731;-‘617253-2/

PUT DATA TAPZ IN RZADZIR AND PRZSS RUN

PAUSE
« 5085758 -+105837221 -+2535397 «7852853=Z-1
-¢2961533 -¢3275542 «3025527 «81017222-1
RESULT = -.378993Z+22
PUT DATA TAPEZ IN RZIADZR AND PRESS RUN
PAUSE
« 5764495 -e91562722 -+1952316 1114777
-+1417897 ~e25325192 «15326456 «1280857=-1
RESULT = -.335923z+22
PUT DATA TAPE IN RZIADZR AND PRZSS RUN
PAUSE
«6995189 «8986785 -e21435323 -«2635511
«1384989=-1 -+3285279 «2864978E-1 «6727891E-1
RESULT = -.114112Z+21
PUT DATA TAPZ IN RZADZIR AND PRESS RUN
PAUSE
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| & SECTION VI

TRADEOFF ANALYSIS

The tradeoffs which were conducted considered three basic architecture types, (Sec. V) us

ing a variety of developmental or available parts. These three types include:

1) use of the serial-parallel multipliers operating in word parallel, bit serial form.
This is the type embodied by the brasshoard element. For this type, two different
multiplier chips were considered; the RCA, CMOS/SOS circuit, (TCS 039, 24 bit)
developed at the beginning of this project and a circuit that became available to-
wards the end of this project, the bipolar, schottky T2L (AMD 8~-bit) part. Besides
difference in bit length (and a considerably greater difference in power dissipation)
these devices require somewhat different interface logic within the mantissa
processor. They are characterized in the tradeoffs mainly by their difference in
clock rate in curves that follow, with the TCS~039 considered to operate at 10 Mz

b ! and the bipolar unit considered to operate at 20 Miz. *

2) use of a parallel array multiplier. The element performance using these type
multipliers was estimated for two state~of-the-art circuits also; the RCA (develop-
mental) CMOS/SOS, 8X8 chip and the TRW (MPY-16) bipolar EFL, 16X16 chip.

In this case, one complete parallel multiplier, used in a bit parallel, word serial

fashion is used as a basis for the tradeoffs. That is 9, 8X8 chips for a 24-bit ele-
ment, etc. In the case of the 16x16 chip, the performance was estimated only for
the 16-bit precision fixed point element.

Further assumptions for the all-parallel multiplier organizations in the tradeoffs
are:

using an 8X8 SOS chip

speed for 8X8 multiply 100ns
speed for 16X16 multiply 400ns
! $ speed for 24X24 multiply 900 ns

using the 16X16 bipolar chip

speed for 16X16 multiply 200ns

| ¢ Also, the use of the all-parallel 8X8 SOS chip assumes the use of the compatible
family of developmental SOS devices for control, addition, and register storage.

e

e

*Each of these multiplier types will operate at somewhat higher speeds (15 MHz and 30 MHz
respectively), but worst case and timing logic considerations dictated the more conserva-
‘tive estimates.




3) use of a microprocessor based element in conjunction with a parallel multiplier.
This differs from case 2) in that a high speed micro (instruction time of about 300ns
with SOS or bipolar) replaces all the element control logic. A low speed micro-
processor based element (instruction time of about 2 to 3 us) is later shown in
relation to the other approaches for specific word length (16-bit).

Estimates of complexity (a1 measure of the total number of IC packages - custom LSI, or
otherwise), speed, power dissipation and total chip cost were made with respect to bit
length. Both fixed and floating point were considered for some of the cases. The complex-
ity factor does not take into account element intraconnection, element interconnection or
overall size. These consideration will of course affect overall system cost and reliability

and gives the serial type multiplier architectural approach added advantage.

Fig. 37 shows the relative complexity for different precisions, for both fixed and floating
point for the cases of the two types of serial and the 8X8 parallel multiplier. As noted, the
floating point exponent is 4 bits for 8 bit mantissa precision and 8 bits for all other preci-
sions. From a parts count point-ef-view, the CMOS/SOS 24 bit unit is generally the most
efficient, (except for 8 bits where a single AMD circuit for each multiplier suffices). The
penalty for floating point can be seen in each case. (The present brassboard is the 32-bit

floating point element using the 10 MHz multiplier.)

Fig. 38 gives the speed profiles of the alternate approaches. The speed penalty for floating
point in the all-parallel multiplier approach is minor because parallel shift for binary point
justification is assumed. More than 1 parallel multiplier can be employed to effectively
double the speed especially for 24 or more mantissa bits. For example, whereas 9, 8X8
chips result in an 8 usec execution period, 18 of them working in 2 independciit multipliers

can be used. Complexity and cost would however significantly increase.

The following performance estimates consider only fixed point elements and show the per-
formance of the alternate all-parallel bipolar multiplier as well as the micro-processor
based architecture in relation to the other approaches, and also go on to consider power and
cost. One other important distinction is also made. The succeeding curves consider an
element with sufficient memory so that it can be multiplexed to form a net with up to 20

elements (the multiplexing aspect as discussed earlier in this report.)

86

e e -




e

-

Relative Complexity

/ Floating Point*

/

(Par. 8 X 8 Mult.)

300 W
Fixed Point
280 T (Par. 8 X 8 Mult.)
260 +
240 +
220 J‘
200 T
180 T Floating
Point*
160 4 (20 MHz 8-bit Mult.)
Floating Point
140 A (10 MHz, 24 bit Mult.)
Fixed Point
120 T (20 MHz 8-bit Mult.)
100 T+
-1 Fixed
Point
60 - (10 MHz 24-bit Muit.}
w -
20 4
+ e —t- . + +
0 8 16 24 32 40 48

Mantissa Precision

Fig. 37. CPA Complexity for Various Precisions
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The features of each system estimated now are summarized below:

1) Serial-Parallel 24-bit SOS/CMOS multiplier (10 MHz)

memory - high speed RAMS for serial inputs (capable of implementing a minimum
of 20 elements)

mantissa - 8 serial/parallel multipliers with multiplexers to reconfigure the net-
work to implement the 6 term or 4 term polynomial or a FFT.

output registers - uses tri-state T2L registers.

2) Serial-Parallel 8 bit T2L multiplier (20 MHz)

Similar to approach #1 with the exception of the multipliers used.
These architectures are based on our present breadboard model.

3) Parallel multipliers configuration using the 8X8 CMOS/SOS multipliers

'P' This approach is based on custom LSI devices developed within RCA and include
the following:

8X8 parallel multipliers (expandable) TCS077

18 stage parallel in-parallel out registers TCS015

8 stage parallel adders TCS000
1029 X 1 RAM (commercially available) MWS5501D
256 X 4 RAM (commercially available) MWS4440D
multiplexers (commercially available) CDS4066

\ 4) Parallel system using TRW's 16 X 16 multiplier (MPY16A) Similar to the SOS
M multiplier system but incorporates T2L parts beside the EFL multiplier.

5) Micro-processor based system

& This approach is based on a high speed micro-processor as discussed in conjunc-

§ " tion with separate hardware multipliers, adders, etc. for use in signal processing.
L Typical of this approach is the new RCA ATMAC, or other bipolar units soon to be
| : available.
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The complexity estimates for these assumptions (Fig. 39) include all necessary control
logic for stand-alone elements. The previous two curves were based essentially on fully
populated C PA's where common control was possible. It is seen that the micro-processor
scheme is advantageous from a total parts point of view, while all other alternatives are
grouped together for 16 bit precisions. A somewhat reverse trend is noted for speed

(Fig. 40).

The cost for the various T2L parts are based on published price lists while the cost of the
custom SOS devices have been estimated from between $100 - $150 per unit in small to
moderate quantities (up to 100). The component costs depend to a large extent as to pro-
duction volume. For low to moderate volumes, catalog IC's will always be substantially
less than any customized part such as the SOS or EFL multipliers or high performance de-
velopmental micro-processors. Fig. 41 reflects this trend and shows that all alternatives
are close in cost for 16-bit precision for reasons of component count or custom circuit
usage. The use of the TRW multiplier (a single point or all curves for 16 bits) would result
in a lower cost element because it can be used with commercially available TTL. Finally,

the power trends, Fig. 6-6, show the obvious advantage of CMOS/SOS based architectures.

In summary, these curves (Fig. 39 to 42) are based on multiplexed or fully populated C PA
architectures (as opposed to the curves of Figs. 37 and 38). The micro-processor based
element depends largely on the technology used. The power curves would be different for
a bipolar device, while speed, complexity, and cost might not vary that much. Production
volume must be more closely tied in to specific estimates based on developmental LSI

components.

To consolidate this data and put it in perspective with a low cost, low speed microprocessor
based element, Table 9 was prepared. The all-parallel multiplier organization is not in-
cluded here since it was generally out-performed by the serial approach. Here, we con-
sider average complexity and speed, and relative cost. Only the low cost, low speed micro
approach does not have a necessary chip assumed for its performance. This would be a
serial-parallel multiplier (similar to those used in approach 1, but customized for inter-
facing with the micro). While the defined figure of merit (the lower, the better) indicates
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TABLE 9. PERFORMANCE OF CPA

ELEMENT ARCHITECTURES

Architecture Type s Figure of Merit
. - IC! Speed
(for 16 Bit Fixed Point) L Bes i IC's Speed Cost
1. Serial Multiplier 33 3us X 99
2. High Speed Signal Proc.
Micro. - (16 Bit Org., 12 10us X 120
300ns inst. time)
(ATMAC or Equiv.)
3. Low Cost Micro-Proc.
(8 Bit Org., 2-3us 5 150us X/8 94
inst. time)
(1802 or Equiv.)

Elements for use in fully Populated Arrays

Uses all Available Parts

1.
2. Developmental; Large Connectivity, All-Parallel Circuitry
3. Based on Availability of Compatible Serial Mult. (Under Dev.)

the best efficiency (if power dissipation were included it would even show this much more

dramatically) of the low-cost micro, the serial multiplier approach, in today's technology,

is about the same in overall performance. It is more likely that any specific implementa-

tion would be chosen on the basis of speed requirement, of course.

I ———

.
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SECTION VII

ANALYSIS OF FIXED-POINT
PROCESSING OF NESTED POLYNOMIALS

7.1 INTRODUCTION

Nested polynomials have been utilized to create nonlinear functions
which "model" the underlying relationships implicit in a ''data base"
or matrix of numerical observations [Ref 1]. The data base can be
thought of as consisting of M rows, where each row is an "observa-

tion" of the n + 1 variables vy, xl, xz, R xn. Algorithms
have been established to '"train'" or create a nested polynomial
function
Y = P(Xy,%Xg,...,%X ) (7.2)
")

such that ¥ = y for each of the M observations in the data

base (where v denotes some criterion of fitting, such as minimum
-
square error), and ¥ = ¥ is expected to nola for any new

observation (or observation which was not used by the training
algorithm)., This latter requirement is sometimes referred to as
"overfit avoidance".

The nested polynomial,y = p(xl,xz,.,.,xn),is a composition of
elementary polynomials Or '"elements'". An element, for example,
could be the six-term, two variable polynomial

Ix(29:29) = W x * W3 k%1 * Vg kZy * W3 Zy2, *
B 2
s x"1 %5, k%2

The elements are used recursively, or '"nested", to form the nested
polynomial function.

For example, a nested polynomial function of four variables may be:
y = P(xl, X1 Xg, x4) = 15 {fatfl(xl, x3), x2],

84085 (xy0 %9)0 150x5, %001}
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This can also be expressed by a diagram:

1__-
f L
1
%3 ‘ M i
X l £ L"“"') y
2 i85
f iy l
x4 2 |\ 4
It i f course, possible to expand this function, that is,
e> t directly as a polynomial in the four variables X1 Xo

ich an expansion will consist of a great many terms,
computationally inefficient compared to the nested element

representation.

Recently, LSI hardware has been developed to compute nested poly-
nomials of a certain type [Refs. x,x]. This hardware uses 32-bit
floating point arithmetic but the design could be modified to perform
fixed-point computations. Fixed-point hardware is generally

faster, less expensive, and requires less power to operate than

floating point hardware.

7.2 OVERFLOW AND ACCUMULATION OF ROUND-OFF ERROR

There are two potential hazards of fixed-point computation which
must be considered: overflow, or the computing of a number, x,
outside of the range lxl < 1; and the accumulation of round-off

1/

error beyond an acceptable tolerance.=

In Part 1, it will be shown that by observing certain restrictions
while '""training"” a nested polynomial to model a given data base,
the resulting nested polynomial is guaranteed never to overflow.
These restrictions are shown to be very mild in that the modeling

l/Some fixed point processors omit +1 from the permissible range.
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capability of the training algorithm is not affected for all

practical purposes.

In Part 2, the accumulation of round-off error will be examined,
and in Part 3, the word-length requirement of a fixed-point nested
polynomial processor will be stated in terms of (a) the accuracy
of the data, (b) the number of "layers'" of the nested polynomial
to be implemented, and (c) the restrictions imposed on the
training algorithms. Nested polynomials consisting entirely of
six-term elements (as above) will be considered. Nested poly-
nomials composed of one or more different types of elements can

be analyzed along similar lines.

Part 1 - Restrictions on Model Training Which Prevent Overflow

Triangle inequality -- For any two numbers x and y, it is always
true that
Ix+y| < |x| + |y]

let x =a + b + cand y = -c. Then:
la +b+c+ (-c)] < |d+b+c|+ |-c
la+b|] < |a+b+c|+ |cf

Ins+ bl = Je] £ s *b% gl

This form of the triangle inequality will be used in what follows.
Theorem 1:

2

Let f(x) = ax“ + bx + ¢, and |x| 1, jI(x)] = & Then:

1A

A.

la] < 2a, |[b] < 2A, |cf

|A




Proof:

(13 26} = o, |2exyl

{8y  f(1). = a+ b % g,
g+ Bl ~ lel =
ja + B8] =&+ e

ja + Bl < 24.

€3y £(=1)e =" a = birk e

(4) |(a +b) + (a - b)|
> 2|al < 4A

I\al .<_ 2A‘

(5) |(a +b) - (a-Db)

+ |b] < 2aA

Theorem 2:

Let

f(xl, x2) = Wy i
and |x,|] < 1, |%5] =2
Then

|w0| £ . Ay lel =

lwel < 2, |wgl

<Rt

| £(x) |

la, >~ Db + ¢

< 24

~ |la - b

| A

| A

la + b]

| £ 2A as in (2) above.

la + b| + |a - D]

+

|-(a - b)]|

< 4A

< 4aA,

2 2
@ sty
<A,




Proof:

€1 1109 = |w0| < R
€2) £(x.,0) = w. Fw.xXx_ + WX 2.
1.2 0 D S | 471 7
Therefore from Theorem 1, |w,|
€3 £CO . X)) 7 W R e e e 2.
y ik 0 202 i
Therefore from Theorem 1, |w2

consider

(4) Finally, to bound w3,

(L, 1) = I(=1, —13F = E5(1,

Therefore:

bamgl £ |2(3, 3] * |22, -
< 4A

lwal < A.

Theorem 3:

Let
f(xl. xz) = wO i wlx1 t w2x2
and
Ix4] < 1, |x2| £ 1, (%l
lwgl < &, lwgl < 2a, |w]
101

Je(; 00] 2l A

< 28 |w4] < 2A

| £¢0, x2)| AT
s e S
s o

=5 o el (52 L) o e (RO )

By B =1+ fE(=1, 1)

< 24,

gl

A e RS =
ot




Then :
(a) If(xl, xz)l < 10A

(b) In computing f(xl, x2), no number greater in absolute

value than 10A can be formed.
Proof:

2 2
r |

[w4x1 |w5x2

< A+ 2A +2A + A+ 2A + 2A

There fore |f(x1, xz)l < 10A, and each term in the

sum is bounded by A or 2A.

Restrictions on Training a Nested Polynomial to Model a Data Base--
] L]

(a) Data Base Scaling: Each of the n + 1 variables in
the data base must be scaled prior to generating
the nested polynomial. The scale functions S1 ... S
must be monotonic and must map the domain of each
input variable into [-1, 1]. The scale function Sy
must be monotonic and must map the domain of y into
[-B, B], where B < 1. The purpose of B is discussed
in (d) below. Primes will be used to denote the
scaled values:

n

o R L
x?' = Sz(xz)
xn' = Sn(xn)

y' ki Sy(Y)
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Note that the domain of each of the N + 1 variables
must be estimated from the known occurrences of these
variables (in the data base or elsewhere), or from
known physical limitations.

Once these scale functions are known, the desired

function y = p(x1, X2, ..., Xp) may be realized by
training a nested polynomial, q, on the scaled data.
That 15, 1f y' = g(Xq"', %s', ...., %3"), then the

desired function, p, is the result of the successive
transformations:

xl' 2 Sl(xl)
xn' = Sn(xn)
y'oo= oalxy', X', ..., X0)
-1
= S !
b y y €y

In addition to the scaling of data base variables, it

is necessary to scale the element outputs within the
training algorithm and within the resulting nested
polynomial. This intermediate scaling will be discussed
in (e) below.

(b) Element Verification: Each element which may be used
in the nested polynomial, q, must be inspected to
insure that its coefficients satisfy all of the
following:

<

lwll =

|A

L B TR = R o T S (= T
N N O NN =

l : 103
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(c)

(d)

An element which fails this test cannot be used. This
element verification test is the only restriction that
must be added to the training algorithm in order to
guarantee fixed-point reaéiéﬁtion. (The scaling
requirements of part (afR o'mnot restrict the per-
formance of the training algorithm.) The effect of the
element verification test on the modeling capability

of the training algorithm will be discussed below.

Word Length Versus Training Algorithm Capability - A
Tradeotf: Theorems 2 and 3 show the relationship of
function boundedness and coefficient boundedness

for the six-term element. This relationship in turn
suggests a tradeoff between processor word length and
training algorithm capability, as larger word lengths
enable greater scaling (smaller values of A in
Theorem 3), which in turn make the element verifica-
tion test less restrictive.

Single-Element Model: The purpose of scaling the
y-data into a smaller range than the x-data can be
appreciated by considering a single-element model.

We will choose B = 0.0625. Assume that all variables

in the data base span the range (-1,1]1, and that each
number in the data base is exactly expressed in v bits.
Then, in order to scale the y's such that |y'| < 0.0625,
it is necessary to have a word length of at most

4 + v bits (0.0625 = 1/16 = 2~%). Now if the

element does not satisfy the verification test of (b),
this implies (by Theorem 2 , with A = 0.1), that the
element must somewhere assume a value greater than

0.1 in absolute value within its domain. Since the
element is itself the '"model" of y' = q(x1', x2', ...,
Xn'), then such an excursion would imply that the
rejected element was, at least in some region of its
domain, more than 60 percent greater (in absolute value)
than the desired model.

Similarly, if B = 1/32, then 5 + v bits will be
required, and only elements which are more than 220
percent greater (in absolute value) than the desired
model may be rejected.

For all practical purposes, B = 1/16 will not unduly
restrict the training algorithm, and therefore 4 + v
bits will be required to guarantee that overflow cannot
occur. )
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(e) Nested Polynomial Model: In general, the desired
function, q, is approximated by a nest of elements
rather than by a single element. In this case, the
"intermediate variables,'" or outputs of elements which
are used as inputs to successive elements, must also be
scaled. This is because the ratio of the range of
element output to the range of element input must be
the same for each element, and this ratio is given by
B. In the training algorithm, each element output
which is to be used as an input to successive elements
must be scaled such that its range is nearly [-1, 1].
In the resulting model, the inverse scale functions are
applied to these intermediate variables. By using
scale factors which are powers of 2, the intermediate-
variable scaling reduces to simple shift operations.

Part 2 - Analysis of Rounding Errors

The notation follows Wilkinson's kounding Errors in Algebraic

Processes (Prentiss-Hall, 1963). The equivalence sign (Z) is

used in expressions of the form

S = C(a1 + € 8, tie a + en)

) Bl Rl e

where the numbers ag, Bp) ooen

computed quantities, and S is the exact value of the computed

an are initial data or previously
quantity, C. We then try to find inequalities which bound the
€e's. See Wilkinson's reference to 'backwards analysis'" for

details.

Rounding Errors in Fixed-Point Arithmetic -- Assume an arbitrary

word length of t bits. There is no rounding error in addition
or subtraction, i.e.

+b

m
o

fix(a + b)

fix(a - b)

1

)
1

o




In multiplication, the rounding error depends upon the rounding
procedure used. We will assume that a 2t-bit product is formed,
g7t 4 added, and the t most significant bits are retained.

In this case,

fix (o s B} = wbh + 25 le] ¢ b

Note that overflow cannot occur in multiplication, but can occur

in addition or subtraction.

Rounding Errors in Computing a Six-Term Element -- where
Ix,1 =<1, ]le Co TR S e
|wj| <Ot = 0,3,

(1) Ideal case: If the processor has the capability of perform-
ing (t x 2t)-bit multiplication and accumulating 3t-bit products,
then rounding takes place only at the very last step, when the
3t-bit result is rounded to t bits. In this case,

- P “=1
PIxfiix,, %01 2 (%, %xF + ¢; |e] "< 2

(2) Near-ideal case: It is likely that a t-bit processor would
not have the ideal-case capability. More reasonable capability
would be (t x t)-bit multiplication and 2t-bit accumulation. For
this case, let fix* denote the 2t-bit result of an operation. Then

. o -t-1
Fix(f(xy, %)) = fix*[£(xy, x,)] + el;|51| £ 2

Note that:

n
€
%

(2) fix*(wlxl)

(b) fix*(w

I
£

2%3)
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(c) f1x*(w3x1x2) = W3(X1X2 + 63) =ty

Let Eq = wyes. Since |wg| < 0.1 < g9 legl <
then fix*(walxz) = WaX X, + EB;IESI < 2—t-4
(d) fix*(wdxlz) = w4(x12 + 84) = w4x12 + LI
Let E, = w,e,. Since [w4| e g e, |g4] <
fix*(wqxlz) = w4x12 + E4;{E4, < 2—t-3
(e) fix#5w5x22) - w5x22 + ES;IESI < 2‘t“3

"

fix[f(xl, x2)] fix*[f(xl, Xz)] 3 =

; ©

f(xl, xz) S IO, E4 = E5 + €

3 1
or,
fix[f(xl, x2)] = f(xl, x2) + E
where
|El = By + Ey +Eg + e | < |Egl + [Egl + |Eg] + |eyl
i1 < g=t=4 | o=t-3 | ,-t~3
L
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Accumulation of Rounding Error -- It has been shown that the

rounding error for one six-term element is bounded by 27t-1 4, .
8 the ideal case and 2% in the near-ideal case. When these ele-
ments are nfstcd, the rounding error induced by tne innermost
elements (i.e., those in the first "layer'" when the nest is
expressed in a diagram) becomes input error to the next-innermost

elements (those in the next layer), and so forth.

The effects of input error can be assessed by considering an
arbitrary element with known input error. This can be done for
the ideal case, the near-ideal case, or for other hardware

realizations of an element.

The following analysis is for the near-ideal case; that is, the
case in which the processor accumulates 2t-bit products, scales
the 2t-bit element output by shifting left an appropriate number
} of hits (see Part 1(e)), and finally rounds the scaled product

! to t bits.

It is necessary to consider rounding error and propagation of input

error simultaneously. Therefore,

Let
f(x x) = W + o + + + 2 2
1’ Xg 0 wl'l wzxz w3x1x2 “4\1 o+ wux2
where
>3 -2 s By
l“i' £ 08d " < forq = 3. 2% 4, 5
9 Wl 2 D € B for y e 0,8
fe ) ' i J R
L I, 2 1, Ix| 2 1.
i
i Let:
L, —
L xl + i |
5 = 2]
Ty Ly N
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where :

< ok |8

As in the previous section, E's will be used for rounding error.

(8] - FAWN(RRL0 3 Waly ROWaRs W8y % WE, HEy
, —2, -k —2-k
where |h1| = |w1||81| e e = 2 >
(b) fix*(w,X,) = w.x, + E_; |E,|] < 272k
g¥g) = WaBe ¥ o | By
(c) le*(W3X1X2) = w3(a<1x2 + s3) =
Wal¥sSp T Xgbo * %8y ¥8,05) * Waeq
Wakgsg + By
where:
[Bgl < lwgxiBpl + lwgxgBy| + [wgBy8y] + lwgts
< 37837k 4 g7k, Bk, gotel
- 3737kl 52k ,-t-1
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(d) flx*(w4x1 Y w4(x1 + 54)
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2
e A
where :
B} < 2 a.aE+ i
= = -1
o griiealed L gndh g g
(e) fix*x(w.%,%) = wex,? + E;
52 572 5’
|E5| < 2—2(2—k+1 ) 2—2k 4 2~t—1)
Therefore
ST, T = HnRtiR . 207 ey legl < T
S ¥ 120 =2 1’ 1 =
- f(xl, xz) + E1 + E2 & E3 ot E4 + E5 +t ey
- '
f(xl, x2) + E
where
'
|E'l = |Ej + E, + E5 + B4 + Eg + el|
£ < gUE g3k o3It g3k goted,
™ 9o 2 K*1 | g2k | potoly  p-t-1
= (2-k-1 & 2-k-2 + 2-2k—3 + z-k + 2—2k—1) %
" (z—t-4 4 g t-2 4 o-t-1y
Therefore [E'| < 2"l 57,
In this case, since K < t + 1, 2'k+1 > g't’ and
IE'I < 2-k+2.
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This result says, loosely speaking, that if an element operates
on data with K-bit accuracy, the element output will be a:ccurate
to at worst K-2 bits, or less.

Part 3 - Word Length Requirements

If we assume for the moment that the input data to the nested !
polynomial are exactly represented with v bits, then we know

(from Part 1 ) that 4 + v bits are needed to accommodate scaling
and (from Part 2) that an extra 2 bits per '"layer'" (except for

the first layer) are needed to prevent the propagation of rounding
error through successive layers. Thus, for a nested polynomial

of j + 1 layers, a word length

b=4+v+ 2j

is required to maintain v-bit accuracy (i.e., error bounded by
2—v—1)' given near-ideal hardware.

Note that in general, the input data are not exact v-bit numbers,
but are v-bit approximations to the true (usually unknown) numbers.
Therefore, v-bit accuracy of the computed result of a nested poly-
nomial cannot be guaranteed (regardless of the wordlength) because
of the error inherent in the input data, which is compounded in
successive computations. However, re-examining the total error
(rounding error and propagation of input error) for a single
element shows that

. - —_ i '
fix(f(x,, :52)] = f(xy, x5) ¢+ E,
where (from Part 2)

Xl < % + 2",
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That is, the error is made up of two components: rounding (2_t
" -k+ :
and input error propagation (2 k 1), If the wordlength, t, is

)

sufficiently large, the input-error-propagation term dominates.

In fact, if we use the sharper inequality

k-1 k-2 -2k-3 -k -2k-1

+ 2 + 2 + 2 + 2 Vet

4, 972 , 5-t-1)

lE'| < (27

(3"

and make the assumptions that k > 5 and t > k + 2, then:

EN < 27K + 2 + 2 + 2 + 2 + 2 + 2
&3

Therefore, setting K = 4 + v, we see that as long as our word
length, t, is greater than 4 + v + 2 = 6 + v, that our 'per
layer" errqr is only one bit,
In other words, for a nested polynomial having j layers, with
input data consisting of v-bit approximations to the true
(usually unknown) values, and implemented on a near-ideal pro-
cessor with a word. length, b, where

b > 6+ v

» L]
the maximum error, E, where

. = — L
f1x[f(x1, x2)] f(xl, x2) + E
is bounded by

L S el
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7.3 SUMMARY

It has been shown that fixed-point arithmetic can be used for
nested polynomial modeling.

The model training algorithm must be modified such that:
e The data base is appropriately scaled.
e The element coefficients satisfy certain inequalities.
e The intermediate variables are scaled.

Of these modifications, only the second limits the capability
of the algorithm. This limitation can be made arbitrarily less
restrictive by increasing word length.

For models consisting of 6-term elements, where the data base
consists of v-bit approximations, the near-ideal processor
having a word length of at least 6 + v bits has a combined error

(roundoff and propagation) maximum of one bit per layer.
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SECTION VELIX

SIMULATIONS OF NONLINEAR MULTINOMIAL NETWORKS
USING FIXED-POINT CPS's WITH VARIOUS WORD LENGTHS

8.1 SUMMARY

The major objective of the work covered in this section was to
investigate via digital computer simulations the generation and
propagation of errors caused by use of fixed-point arithmetic
with finite word length data and finite arithmetic opera-

tions in nonlinear multinomial networks. Subsidiary objectives
were Lo:

@ Investigate the advantages of ''mear-ideal' or double--
precision element computation.

e Study the effects of intermediate element scaling
by shifting.

e Verify the theories proposed in the previous section
with respect to worst-case error analysis for a fixed-
point network.

® Determine the dynamic range of a fixed-point network
as a function of both word length and the number of
network layers.

The major conclusions reached in this section are:

e The theoretical derivation in Section VII is substantially
confirmed by the simulation resulvs, which reveal less
propagation of errors than anticipated.

e A four-layer network will yield an accurate dynamic
range of three decimal digits with 16-bit fixed-point
computation.

® By employing 8-bit words, a network having two (and perhaps
to four) layers could accurately resolve a binary solution.

® ''Near-ideal" element computation can improve network
accuracy as much as 23 decibels (more than one decimal
digit), compared to standard single-precision solutions,
with little or no added hardware.

® Intermediate element scaling does not improve the
dynamic range of network outputs.
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8.2 SIMULATION PROCEDURE

8.2.1 NETWORK STRUCTURE AND SIZE

A four-layer '"triangular' network having 15 elements and 16
unique inputs was used throughout the course of the simulation.
Figure 43 1illustrates this structure. Note that the output

of any element never feeds more than one element in the next
layer. This triangular configuration was selected on the basis
of generality. In fact, any feed-forward network, no matter
how intricate its connectivity, can always be expanded to the

triangular form.

Each of the elements was a six-term quadratic function of two

inputs expressed as:

Y= wO + wlx1 + WoXo s w3x1x2 + Wy + w5x2

where Xq and X, were the element inputs, Yo through W were the
weighting coefficients, and y was the element output. All weight-

ing coefficients and network inputs were selected at random.

8.2.2 GENERATION OF WEIGHTING COEFFICIENTS AND INPUT VALUES
(W's AND X's)

The weighting coefficients were bounded by the following limits:
D Yo <o
-.2 < < +
E— -,
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< <
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where the inputs never exceeded the domain

& -1.0 < x < 41.0
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These restrictions are those prescribed in Section 7, and will

always guarantee fractional element outputs in the range

=1 .00 < ¥y < +1.0
prior to intermediate scaling of the y's.

The w's and x's were uniformly distributed psuedo-random numbers,
generated by a HP-25 (Hewlett-Packard) programmable calculator

with the following algorithm:

o . 5
Hy = FRAC [(n + pi_l) ]

where FRAC represents the fractional part of the bracketed quan-
tity. The seed of the sequence, TN was equal to +.123456789.
As the numbers were produced, they were mapped into their appro-

priate domains and truncated to five decimal places.

fables 10 and 11, respectively, give the values for the weighting
coefficients of the 15 elements, and values of the four input

vectors used throughout the simulation.
8.2.3 CHARACTERISTICS OF THE DIGITAL COMPUTER

The simulations were performed on an Electronic Associates, Inc.
EAI-640 Digital Computing System. This machine is a parallel
binary computer which operates with a fixed-point, 16-bit instruc-
tion and data word. The FORTRAN IV compiler allows six modes of
internal data representation. Appendix H gives the exact format
of these modes. The x's and w's were stored in the Scaled
Fraction mode, allowing for a 15-bit mantissa, plus sign bit.

A convenient feature of the compiler was the allowance of '"In-Line
Assembly Coding,'" permitting both FORTRAN and assembly language
statements to be interspersed throughout the program. FORTRAN
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i TABLE 10
\ RANDOM NETWORK COEFFICIENTS FOR THE 15 ELEMENTS

ELEMENT w Wy w w

- o i SR MR Ys

1 -.0872] .14660 ,02576-.00363~.01220~-,19320

2 «03765-,05703 ,00134 09677 ,04519-.18662

3 =.09765-.15426 15460 .06271-.01232 ,07394

4 .08773-.08215-,17340-.09078 ,12359-.06283

5 -.07302 .10504-.14385 .03109 ,08444 .10183

& 6 -.05569 ,14108 ,12103-.07058 .01190-.17672
1 «03176-,05493-,01419 .06967 .12957 .08813

8 *.06631=,19671~-,19857~.04150 .10168-.0126G9

S .00057 .18045-,08032 .05383~.099!2=-.11364

10 .04821 ,02874-,12869~.04812~,10702~-,09592

" +09918 ,01007 11724 .,01608-.11074-,12133

12 =.04791-,00900 ,15228 .03347 .19409 .15545

13 .02722-,04660-,07095-.01275 ,16305 .03170

14 ©.05676=,11660 .16220 04769 .08657 .12951

S 15 +00390 .01510-,06530 .04293~,15029 ,00854
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TABLE 11
THE FOUR RANDOM INPUT VECTORS USED IN SIMULATION

Record = Xy.Xg,%g.Xig Xg.Xg:Xy0:X14 X3:%q:%yq.%y5 *g:Xg.219.%5g

1 -.26338 .38124 .0915 .74762
.73512 .53310 .40036 .73922

-.16192 -~. 37131 .96073 .83810

-.97022 -.31728 .10235 .37298

2 .86365 .39380 -.38857 T1173
.50089 -.86367 .38234 -.79538

-.59514 -.67376 -.68517 .52935

.03540 -.75119 .20782 -, 72102

3 -.47227 -.97145 -.92705 -.59671
.34433 .59799 -.64500 .61461

-.51813 .59595 .89486 -, 3471

~. 37433 -.40664 .01613 .06401

i 4 -.90303 -.25230 .81302 ~.86339
.53361 .98970 .95420 ~-.56541

.08380 -.78364 -.07408 -, 01327

218673 .64049 -.85137 .93473
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was used as much as possible; however, it was necessary to write
a few assembly language routines, including double precision add
and multiply systems programs and variable bit mask programs to
perform the '"near-ideal" method of element computation at various
word-lengths. A listing of the 640 instruction repertoire is

given in Appendix H.
8.2.4 COMPUTATION OF THE "NEAR-IDEAL'" ELEMENT

A method which greatly minimizes the effects of multiplication
roundoff error during the computation of a six-term element has
been devised. It has come to be named ''mear-ideal'" element
computation because its employment produces 'near-perfect'
element outputs when compared to their true values. In essence,
the method simply performs the multiplication and addition of

the x's and w's using double-precision a;ithmetic. After the six
“ terms are summed, the double-precision result is rounded to single

precision.

A result of these simulations shows that near-ideal element
computation reduces the average absolute error as much as 23
decibels (more than one decimal place!) in the network, when
compared to standard single-precision element computation, where

rounding takes place after every multiplication.

Figure 44 illustrates how ''near-ideal'" elements were computed

in this study. The letter t represents the word length in bits

of the x's and w's. A multiplication of two t-bit quantities
produces a 2t-bit result.

Instead of rounding the products of the WiXy and WoXy terms,
their exact products were accumulated in a druble-precision
(2t-bit) summing register. For the terms involving two multi-
plications (waxlxz, WgX X1, and w5x2x2), a 3t-accumulator and
a 2t-by-t multiplier would be required to represent exactly
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FIGURE 44: OPERATIONS REOQUIRED TO PLRI'ORM "NEAR-IDEAL' ELEMENT COMPUTATI
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these products. Instead, in the '"near-ideal" case, the partial
term products X Xg, XqXq, and XX, were rounded to t bits, then
multiplied by their appropriate coefficients to produce 2t-bit
products. These double-precision quantities were then accumu-
lated'dn the summing register. The t-bit Wy was directly
accumulated. Following the addition of the six terms, the
double-precision result was rounded to t bits, yielding the

"near-ideal" element output.

The rounding operations were performed by adding one to the
(t+1)-bit position of the double precision quantities, then

truncating the result to t bits.
8.2.5 REPRESENTING FEWER THAN 16 BITS WITH A 16-BIT COMPUTER

One objective of this study was to investﬁgate errors produced
in the network as a function of computational word length.

It was therefore necessary to simulate arithmetic operations for
various specified bit precisions. The word lengths selected
were 16, 14, 12, 10, 8, and 6 bits.

These word lengths were simulated by masking, (or truncating),
the x's and w's before and after they were involved in an
arithmetic operation. The double-precision product formed in

a multiplication operation was masked to 2t bits.

8.2.6 COMPOSITE AND COMPUTATIONAL ERRORS DERIVED FROM TRUE VALUE
To compute the error generated in the network as a result of
finite word length arithmetic operations, a 'true'" value for each
of the 15 elements was computed. Using the double-precision mode
of the EAI-640, the 16-bit scaled-fraction x's and w's were con-
verted to 62-bit floating-point values (53-bit mantissa plus sign
and 7-bit exponent plus sign). A separatc subroutine was written

to compute the entire network in the floating-point, high-precision
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mode, while another section of the program computed the network
using short-mantissa, fixed-point arithmetic to the specified

number of bits. A comparison of the fixed-point element outputs
to the double-precision element outputs indicated the degree of

error introduced by the fixed-point operations.

Two types of errors can be generated and propagated through the

network -- those caused by round-off after an arithmetic compu-
tation, and those due to finite representations of the input

data to the network. The former will be termed '"computational"
erro? and the latter "input data'" error. The name '"composite"

error will be given to those quantities containing both computa-

tional and input data errors.

Both the x's and w's are received with a certain degree of
error, from the point of view that these digital quantities are

approximate representations of continuous functions.

Figure 45 shows the procedure used for finding the conposite
error and the computational error in the fixed-point network.
Notice, in the upper diagram, that the input data (x's and w's)
used to calculate the true value remain fixed at 16 bits when the
input data to the fixed-point network are masked to L bits. In
the lower diagram, notice that the input data to both the fixed-
point and 62-bit floating-point networks are always accurate

to the same number of bits.

1 Sl INTERMEDIATE ELEMENT SCALING

"~

An inherent restriction imposed on the network when using fixed-
point arithmetic is that the coefficients of the elements must
be limited to a fractional range. The theoretical bounds of
these coefficients are established in Section VII. Although these
bounded coefficicents guarantee the element outputs to be frac-

tional, their over-all effect is to decreasc the dynamic range
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of the element inputs. In one example, the average absolute
value of the x's inputted to the network was 0.50. The average
absolute value of the first-layer element outputs had dropped
to 0.12. After four layers, the average absolute value had
dropped toc 0.009. If a network were constructed having a few
more layers, the result would have soon converged to zero.

To compensate for these ever decreasing element outputs, a
method of scaling the intermediate y's by shifting left was 1
investigated. Shifting a binary fraction one place left is
equivalent to multiplying by two. Results were gener..ed for
the network with the intermediate outputs shifted zero, one,
and two times. It was found that shifting more than once would
-cause overflow at some of the element outputs, which in turn
caused a rather large error to propagate through the net. The
following subsection presents the results of these scale-by-

shifting operations.
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8.3 SIMULATION RESULTS AND ERROR ANALYSIS

This sectd4on presents a graphical display of the average and
maximumeerrors generated and propagated in the simulated fixed-
point- networks, where the average error-for a given layer was

calculated~for the ensemble of outputs from that layer.

Figures 46 (a-f) show the average absolute composite error and
maximum absolute composite errorl/'as a function of computational
word length for three cases of intermediate scaling: shift = 0
(no scaling), shift = 1, and shift = 2. Figures 46 (g-1l) illus-
trates average absolute computational error and maximum absolute
computational error as functions of computational word length

for .the same three shift values. Each individual figure shows
the average absolute error (either composite or computational)
observed after each layer in the network (solid lines), and the
average absodute value observed after eacﬁ layer (dashed lines).
The terms L=1, L=2, etc., refer to the layer numbers for the
average absolute values. All twelve plots were derived from a

network employing ''near-ideal' elements.

The number of available data points from which the plots in
Figure 46 were derived varied from layer to layer. The number of
points available was:

Layer Number of Data Foints
1 32
2 16
3 8
- 4 4

The variation was due to the triangular structure of the net. It
follows that the 'statistical significance of the simulation results
is greater for layer 1 and diminishes with each successive layer.

1
a/ The maximum absolute error was the largest error observed for
a given simulation trial.
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The purpose for plotting the average absolute value on the same
figure with the absolute errors is to indicate the approximate
dynamic range of the element outputs for the various layers.
Notice for all the curves in Figure 46, except those labeled
"shift =2'", that the error at the least significant portion of y
is a function of the computational word length, but the average
absolute value at the most significant portion of y is a function
of the layer. The approximate dynamic range of y is equal to

the average absolute value minus the absolute error. For example,
from Figure 46 (g) it is seen that with 16 bits of computational
word length the average dynamic range for a four-layer network

is about 60 decibels, or three decimal digits. The same network
computed with 8-bit words yields about 10 decibels for the average
dynamic range. This is better illustrated in Figure 47, where
the average dynamic range observed after each layer has been
plotted as a function of the computational word length. This
figure has been derived from Figure 46 (g) by subtracting the
average absvlute error from the average absolute value. Notice
that as the number of layers increases, the dynamic range of the
network decreases. A similar plot could be derived from the .
maximum absolute error versus word length to find the ''guaranteed"

dynamic range.

The effect of shifting the element outputs one place left is shown
in the middle column of Figure 46. (Those figures labeled

shift = 1".) Although this scaling procedure increased the
M|verage absolute value of the element outputs, it also increased
the error by an equally proportionate amount. The magnitude of
the number is multiplied by a factor of twd, but the error is also
moved into a more significant bit position, causing a zero net
increade of dyna%ic range. Intermediate element scaling is there-
f6re not necessary unless the layer outputs are required to main-
tain a fixed numerical value.
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The results in the third column of Figure 8.4 (labeled '"shift = 2'")
illustrate the effects of overflow error propagation. In these
figures, all network outputs were shifted two places left (equiva-
lent to multiplying by four) before being processed through the
next layer. This scaling was too large for some of the inter-
mediate outputs, causing them to be saturated at 0.9999, hence,
large errors were propagated. The guaranteed dynamic range of

the network thus dropped below zero decibels, as indicated by
Figures 8.4 (f and 1). As seen by these diagrams, the effects

of overflow can be quite severe.

In comparing the composite error to the computational error, a
difference of approximately 7 decibels existed for all word
lengths of the first and second layer elements, except for 16
bits, where these values should be equal. This difference was
about 10 decibels in the third layer, but dropped to about 3
decibels in layer four. This additional error was caused by the
masked x's and w's inputted to the fixed-point net. The decreased
error after the fourth layer is due to the statistical property

"

of the random network,whidh caused the fixed output, "y," to

approach zero.

The composite error may not accurately reflect the exact level of
error to be expected with a network in which the coefficients

are optimized by a numerical search procedure.

An interesting observation made with the fixed-point network
simulations is that the error did not propagate from one layer to
the next. In fact, the error (both average absolute and maximum
absolute) after the fourth layer was genetally smaller than that
of the previous layers. This can be explained by the fact that
random errors can be both positive and negative, and since the
final network output represents the summation of many thousands
of terms, the probability that these errors cancelled one another

is high. Also, when using fixed-point arithmetic, there are no
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exponents in the numbers to automatically scale errors to higher
significant positions. The errors therefore tend to remain con-

fined to the least significant bits.

As further verification of the findings of this study, the w's
and x's were all given positive polarities in additional trials
to assure that the network output would be a positive number.
The results were essentially identical to those just described,
except that the first layer errors were about 6 decibels larger
for the composite errors, and about 3 decibels larzer for the
computational errors (compared with the result shown in Figure
8.4). Also, with input x's being positive, the element outputs
were larger in magrnitude and, hence, shifting could not be per-
formed without overflow.

Figure 8.6 shows the theoretical maximum composite error as a
function of word length for each layer in a four-layer network.
This diagram was produced from the equation shown on the figure
which was derived in Section 7. The theoretical error for layer
one is almost identical to the maximum computational error observed
in the simulations (Figure 8.4-h), but is about five decibels
(one bit) less than the observed maximum composite error (Figure
8.4-b). This difference of about one bit is believed to have been
caused by the computer system software when converting input data
from scaled-fraction to double-precision mode. Consequently, the
observed first layer results of the figures showing computational
error (Figures 8.4, g-1) may be (at most) one bit larger than the

actual error.

It is also seen from Figure 8.6 that the composite error increases
as the number of layers increases, due to the propagation of the
feed-forward input error. The maximum error propagation is shown
to be 21 decibels between the outputs of Layer 1 and Layer 4. The
simulation results have indicated, however, that error cancellation
occurs if the computational errors distribute themselves in a ran-
dom fashion. Hence, the actual error propagation between layers

can be considerably less than the expected worst case.
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Since the theoretical derivations of Section VII are based on a
"worst case" analysis, it is not surprising to see a somewhat
sizeable difference between the theoretical and observed maximum
errors of the second, third, and fourth layers. For a network
having non-random coefficients, and with non-random inputs, it i:
not known how the errors will distribute themselves, but, such

a network should be a prime consideration in future simulations
In comparison to the random network studied herein, the theoretic.

findings of Section VII are seen to be conservative with respect to

T e,

error propagation.
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8.4 CONCLUSIONS AND RECOMMENDATIONS

The following conclusions have been reached as a result of the simu-

lation described in this section.

The theoretically-derived conclusions presented in Section VII
have been substantially confirmed, except that in the simu-
lated case the worst-case error propagation was not observed.
It is felt that this more favorable outcome resulted from
cancellation of random errors within the simulated network.

For applications requiring only a binary discrimination, as
in the case of a pairszv-voﬁing classifier, eight bits would
be sufficient for computing a two-layer (shallow) network,
and perhaps a three- or four-layer network, but fewer than
eight eight bits is not recommended for any application.

A four-layer (moderately deep) network of six-term nonlinear
multinominal elements has an accurate dynamic range of three
significant decimal digits if computation is performed with
16-bit fixed-point '"near ideal" arithmetic. Smaller networks
yielding greater precision, or larger networks yielding less
precision, are also possible with 16-bits. For applications
requiring greater accuracy, a larger work length will be needed.
L4

Deep networks of up to eight layers should be realized using at
least a 24-bit mantissa to obtain three significant decimal
digits of resolution at the network output.

"Near-ideal'" element computation improves the network accuracy
as much as 23 decibels. (Implementation of this type of arith-
metic requires little or no additional hardware compared with
the standard method of computation.)

If no intermediate scaling is performed in a CPA network, the
expected range of the element outputs decreases as the number
of layers increases. More than 20 decibles of attenuation
have been observed going from the first layer output of the
network to the fourth layer output. However this decrease is
not a great hindrarnce: it can be mitigated at the least
significant portion of the element outputs by keeping error
propagation at a minimum. In fact, the errors observed in
the fourth layer outputs were almost always smaller than
errors observed at the previous layer. (Without shifting,
the computational error remains confined and is not moved
into higher-order bit position.) It was found that the
dynamic range, or number of significant figures of the
element cutputs, remained constant, with or without inter-
mediate scaling.

Propagation error caused by intermediate element overflow
was observed to be quite severe on the final network output.
Errors of this type tend to have a "snowballing'" effect and
should be avoided.
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It is recommended that the simulation results be verified using
simulations of a fixed-point network whose coefficients are

selected, or "optimized," from training data. The statistical
distribution of errors for such a case may not be as random as
we have seen with the contrived network, and hence may cause a

greater error propagation through the layers.
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SECTION IX
LINEAR AND NONLINEAR FILTERING WITH CPS's

9.1 INTRODUCT ION

The architecture of configurable polynomial arrays is very
well suited for the implementation of a broad class of digital
filters, both transversal and recursive. Procedures exist

for implementing transversal filters, fast Fourier transforms
impulse-response convolution filters, etc., with various LSI
arrays. (See, for example, References 4 and 5.) This section
presents procedures for implementing three common configurations

of recursive linear filters with CPA's.

Section 9.3 presents a novel concept of trainable, nonlinea:
filters. In many signal recognition and classification prob

the key waveform features are nonlinear properties of the signul
frequency spectrum. A complicating factor is that the nonlincar
property may not be known a priori and must be "learned" from
empirical data. Adaptive learning network (ALN) procedures maj
be used to synthesize an appropriate nonlinear filter from a
data base. In turn, these filters are easily implemented by
CPA's. By way of example, an ALN is trained to estimate a parame
ter which is known (to us) to be the energy within a certain fre-
quency band of a signal. The resulting ALN algorithm is com-
pared to a conventicnal frequency-band energy estimator to show
that the accuracies and computational costs of trained ALN models

are comparable to a priori conventional implementations even if

the actual transformations are known.

In summary, configurable polynomial networks are appropriate for

the implementation of conventional, linear filters (both transversal
and recursive) but are also capable of implementing more general
nonlinear filters. Adaptive learning network procedures may be
used to synthesize the mathematical forms of the nonlinear fil-
ters from empirical data.

139




9.1

(S}

PROGRAMMABLE POLYNOMIAL NETWORK IMPLEMENTATIONS OF

RECURSIVE DIGITAL, LINEAR FILTERS

V2] CONVENTIONAL STRUCTURES

Direct Form =— recursive linear digital filters may be written

as transfer functions in the z-domain:

=1 -N
¢ + sl ARG -
iy w 2leb o . (8.1}
4 x(2z) 5 7-'] + b 7—N .
: 15 N®
or
N
-n
> a
n
- “e
H(z) = g gt
ey
n=1

where 2_1 is the delay operation, N is the order of the transfer
function, and ay and bn are constant coefficients. This form

of the filter equation is called the direct form. Hardware or
software may be constructed, as shown in Figure 49 to imple-

ment this direct form.

In many applications it is desirable to implement the transfer
functions in different forms so as to improve numerical accuracy
and/or computational stability margin, which may be troublesome
due to finite word lengths in digital computers. Two prominent

alternate forms are the parallel and orthogonal polynomial forms
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Parallel Form -- With the parallel form, Equation 9.2 is factored,

by partial fractions, into a parallel sum of linear and quadratic

transfer functions:

M -1 M+L oy o
+ - P
POPORTES 1 Mol LN A A
m=1 1 +b_ .z} gkl 1 + bz * b,z - 93
m] ml m2

where the total degree N of the characteristic polynomial is,

of course, the same for both the direct and parallel forms:

M+ 2L =N (9.4)

The standard construction for the parallel form is shown in

Figure 50.

Orthogonal Polynomial Form -- In the orthogonal polynomial form,

characteristics (denominators) of the transfer functions are

written as a set of N equation pairs. For example, the normal-
L]
ized crthogonal polynomial form may be described by:

- -1
+ o + = k u A
% a1 eatt o n-1
n=1,N (9.5a)
A PR
u “Eug,ten By
n
and
+
Uy =x
- +
LI (9.5b)
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where the k's and c¢'s are constant coefficients and the u & and
u—n are intermediate variable pairs. The numerator portion of

the transfer function is given by the polynomial:

N
y i a u (9.5.¢)

n=o

These equations (9.5.a, 9.5.b, and 9.5.c) give rise to the ladder

structure shown in Figure 51.

9.2.2 Polynomial Network Structures

All polynomial representations of linear filters may be imple-
mented in configurable polynominal networks. Net structures for
the direct, parallel, and orthogonal polynomial forms of Equations
9.2, 9.3..‘and 9.5 are shown in Figures 52, 53 and 54, respec-
tively. All calculations can be performed with two configurations

of elements, here called P5 and P6. Both P5 and P6 are four-input

elements; however, PS5 has two outputs and P6 has only one:l/
¥y % Wyl T Ma%s
P5: i (9.6)
¥g = Valg = WeRy
P6: ¥y = WX, twW.X. P WXt WX (9.7)

ol 22 33 474

where; the y's are the element outputs, x's are the inputs, and

w's are constant coefficients.

l/P6 is obtained from V1B (Sections 1 and 2 of this report)
by setting " 0.
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Number of Elements Required for Each Form -- The number of ele

ments, E, required for an N-pole filter is generally as follows:

Direct Form: Ed = (N+1)/2
Parallel Form: E =N

p
Orthogonal Polynomial Form: EO = N + (ﬁ%l)

For the direct form, an (N + 1l)-term series must be computed for
the numerator and for the denominator. Since four terms are
summed per element (P6), each summation requires (N+1)/4 elements,
so the total element count is (N+1)/2.

For the parallel form, all characteristics are either single or
double pole. Single-pole characteristics require a two-term
summation, so two characteristics may be computed in a single

P5 element. Double-pole characteristiecs require a three-term
summation, which subsumes a full P6 element. Thus one element
implements two poles, whether single or double, and N/2 elements
are required to calculate the characteristics portion of the trans-
fer function. The numerator calculations involve a two-term
summation for single poles and a three-term summation for dcuble
poles, thus requiring a maximum of N/2 elements per pole. The
total element count is N.

For the orthogonal polynomial form, a full element (P5) is
required for each pole, or for each '"rung" of the ladder. The
numerator calculation involves an (N+1) term series, so (N+1)/4
P6 elements are needed. Thus the total element count is

N + (N+1)/4.

Number of Layers Required for Each Form -- Both the direct and

parallel forms may be implemented in two-layered networks of
elements, but the orthogonal polynomial form requires an (N+1)-
layered network. For the characteristics computation of the
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direct and parallel forms, the output of each element does not depend
upon the output, within a given iteration of the filter, from any
other element. Thus all characteristic calculations may be done

in parallel. With the orthogonal polynomial form, however, the

input to each rung of the ladder includes the output of the prior

rung. Thus the rungs must be computed in series.

(Dependent paths were shown in dotted lines in Figures 52, 53

’

and 54.) In all three forms, the numerator calculation is

dependent upon the characteristic calculations, so one additional

layer is necessary.

The minimum number of layers L required for each form is thus:

Direct Form: Ld = 2
Parallel Form: Lp = 2
Orthogonal Polynomial Form: LO =N+ 1

The maximum speed of computation, given a fully parallel network,

is limited by L times the speed of one element computation.




9.3 TRAINABLE NONLINEAR FILTERS

9.3.1 "CONCERT

In conventional filter design there are generally two underlying
assumptions. First, it is assumed that the precise nature of the
operaticn to be performed on a signal,is known. Second, the
signal conditioning is generally a linear operation. (There arc
certain notable exceptions such as waveform hard-limiting in FM
demodulation; but even in this example, it is the zero-crossing
timing which is of interest -- no information is being extracted
from the signal in the limiting process.) If the nature of the
transfer function is known and linear, there are many straight-

forward approaches to designing appropriate filters.

However, in certain interesting classes of signal processing
applications, the description of the desired filter may not be
known, or 1f it is known, it may be nonlinear and exhibit insta-
bility when implemented directly. If there are empirical data
which represent the class of signals to be operated on in such
cases, adaptive learning network (ALN) procedures may be used

to synthesize filter forms which estimate or predict the desired
signal parameter. (See the Appendices for discussion of general
ALN methods.) The filters are transversal and are therefore always
stable. Questions of stability associated with recursive filters
are avoided.

The remaining sections illustrate a procedure for using ALN
training techniques to synthesize a nonlinear filter from
empirical data. The example used involves estimating the energy
within a specified band of a broad-band signal. Though the design
of a conventional energy estimator is straightforward, this
knowledge was not used in the ALN training process -- an important

consideration. An after-the-fact comparison is made, however,
between the ALN and conventional systems.
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9.3.2 DATA BASE SYNTHESIS

The data base used for designing and for subsequent testing of

the ALN was synthesized in the

following manner.

The ALN was

trained to mimic the characteristics of an eight-pole Butterworth

filter whose 3db cutoff frequencies, w

1 and 2, respectively.

was used. (So, for example, a

1

30 kHz signal could be mapped

into this range by interpreting it as divided by 3 kHz.)
The frequency response of an ideal eight-pole Butterworth con-

tinuous filter is shown in Figure 55).

To form the data base, three sets of 130 time signals, xj(t),

j=1, ..., 130, were generated.
to the ALN synthesis and testing procedures.

The need for three sets is

and wy,» were equal to

Each signal (of

A normalized frequency range of 0 to 10

due

each set) was constructed as a weighted sum of five sinusoids:

\ I

xJ(t)
i=1

where

equation are as follows:

KJi = Bias Term: Uniform
AJi = Amplitude: Uniform
03 = Phase Uniform

Uniform

in = Frequency:

Uniform random variables were chosen on a log w scale so that

E: Ajs sin (ugg

EE L) &K,
¢51) 5

the definitions and ranges of the parameters in this

Random -0.5 to
Random : 0 to
Random : 0 to
Random on Log Scale: 0.2 to

(9.8)

+0.5
1
2
10

0= log-lw would have more values at the low end of the 0 to 10
range and, hence, near the bandpass region.
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The 130 signals (per set) were generated from Equation 9.8 with

I given as:

Value of I Type of Signal Generated Number of Signals
1 Pure Tone 50
2 2 Component Signals 20
3 3 Component Signals 20
4 4 Component Signals 20
5 5 Component Signals _20
130

Examples of pure and mixed tone signals are shown in Figure 56.
The sampling interval was chosen to be:

Ts = 21/40 = 0.15708 sec. (9.9)
which give§ a radian sampling frequency wy of 40. Each xj(t)
was sampled 200 times. Thus the highest frequency of 10 was
sampled four times per cycle. One hundred percent of a cycle
of the lowest frequency, 0.2, was included in the sample window.
(Note that t = iTS in discrete form in Equation 9.8).

The true energy in the passband for each xj(t), assuming that the
signal continued for an indefinite period of time, was calculated
as:

I

- 2 2
e, = % 12; Ayt 1 ety | (9.10)

where, Ig(wji)l is the magnitude of the Butterworth filter for
the Jith frequency. The factor of % enters Equation 9.10 because
power is one-half of the amplitude of a sine wave. It can be
shown that for an eight-pole Butterworth filter the amplitude at
frequency w is obtained from:
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(b) Multiple-component

FIGURE 56: MULTIPLE HARMONIC INPUT DATA SIGNAL
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'he data base used to train the ALN, then, consisted of two of the
three sets of 130 waveforms. For each waveform, the true energy
within the eight-pole Butterworth filter passband (1 < w < 2) *
is given (from Equation 9.10). Therefore, for each waveform,

a 201-dimensional component vector is obtained: 200 samples

of the signal are the inputs and the true energy is the output,

or dependent, variable,

9.3.3 DATA BASE PARAMETERIZATION

In order to reduce the number of inputs and, potentially, generate
more meaningful inputs, parameters of the 200 samples from each
waveform were computed. These parameters were arbitrarily chosen,
and there is no reason to believe that they are the best, or

even a good set. The definitions of the 31 parameters are given
in Table 12. The width of the 10 histogram bins were arbitrarily
ghosen as: O to 0.0, 0.01 to 0.022, 0.022 to 0.047, 0.047 to
0.10, 0.10 t¢ ©.22, 0.22 to 0.47, 0.47 to 1.0, 1.0 to 2.8, 2.2

to 4.7, and 4.7 to 00,



§
¢

Number

6-15

16-25

26-31

TABLE 12
WAVEFORM PARAMETERS

Description
1 200

Mean signal value: XJ = 200 2 x.(m)
m=1 -

Standard deviation of signal mean:

1 200 i 21%
0% = |568 % (x(m) - xj)J
J m=1
Maximum deviation from signal mean: dj = maxixj(m) - ;jl;

m=1, ..., 200

Mean magnitude of point-to-point difference:

1 200
d; = 199 X ¢.(m) - x.(m - 1
;) i | *J( ) J( )|

Standard deviation of point-to-point differences:
1 200
053 = Isss | a 2
d, = |198 X .(m) - x.(m - 1 - d,
j (IxJ( ) J( )| J)

m=2

3

<

Number of hits in each of 10 bins of the point-to-point
differences histogram: [xj(m) - xJ(m -1)|

Number of hits in each of 10 bins of the signal deviations

about mcan histogram: |xj(m) - xJ|

Second, third, and fourth moments of the two above histograms.




9.3.4 NETWORK TRAINING

The within-band energies of the 130 signals computed from

Equation 9.8 varied over a dynamic range of greater than 12
decades. Since the network training process synthesizes functions
which minimize squared errors and it is desirable in this example
problem to predict the small energies (within the passband) very
accurately, the network was traired to predict the log of the

energy rather than the energy itself:

y. = 10 logloej (9.12)

In the training process, the first set of 130 signals was used to
synthesize the network. The second set of 130 signals was used
to avoid overfitting the polynomial energy estimation model.

The third set of 130 signals was used to evaluate the resultant

network performance.

A block diagram of the resultant energy estimation system is

shown in Figure 57. The input signal s(t) is passed through a
preprocessor which extracts the 31 parameters. This information
forms an input vector to the ALN, which then estimates the log of the
energy. The antilog is computed to yield the estimated energy,

e, within the desired passband.

9.3.5 RESULTS

The results of the network training are presented in two forms.
First, energy estimates for the signals of mixed frequencies were
accurate to within 5 dB on the average over a range of 60

dB. These accuracies are based on 130 mixed frequency signals

which were not used in the network training process.
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Second, energy estimates for the pure tone signals were estimated
within 6 dB on the average over a range of 60 dB. These
accuracies are based on 50 single frequency signals which were

not used in the network training process.

It is also possible to plot a Bode diagram of the ratio of total
signal energv to the estimated energy within the band. This was
done by constructing single frequency sinusoids (I = 1 in

in Equation 9.18) with Aji-O.S, ¢ji-0, and Kj-O. The frequency
term was then varied slowly from 0.2 to 10. The resultant signal
was parameterized and its true and estimated ej found via
Equation 9.11 and the ALN function, respectively. Ideally, the
response would resemble Figure 9.7, except that the decible scale
would be in terms of power rather than amplitude. The plot for
the ALN system is shown in Figure 9.10. It can be seen in this
figure that the ALN energy estimalor nas in fact learned the
overall trénd, but that it is not as accurate as desired in

the passband region.

The pair of curves (Figure 58) for the ALN system is a measure

of the phase sensitivity of the synthesized function. This

was estimated by choosing six equally-spaced values of ¢ in the
range O to 27 for each value of w. This gave, for each value

of w, six single-component sinusoids possessing the same frequency
but with different phases. Then, six values of the estimated
energy were obtained for each w, and these were averaged. The mean
energy plus and minus its standard deviation are actually plotted in
Figure 58, so that, for each w, the plotted upper value is e + o

and the lower value is e - uc.

Since these two values are so close for all w, it was concluded

that the trained estimator is reasonably phase insensitive.

160




WILSAS NIV JHL HOd dSNOdSAY AONANDIYA SSVd ANVE ADYANT ‘8S 3JYNOIA

(zH) Adouanbax, pozirewioyN ‘™

0°0T 0°¢ 0°¢ 0O°'F 4°9 2’0

e $ 3
M ¢ +

4 3
v +

oS-

ov-

161

0€-

02—

otT-

0

(gp) epnituden




Upon closer examination of the 130 signals used to train the
polynomial function, it was found that less than 15 percent of

the 130 signals had any appreciable amplitude in the passband
region. So, on the assumption that the performance (Figure 9.10)
was due mainly to lack of appropriate training data, an additional
36 signals were generated and added to the 130 to form a new,
augmented training set of 166 signals. The 36 new signals were
all single sinusoids (I = 1 in Equation 9.8) with the following

characteristics:

Ki =0 for =1, ..., 36
: =0
qDJ
Aj = Random uniform between 0.3 and 0.7
wj = 0.5 + (J-1)0.1: j =1, ..., 36

Thus, the 36 new signals all had an average amplitude of 0.5
and were centered around the passband position of the overall

frequency range.

A new ALN was found from this training set and its performance
is given in Figure 59. Comparing Figures 58 and 59 illus-
trates the dramatic effect of creating the energy estimater with
a more appropriate training set. The assumption that the ALN
performance was dependent mainly on the availability of a repre-
sentative data base is confirmed. The error was reduced from 5
dB to 4 for mixed frequencies and from 6 dB to 3 for pure tones.

it is of interest to establish the effect of adding still more
data to the training set, but this was not done in the present

study.

The structure of the polynomial network (i.e. the net trained with
the 36 extra signals) is shown in Figure 60. The number of
elements used is 26 and the number of coefficients in the network
is 146.
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A block diagram of a conventional energy band estimator is shown

in Figure 61 for comparative purposes to Figure 60.
9.3.6 DISCUSSION

Though the conventional system is a more accurate estimator of
desired waveform property -- particularly within the passband --
it was designed with a priori knowledge of the formula for com-
puting the energy parameter. The network system was designed

by a fully automated process which had no a priori knowledge of
any formula for the parameter. The network training algorithm
synthesized its own formula from empirical data. The mathematical
equations of the network system appear to be significantly dif-
ferent from those of the conventional system, but the results

*_ are comparable.

The effect of the ALN filtering action can be viewed in the time
domain in the following way. A signal to be filtered can be gen-

erated from Equation 9.8 as:

I

x(t) = ) A sin(ugt + 6. + K,
1=1

The amplitude factors, Ai’ should properly be written in the time

domain as Ai(t)‘ In the frequency domain, these magnitudes are Ai{w%.

The effect of the ALN filter is to alter these magnitudes as:

. Ai(w) s Al(w) ' H(W) l
; where, | H(w) | is the magnitude from the Bode plot of the ALN
filter. Ideally, H(w) would resemble Figure 55 for the w

of interest. In actuality, these values are obtained from

Figure 59.
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In order to reconstruct the signal, x(t), and to observe the
filtering effect, the time domain-representation of A;(w) are

found and:

I
x'(t) = Z A} sin(ugt + 6,) + K,
i=1

One comparison between x(c¢) and x'(t) would be their cross

correlation.
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9.4 CONCLUSIONS

The ALN training procedure is a very powerful tool for synthesizing
a nonlinear filter to estimate a waveform parameter whose pre-

cise mathematical definition is not known a priori but is
inherently represented within empirical data.

ALN systems have the advantage that they fall within the trans-
versal filter category and thus do not have round-off accuracy
and numerical stability problems often associated with recursive

filters and particularly nonlinear recursive systems.

Another advantage of the ALN system is that it is trainable via

a flexible software/hardware configuration. This means that the
same hardware can be configured to extract signal parameters

and to solve problems that arise from time to time. Therefore,

their usefulness is not limited to preprogrammed and structured
algorithms'
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SECTION X

NON-POLYNOMIAL PREPROCESSOR FUNCTIONS

10.1 INTRODUCTION

The present element circuitry developed by RCA under Contract
F33615-73-C-1089 is capable of computing the following mathe-

matical functions:

Pl y = ao + alx1 [
P2: y = ag + aq%Xq 1 agXy + agX Xy

. b 2 2
P3: ¥ = a, 8 ayxq + a2x2 + agXqX, + azxq + agXy

These functions may be used as building blocks for many-variable,
high degree polynomials and are thus suitable for the computation
of polynomial networks and for many preprocessing functions.
However, there are several types of preprocessing functions which
are typically used in waveform processing applications where
polynomial networks are used but which cannot be computed within

the present element design.

It is desitable to augment the computing capabilities of the
present element so that all preprocessing and network computations
may be performed in the same piece of hardware. The following
functions are often used in signal processing applications: .
(a) Counting the number of zero crossings in a time series.

(b) Counting the number of threshold crossings in a time
series.

(c) Finding the peak value of a time series.
(d) Rectification.

(e) Hard limiting.

(f) Sign detection.

(g) Variable threshold detection.

(h) Dual threshold detection.

This section presents preliminary functional designs, circuit
diagrams, and timing diagrams for the above functions. All func-
tions have been combined into a single computational unit to mini-
mize total circuitry. The functions include processing on two's
complement, 24-bit fixed point words.
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The objective of the work is to provide a baseline design for a
nonpolynomial processor which would ultimately undergo large
scale integration for use along with the polynomial processor.
The circuitry contains approximately 3,100 equivalent gates.

It is estimated that approximately 2,000 additional gates would
be required to expand the unit with exponent logic to provide a

full floating point capability.

10.2 FUNCTIONAL DESCRIPTION

Since the polynomial element is designed to receive eight data
inputs simultaneously, the nonpolynomial logic is configured the
same way to provide maximum compatibility. The eight inputs

are word parallel, bit serial. The eight input words are stored
in a set of eight twenty-five bit registers. The twenty-fifth
bit, at the leading edge of the word, is a repetition of the

sign bit and is used to prevent overflow when adding two's comple-

ment twenty-four bit words.

The typical computation cycle for the nonpolynomial logic consists
of a data input subcycle where the eight words are clocked in

in parallel with a series of 25 clocks, and an output subcycle
where the selected function is simultaneously computed and clocked
out with a series of ” clocks. The computational form which

implements these two subcycles is shown in Fig. 62.

In general, each of the functions of the nonpolynomial processor
requiresseveral full cycles to process a waveform. With one
exception (rectification), the first cycle on any time series
analysis is an initialization cycle and consists of loading the
analysis parameters, e.g., thresholds or limiting values. The
subsequent cycles involve the loading and processing of the time
series data,
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There are five registers for the storage of analysis parameters.
Some functions, for example the zero crossing counter, require that

cumulative results be maintained over several '"cycles'" of process-
ing. There are nine registers for intermediate results storage. 1
Thus, there are a total of twenty-two data storage registers --

eight for time series data, five for analysis parameters, and nine

for intermediate results.
For consistency of operation, a common set of clocks is used for
all functions and is used on both initialization and processing

cycles.

10.8 LOGIC DESCRIPTICGN

The logic diagrams for the nonpolynomial processor are shown in
Figures 64 through 70 (at the end of this section). Descriptions

of the logic for the individual functions are presented in this sectio'.

A timing diagram for the clocks is shown in Fig. 63. Definitions

for each of the clocks are as follows:

Cin - 24 pulse train to clock data into the processor.
(The input data are stored in the data input
registers on Figure 3.)

Csb - Single pulse on input subcycle which clocks the
in sign bit of the incoming data into sign bit
storage flip-flops (see Figure 4). Occurs
simultaneously with 24th C;p pulse.

Ci - The 25th clock on the input subecycle; Repeats

o the sign bit; Occurs immediately after the 24th Cin
pulse.
-Ci e - Occurs immediately after C, '. Is a single pulse.
n in
(Not used).
C - 24 pulse train to clock out result of nonpoly-
out "
nomial processor. Occurs after Cin
CSb - Clocks the sign bit into intermcdiate storage.
out Occurs simultaneously with 24th Coyt Pulse.
Clear - Clears logic for next cycle. Occurs immediately

prior to Cin'
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The eight functions specified in Section 1 may be implemented
with five logic groups. Counting the number of zero crossings

is done with the threshold crossing count logic by setting the
threshold to zero. Sign detection and threshold detection are
performed with the dual threshold detection by setting both
thresholds to the same value to obtain threshold detection, and
by setting both the thresholds to zero to obtain sign detection.
The five different functions are specified by a three-bit control

word as follows:

Function Schematic
Select Lines Function Designations

000 Count threshold crossings FTC
001 Find peak value FYMAX
010 Rectification FRECT
011 Hard limiting FHL
100 Dual threshold detection FDTD

The logic controlling the function select is shown in Figure 70.

10.3.1 COUNTING THE NUMBER OF THRESHOLD CROSSINGS IN A TIME SERIES

Two types of input data are required to compute the number of
threshold crossings in a time series: the threshold value and
the time series samples. The threshold is input the processor
on the initial cycle, and the series data is input sequentially,

in groups of eight, on the subsequent cycles.

The initialize cycle is so noted by setting the initialize line
high during the input subcycle. The threshold is input on the
first of the eight data input lines and the initialize line will
cause it to be stored in the first parameter storage register ¢
shown in Figure 64. The cumulative crossing register shown on the
lower right portion of Figure 66 is also set to 2zero on the initial-

ize cycle.
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On the second cycle, the first eight time samples are input to the
eight data lines. As shown in Figure 65 (left side), the threshold
is subtracted from each of the eight data words. This computation
occurs on the input subcycle. The signs of the resultant subtrac-
tions, which indicate whether each signal is above or below the

threshold, are stored in a set of eight flip-flops.

As shown in Figure 66, threshold crossings are detected by a series
of exclusive-or gates which detect, between one data point and the
next, a change in the sign bit. If the sign bit between two suc-
cessive data points does change, it indicates that the signal
crossed the threshold between those two points and the crossing

count should be incremented.

Four three-bit adders are used to count up to seven crossings
between the eight data points. This sum is added to the cumulative
threshold crossing register on the output subcycle. The new
cumulative is passed to the processor output logic for use when

the time series is complete and is also passed back into the cumu-
lative cregister for use on the next cycle if the series is not
complete. Intermediate sums may be read out if so desired by the

host processor.

Note that although time series data points 1 through 8 were input
on the first data cycle, points 8 through 15 must be input on the

subsequent cycle. The eighth point from one cycle must be repeated

as the first on the next cycle so that a crossing between that
point and the next one in the time series may be detected.

10.3.2 FINDING THE PEAK VALUE OF A TIME SERIES

Like the threshold crossing counter, the peak value detector
operates on sequential portions of the time series. However, the
data sequence may be modified. For the peak value detector, the

first eight samples, Xq through x are input to the nonpolynomial

8 ’
logic on the first cycle, Xg through X16 ON the second cycle and

so forth.

173

T T 2 st i, 0 AT TSI st S 5 .+




The peak value register, at the right side of Figure 66 is set

to the smallest possible negative number (—223) on the initialize
cycle.

The peak value function operates in a pipe-line decision-tree fashion
where there are four levels of decision making. In the first level,
four pairs of data are compared to find four pairwise maxima.

In the second level, two four-way maxima are found, and in the

third level, the eight-way maximum is found. The fourth decision
level involves the comparison of the eight-way maximum and the

prior time series maximum (peak value, e register).

Though there are four decision levels, the decision functions
overlap in computation cycles. While the eight input data words
are being input to the eight buffer registers, Figure 64, they
are simultaneously input to four pairwise comparitors, Figure 66,
and being compared. On the computation cycle (the comparison
having actually been made on the input subcycle), the higher of
each pairwise data is selected for transmission to the second

decision level.

The second level is designed the same as the first; however, the
input cycle to the second level corresponds (in time) to the
output cycle of the first level. Similarly, the third level input
cycle corresponds to the second level output cycle, and the fourth

level input cycle corresponds to the third level output cycle.

'he net delay from the eight data word input to the fourth level
1o n is two and one-half cycles. Thus after the original time
et two additional input-output cycles must be

the final output result has been processed through




10.3.3 RECTIFICATION

The rectification function simply inverts negative numbers to
make them positive. Eight data words are processed in parallel

on each cycle. No initialization cycle is required.

On the input subcycle, the sign bits of the data are stored in the
flip-flops shown on Figure 65. The data outputs are controlled

by these sign bits. If the sign is positive (0), the data is
clocked out from the input register as it was input. If the sign
was negative (1), all the bits are inverted and serially added

to 00...01, to give the rectified value.

10.3.4 HARD LIMITING

The hard limiting function takes a time series input and produces
a time series output which is equal to the input unless the input
value exceeds an upper threshold, TU, or is less than a lower
threshold, TL.

On the initialization cycle, the limiting values are placed in
corresponding parameter storage registers,. Figure 62.

TU and TL are gated from the first and second data inputs
respectively.

Successive cycles produce the hard limited values from the time
series data. The time series data are stored in the data input
registers, Figure 62, and are simultaneously subtracted from the
upper and lower limits, as shown in Figure 65. The sign bits of the
resultant subtractions are clocked into flip-flops, Figure 65,

and are used to control the data output, Figure 68. If x; is
greater than the upper limit, the sign of xi-TU will be positive
(sign bit equal to 0), and the upper 1limit value TU will be

clocked out as yi. 1f Xy is less than the lower limit, the output
¥y will be equal to the lower limit TL. If neither of those
conditions exist, x., is between the limits, and vy will be equal to

1
Xi.
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10.3.5 DUAL THRESHOLD DETECTION

In dual threshold detection, the output v is A, B, or C,

depending upon whether the input Xy is above an upper threshold,
between the upper and lower thresholds, or below the lower thresh-
old. The values of A, B, C, (typically (+1, 0, -1) are user
specified on the initialization cycle, along with the thresholds

TU and TL. TU and TL are put in via the first two data inputs,
respectively, and A, B, and C are put in through inputs 3, 4, and 5.

The time series data are input in groups of eight on successive
cycles. As shown in Figure 65, TU and TL are simultaneously sub-
tracted from each of the data words, and the resulting sign bits
indicate whether the data is above the threshold (sign bit
positive, 0) or below (sign bit negative, 1). The subtraction
and sign bit storage are accomplished on the input subcycle.

The values A, B, or C are clocked out on the output cycle accord-
ing to the }esulting subtraction sign bits. If X is greater than
TU, A is clocked out. If X5 is less than TL, C is clocked

out. If neither of those conditions exist, X is between the

thresholds and B is clocked out.
10.3.6 SIMULTANEOUS OPERATION OF MULTIPLE FUNCTIONS

The way the logic is configured, it is possible to perform some
of the functions simultaneously. The data from a time series
may be processed once and the following combination of functions
may be computed in parallel:

e Count of threshold crossings

o Find the peak value

e One of following three:

- Rectification
-~ Hard limiting
-~ Dual thresholding
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This simultaneous processing is possible because separate logic
is used to compute the different functions, and because the threshold-
crossing-count and peak-value data need not be output until after

the whole time waveform has been processed.

As the waveform is being processed, the rectified, limited, or
thresholded time waveform may be output by appropriate control

of the function select lines. After the waveform has been pro-
cessed, the function select lines may be modified on the subse-
quent cycle to obtain the threshold crossings. On the third cycle

after the processing, the waveform peak value will be available.

It must be noted, however, when performing multiple functions
simultaneously, that the input data sequence be properly handled.

In the above example, the data sequence is dictated by the threshold
crossing protocol, where the last data point on one cycle is
duplicated on the first point on the next. This will not impact

the results of the peak detection logic, but care must be taken

in handliné the output waveform because of the data duplication.

Significant time savings may be achieved by simultaneous computa-
tion of the functions.
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SECTION XI

SUMMARY AND CONCLUSIONS

Methods for implementing elements using available LSI technology and capable

of efficient realization of a family of multinomial expressions have been
explored. These elements, configurabie in arrays, represent a new means for
the hardware solution to a variety of signal processing problems. Relieving
software requirements and providing for a wide range of high speed, reai time
solutions, the resultant Configurable Polynomial Array (CPA) is applicable to
both conventional known linear transformations and processing (such as the FFT)
as well as non-linear transformations derived by training algorithms for the
realizations of Adaptive Learning Netoworks (ALN's). These CPA's then reprecent
a means for performing all of the critical processing functions associated
classification, discrimination, modeling, identification or recognition type
problems. In the performance of such functions, the CPA is much faster than
programmed, serial computers while relieving software problems associated with

complex signal processing.

Alternative architectural approaches for implementing elements were shown and
compared as a function of calculating precisions. These approaches were basically
characterized by whether they used all-parallel or serial-parallel multipliers,
their control structure (hard-wired or micro-processor), and whether they were

to be used in a multiplexed or fully populated array mode.

Supporting precision requirements investigation and analysis showed (by theory

and simulations) the application areas of relatively small word lengths (12 to

16 bits, fixed point) up to 32-bit floating point notation.
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To realize one of the more flexible and efficient element approaches, a
24-Dbit serial-paraillel CMOS/S0S multiplier was designed and fabricated
for use in the mantissa processor of an element capable of evaluation of

any one of a family of 5 multinomial expressions. LEight of these circuits,

~
[ 4

along with other 1 and MOS parts and working in conjunction with an

8-bit floating point processor were assembled into a brassboard for
demonstration of the CPA element concept. Related software and hardware,

for integrating this brassboard, with an HP2IMX was also developed.

The major conclusions of this project are:

1) CPA's are very well suited to signal and image processing
applications. Because of their electronic configurability,
they can perform nearly all of the bulk arithmetic opera-
tions needed in such processing, and when used in distributed-
function networks they can provide extremely fast solutions
that would require much more time using "general purpose,"

i. e., predominantly serial, computations.

2) The principal functions for which CPA's should be config-
urable are primarily 5 expressions (Section II, Table 1).

3) Three nominal CPA architectures have emerged as being the
most effective and mutually complementary for realization
of CPA functions (Section VI)

a) A fast, very precise CPA having 5 - 10 us. threughput
and using fixed-point arithmetic with 24-bit mantissas,
as called for by many real-time signal processing tasks.
(A second version of the CPA would incorporate floating-
point arithmetic capability). The precision of this
CPA is suitable for networks having five to ten layers
of parallel distributed functions.

b) A very fast, moderately precise CPA having 1 - 2 us.
throughput and using fixed-point arithmetic with 16-bit
mantissas. This precision is suitable for networks
having less than five layers of parallel functions

c) A minimum power consumption, low precision CPA having
voltage control of throughput time (to conserve energy)
between 10 us. and 1 ms. and using fixed-point arith-
metic with eight-bit mantissas. This precision is
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i suitable for networks having a single layer of parallel
functions, if an output accuracy of four bits is sufficient.
This CPA also may be used in networks having two (and
perhaps up to four) layers if an output accuracy of one
bit is acceptable, as in pairwise-voting discriminant
functions for signal classifiers.
A signal processing concept in which a configurable polynomial building
block can be considered as a "macro" has been demonstrated. The availability
of a family of such blocks and their use in arrays will provide improved
tools for a variety of Avionics signal processing requirements. The
realizations of true parallel array processing embodying distributed logic-
memory elements will provide improved problem solving capability in conventional

as well as adaptive transformation networks.

Future tasks can now confidently be addressed in the areas of multiple
‘ element realizations under a common processor controller to demonstrate
previously unattainable throughputs together with ease of software and

hardware mechanization for many important signal processing problems.
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APPENDIX A

THEORY AND APPLICATION OF
CYBERNETIC SYSTEMS: AN OVERVIEW

Roger L.

Barron

Adaptronics, Inc.
MclLean, Virginia 22101

Abstract

Major aspects of the theory and appli-
cation of cybernetic systems are summarized
in this paper. The principal topics dis-
cussed are: methods for synthesis of
trainable networks to model relationshios
in their environment, self-organizing con-
trol techniques, guided random search
(optimization) procedures that adjust pa-
rameters in adaptive systems, hardware
trends, and results of representative
applications. An attempt is made to pre-
sent past and current developments in
their historical context,.

1. Introduction
Cybernetic systems are goal directed,

employing information feedback to assess
the degree of goal attainment. They are

ultrastable processes, that is, these

systems become adapted to a problem envi-
ronment by acting selectively toward re-
sponses of important variables observed as
internal parameters of the system are
changed. (8,35]

Realization of major cybernetic sys-
tems involves a number of important subject
areas, chief among them being the modeling,
control, and adaptation of complex pro-
cesses. Traditionally, in theoretical
science and engineering, these topics have
been dealt with by reasoning directly from
underlying physical principles, deriving
equations that express the analytical con-
clusions. These conclusions have then
been compared with experimental findings,
and where agreement is lacking there has
been a stimulus for new advances in the
theory. It is often taught that this
"'scientific method" holds the key to solu-
tion of most technological problems.

However, it is being found that com-
plex processes are not entirely tractable
when approached in the traditional way.

It need not be argued that the '"scientific
method'is wrong, but only that its domain
of employment has been too narrow. Tech-
nologists have mistakenly assumed that
"being scientific'" meant achieving closed-
form analytical representations for all
processes of interest., This may be true
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in pure science, but in most other endeav-
ors the main object is to create systems
that work. And in these endeavors, the
old luxury of treating analytically trac-
table problems can lead to failure.

Neither is it entirely safe to rely
on laboratory experimentation. The arti-
ficial environment does not always repli-
cate the complexities of the real world,

Faced with the challenge of modeling,
control, and adaptation of complex pro-
cesses, it seems that our paradigm must be
more than a method contrived by man's
brain, it must be the operation of the
brain (or central nervous system) itself.
The brain, one of Nature's more remarkable
designs, is an existence proof that ultra-
stability can work in complex processes,

Cybernetics is the science of how the
brain performs and how its workings can be
realized in the inanimate parts of systems.

The theory of cybernetic systems is
still fragmentary, although it is gradu-
ally being placed on a rigorous footing,
particularly by lvakhnenko, Rastrigin, and
other investigators in the Soviet Union.
Even though the functioning of the brain
and procedures for copying this function-
ing in physical systems are only partially
perceived, there is presently very rapid
progress in applications work. Many of
the things being done today were only
talked about ten years ago. Cybernetics
is beginning to make an indelible imprint
on engineering systems. The overview pre-
sented here is an attempt to record the
most important things that are happening
and to identify the trends in these events,

2. Early History of Cybernetics

Refs. 1-18 are milestones in the
early development of modern cybernetics
theory. An essential thread woven through
all of these references is that determinis-
tic rules of behavior, while they sometimes
apply in the large, do not appear to govern
microscopic levels of activity in problem
solving by the brain. At these levels,
the laws of chance generally dominate,
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with subtlie biasing of probabilities being
the principal mechanism for guidance of
the brain's responses.

The brain is endowed with immense
variety of behavior, this richness of ac-

tivity apparently being the result of
probabilistically-controlled internal
states. Thus, depending on bias levels
within its neurons and neuron aggregates,
the brain can realize a highly predictable
input-gutput response at one moment, and at
the next instant its behavior can be en-
tirely spontaneous, showing very little
obvious relationship to environmental
factors.

On the average, the activities of the
brain are guided by its objective of goal
attainment. Without getting into the psy-
chology of goals and sub-goals, goal se-
lection, and the interplay between con-
flicting goals, consider how the brain
organizes itself vis-a-vis a given goal.
Partly by pre-conditioning and partly by
selective biasing, the brain establishes
data transformations, makes inferences
about its environment, decides between al-
ternatives, and initiates actions, largely
under the dominance of the goal at hand.
This goal can be, in many cases, simply
stated, and the degree of goal fulfillment
is then simply gaged. Other times the goal
is exceedingly complex. But a character-
istic of all goals is that their mathemati-
cal description is of a much lower dimen-
sionality than the actions needed to ful-
fill them. |In simplest extreme, the rate
of goal attainment becomes a scalar
measure (e.g., rate of food intake),
while the directed activity still has very
many variables.

The early engineering applications of
cybernetics were rather limited, but the
basic principle of probabilistically-con-
trolled states directed via feedback
measures of goal attainment, thereby cre-
ating rich, one-into-many, dynamic trans-
formations within artificial brains, be-
came well established in the literature of
this field by 1960.

3. Recent History of Cybernetics

In retrospect, 1960 was a watershed
year in the development of cybernetics.
At that time, engineers began to turn to
this embryonic science for help in the so-
lution of several challenging problems in
the design of physical systems. One of
the first problems treated was that of ob-
taining improved adaptive control of flight
vehicles. [Barron in 28, 31; Gwinn and
Barron, 34, Another was rapid prediction
of re-entry object trajectories. [Snyder,
Barron, et al., 25; Gilstrap, 33] Along
with work toward these applications, efforts
were intensified to place the theory of
probabilistically-controlled cybernetic
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systems on a more rigorous foundation.
The work of Lee [21-24 ) and Gilstrap [21-
24 ,30,33) was particularly notable during
the early 1960's.

Contributions by |vakhnenko [29,38],
Gilstrap [36], Mucciardi [35,39], and
Barron [37] in the late '60's and early
'70's emphasized establishment of a
systematic methodology for synthesis of
cybernetic systems. This methodology
will now be outlined.

L. Modeling via Adaptive
Learning Networks

A cybernetic system operates with a
goal that is to be fulfilled at a future
time. Gilstrap [367 has shown that the
types of functions that must be implemen-
ted in such a system are a predictor, an
objective function for assessment of per-
formance of the system, and a decision
rule for selection between alternative
actions. The predictor plays a vital
role; it anticipates how closely the goal
will be satisfied if the system pursues a
given plan of action. The predictor thus
allows prompt correction of system actions
following a disturbance or change in the
goal .

Al though many forms of predictor are
candidates for cybernetic systems, those
of greatest utility are the adaptive
predictors which learn from past experi-~
ence. These predictors model future-
output vs, present-input relationships
for the goal-directed system, using
recorded data from past observations,
Because the adaptive predictive trans-
formations can be created directly from
observations ard are not necessarily sub-
ject to a priori assumptions, these pre-
dictors are potentially as accurate as
basic measurements permit.

However, a powerful modeling meth-
odology is required if the full potential
of adaptive predictors is to be realized,.
Multiple linear regression has been tried
in many applications, but has been found
deficient in the following particulars:

(1) the model must be linear in its
unknown coefficients and, there-
fore, its mathematical structure
must be assumed a priori;

(2) the number of data points must
exceed the degrees of freedom
of the model;

(3) the data structures used cannot
be multimodal; and

(4) the least-square-error fitting
criterion must be used exclu-
sively

Techniques for nonlinear network
modeling have been developed that elim-
inate these problems. [25,29,30,33,35-38]
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The paper by A, N, Mucciardi in this con-
ference is an example of the use of these
new techniques, The principal steps in
the modeling methodology are:

(1) acquisition of data;
(2) data parameterization;
(3) partitioning of data base;

(4) network training, consisting of
selection of most informative
parameters, selection of connec-
tivity and approximate coeffi-
cient values, optimization of
coefficients, and detection and
avoidance of data overfitting;

(5) latency reduction of network
after computation of its output
sensitivities to input vari-
ations.

Let us consider each of these steps
briefly,

Data acquisition emphasizes record-

ing of all variables that can be econom-
ically sensed and that reasonably might
be relevant to the modeling task, (Vari-
ables not needed will be automatically
eliminated later in the synthesis proce-
dure.) Standard rules for the design of
experiments are followed in the choices
of operating regions, specific conditions
within regions, and the number of exper-
iments at each condition. Data sampling
rates are chosen to preserve the infor-
mation content of signals and avoid
aliasing.

Data parameterization is performed
to compress the dimensionality of the
original data ard thereby reduce the total
synthesis work, Care must be taken not
to discard important i formation, If in
doubt, all the original variables should
be used., However, when the original
measurements describe waveforms of system
variables, the derived parameters usually
may include conventional quantities such
as measures of energies in specific fre-
quency bands, Fourier coefficients, inte-
gral functions indicative of waveform
shapes, time derivatives, peak-to-peak
ratios, mean and rms values, etc, Whereas
in linear modeling the extraction of suit-
able data features is a crucial task (be-
cause only the input features of linear
models introduce interactions and non-
linear functions of the variables), this
problem need not arise in modern nonlinear
network modeling: these networks create
their own rich combinations of inputs,
generating-- in essence -- an additional
nonlinear feature set within each of their
layers.

Partitioning of parameterized data

is done to obtain data subsets for train-
ing, testing (overfit avoidance), and in-
dependent testing (estimation of expected
accuracy) of the network models, A

clustering algorithm "39] is used to ir
sure that each of these subsets contains

a balanced representation of the total
data base: the constituent points within
each mode (cluster) of the parameterized
data should be distributed in a8 constant
ratio among the subsets, Clustering anal-
ysis also reveals if the characteristics
of the measured process were stationary
over time and if the sensors provided con-
sistent readings,

Network training techniques have never

been fully disclosed in the literature,
but Refs, 35-38 provide an outline of a
procedure that has enjoyed a great deal 1

of success. The basic approach is to
synthesize the network with building-
block elements, first using 3 determinis-
tic algorithm (38 to select the best
input parameters and to establish the
connectivity of the network, then em-
ploying a guided random search algorithm
to obtain coefficient values that are
optimum in the global sense, Mathemat-
ically, training is viewed as the real-
ization of a suitabl hypersurface ap-
proximation to the training data subset,
with the testing subset used to terminate
fitting of training data points before
overfitting occurs.

The building-block elements most
commonly used implement the bivariate
function

Y = Wo + Wy Xy + WaXp + Waxy % +

wed + w8 .
Treating all possible pairs of input
parameters in succession, the data in the
training subset are fitted with this func-
tion; i.e., the best w is found for each
pair of parameters, Then, with reference
to the testing subset, the best M pair-
wise combinations are retained; these
provide M new parameters for transforma-
tion in a second layer of the evolving
network. This second layer is synthe-
sized in a manner analogous to that of
the first, and so on for each additional
layer. At any layer the growth of the
network may be terminated. When this is
done, the network output becomes the out-
put of the best element within the last
layer, and all elements not required to
generate the inputs for this output ele-
ment are discarded.

In general, the outputs of elements
in a given layer, L, are multinomials of
degree 2L involving as many as 2L input
parameters of the network, Despite this
eometric growth in network modeling
?viz.. transformation) power with each
added layer, the computational burden
increases only linearly with L. !

Additional layers are synthesized as
long as the performance (fitting accuracy)
of the network improves vis-a-vis
the testing subset of the data. But when
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this performance starts to degrade, it is
clear evidence that the training data have
been overfitted, i.e., that the network
has grown too large. Growth is stopped
short of the layer at which overfitting
occurs. With this procedure, the network
may be trained on a very small amount of
data, vet possesses ability to generalize
accurately on its limited experience,

Once the deterministic phase of the
synthesis is completed, expected accuracy
of the network is estimated using the
independent testing data subset. Sometimes
this accuracy is not sufficient for a
given application, indicating that a syn-
thesis phase involving global optimization
of the network coefficients (w's) is
required. Also, when the network is put
into actual service as a predictor, it may
be found that its accuracy gradually dete-
riorates, perhaps because of changes in
properties of the process that has been
modeled, |If this erosion of accuracy is
severe, complete re-training might be
needed. Usually, however, predictor adap-
tation involves only the network coeffi-
cients, keeping the identities of input
parameters and the connectivity fixed,
Thus the same type of algorithm may be
used in adaptation as in the final phase
of synthesis, although newly-acquired data
must replace at least some of the data
used during initial training. The specific
algorithm that has been found to be most
suitable in both cases is the Guided Accel-
erated Random Search (see Section 6 of
this paper). When using a search algo-
rithm, just as in the deterministic syn-
thesis phase, improvements noted with re-
spect to a training data subset are tested
with a second statistically-similar subset
before their acceptance as genuine,

Latency reduction of the network is
the last act in the modeling 'methodology.
To this end, the surviving input parameters
from the previous steps are again cluster-
ed. Centroids, called the prototypes, of
the important modes in the data are deter-
mined from the cluster structure. These
prototypes are representative of the
most-frequented operating points of the
system. The network inputs are set equal
to values given by each of the prototypes
in turn, and for each prototype the net-
work output sensitivities to small excur-
sions performed one-at-a-time in its in-
puts are found numerically.
this is the determination of

( ay } O h o NG wees B
bl T e Jomm Vs vt K

L

where § denotes the network output (the
estimated future value of a system vari-
able), x; is an input parameter of the

predictive model, and zﬁ is an input
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Mathematically,

prototype vector from the final clustering
analysis., If the network has been trained
properly, these sensitivities are usually
precise reflections of the true physical
process. Noting which sensitivities are
large in magnitude and which are small,

it is often possible to replace many of
the xi's by their respective constants

from the ﬁj's' changing these constant

inputs only when operating conditions of
the system are changed from one mode to
another. It is sometimes possible to
eliminate sensing of certain of the inputs
altogether.,

5. Self-Organizing Control
Techniques

A characteristic of cybernetic systems
is that they usually incorporate a hier-
archy of decision and control levels,
each having its own appropriate structure
of sensors, effectors, and information
processors. The goal for a lower level
in the hierarchy may often be to implement
effectively the commands of the next higher
level, Sometimes, however, a difficulty
can arise at a given level that pre-empts
the attention of the levels above it,
forcing them to re-organize their pro-
cessing logic so as to meet the contin-
gency.

For example, a flight vehicle may
nominally have outer guidance loops, with-
in them certain control loops, and inter-
nal to all of these a family of stabili-
zation loops (such as vehicle angular
position, vehicle angular rate, and
actuator displacement and rate loops).
Suppose the guidance loop has a predic-
tive model that assumes a certain nominal
set of control-loop dynamics will be
maintained; if these dynamics undergo
change, the predictive model could be re-
trained. (The previous section of this
paper indicates how such re-training
might be accomplished.)

Let us imagine that the control loops
of this vehicle normally receive a vector
input from the guidance processor. This
input consists of three components of the
desired translational acceleration. The
control processor normally converts this
information into orientation commands for
the pitch, yaw, and roll stabilization
axes, taking into account the actual accel-
erations to compute its error si?nals. The
control processor may use a model of the
transfer properties of the stabilization
loops, each of which has the goal of keep-
ing an axis of the vehicle pointed in a
commanded direction.

Now, consider the problem of re-
organizing the control processor in the
event of a contingency arising in the in-
ertial orientation sensing used by the
stabilization loops. For purposes of dis-
cussion, suppose that a radiation sensor
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is used as a back-up in the cohtrol sub-
system for measuring the magnitude, B, of
an off-boresight error angle (but not the
direction of this error). Now ask: '"If
the attitude stabilization loops are lost
due to failure of the inertial reference
unit, could the control processor change
its logic in such a way as to solve the
problems of vehicle stabilization and
control, given only B(t)?"

At first glance, this illustrative
problem may seem to be expecting too much
of the control processor, because not only
must it deal with a radically different
set of dynamics for its controlled object,
or plant, after the failure, but it must
also generate a 3-vector command (pitch,
yaw, and roll actuators) from a single
scalar input variable, B(t). Nevertheless,
this problem has a solution; the type of
control processor that has these capabil-
ities has been the subject of considerable
study since the early 1960's.

A reasonably complete picture of
the development of self-organizing control
techniques, suitable for the above problem
and for many other applications (usuall
for primary rather than back-up control),
is provided by Refs. 29, 34, and 40-80,
However, what these references do not make
entirely clear is that self-orgarizing
controller's (SOC's) are now being widely
applied in communications systems, antenna
control, electronic warfare, steelmaking,
injury recovery control systems, and
other areas in addition to flight vehicle
control. Also, reading the references, it
is easy to lose sight of the essential
unity between the fields of adaptive
prediction, self-organizing control, and
quided random search. Specifically: (1)
a multivariate SOC usually employs a form
of guided random search that acquires in-
formation about the process being control-
led, (2) SOC's generaily act to control
predicted future states of process re-
sponses,

This unity is borne out in one on-
going industrial application (77] where SOC
logic has been merged with predictive net-
works to create an extremely powerful cy-
bernetic system. Both the SOC logic and
the adaptive networks in this system use
guided random searches, but the frequency
of adaptations within the SOC logic (which
repeatedly interrogates the networks) is
considerably higher than in the networks,
This illustrates a further principle:
in hierarchical cybernetic systems, adap-
tation processes usually take place most
rapidly in the innermost decision and
control loops and progressively less rap-
idly as one moves outward. Ultimately,
the level of an inflexible objective func-
tion (goal) is reached; this outermost
function, which may or may not be explicit,
is not adaptive.

Two avenues of SOC development have

been followed. In both, the SOC identifies
the values, or at least the signs, of mem-
bers of the open-loop actuation gain matrix
of the controlled plant, using this infor-
mation to realize satisfactory control,
Both approaches employ small random exci-

tations so that, through observation of
plant responses, the requisite matrix
information can be acquired. Rates of
change of plant responses are monitored
and correlations between excitation sig-
nals and these responses are computed to
identify polarities and/or magnitudes of
the gain matrix elements,

In the original approach, described
in Refs., 34,47-49, 53, 55, 57-62, 65-69,
71-73, and 75, the SOC logic is partition-
ed into two types of modular devices. The
first, referred to as a performance assess-
ment unit, computes a binary value signal
indicative of the trend in error perfor-
mance of the system. This value signal is
the |ogical product of the sign of a com-
ponent of the predicted error and the sign
of the appropriate component of the rate
of change of plant acceleration. When
acceleration is changing in such a way as
to reduce the predicted error of the sys-
tem, the value signal becomes positive;
otherwise, it is negative. The other mod-
ular function, referred to as the actua-
tion-correlation logic unit, generates a
component of the control excitation sig-
nal by forming the product of a function
of a component of the predicted error
signal and a high-frequency polarity de-
cision signal. The decision signal, up-
dated at a frequency considerably higher
than the natural frequency of the plant,
is itself the output of a statistical ex-
periment generator that is biased by a
function of the computed short-term cross-
correlation between the received value
signal and the polarity signal from the
prior decision time. The SOC modules are
combined in a controller for which the in-
puts are the desired and measured responses
of the system and from which the outputs
are the excitation signals to plant actua-
tors. For the case of a plant having m
actuators and n commanded response variable,
m > n, the original SOC employs n perfor-
mance assessment units and m x n actuation-
correlation logic units, each of the latter
corresponding to one member of the acceler-
ation gain matrix.

The original SOC logic designs iden-
tify polarities of the acceleration gain
matrix elements, A recent derivation b
D. Cleveldnd and L. 0. Gilstrap, Jr. 776,
781 provides a mathematical foundation for
identification of both the magnitudes and
polarities of these quantities, and this
newest technique has also been realized
in working hardware [ 781,
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6. Guided Random Search
Procedures

The preceding discussion and the lit
erature it references bear out the thesis
that parameter searches are required by a-
daptive cybernetic systems so as to realize
self-adjustment of their behavior, 1t s
often necessary that these searcnes solve
a global optimization problem, i.e., locate
the best extremum from among multiple per-

formance modes (hills or valleys). In
nearly all cases rapid convergence is re-
quired in a noisy signal environment and

for simultaneous (or nearly simul taneous)
adjustment of multiple parameters,

Several types of search logic are
treated in the literature, The major types
are systematic, gradient (steepest descent)
and random searches, [25,30,33-37,49,60,
90,94 ,98,100,1157

Systematic searches employ an exhaus-
tive survey of all possible parameter
values and are, therefore, capable of find-
ing the global extremum of a multimodal
performance function, The drawback to this
type of search is that it can be much too
“time consuming in practical applications,.
Also, the systematic search is overly noise
sensitive and may have an unacceptable
search loss (low average performance during
the search) because it does not dwell prin-
cipally in regions of good performance, un-
less such regions encompass most of the
parameter space,

Gradient searches are often an effec-
tive way for seeking a local extremum, par-
ticularly for spaces of low dimensionality,
but are incapable of solving the multimodal
search problem uniess coupled with other
methods. Gradient searches may also have
other drawbacks, as implied in the
following discussion,

Random searches [82-86,88-1157 are of
two basic types, unquuded and guided., Un-
gquided random searches are a form of ex-
haustive search, but with a random strategy
for trial generation. Guided random
searches achieve enhanced rates of conver-
gence via probabilistic control and certain
heuristic principles, as will be discussed,
Random searches of both types are inherent-
ly suited for multimodal search and optimi-
zation problems; however, only the quided
random searches are of practical interest
in most engineering applications,

A particularly powerful form of
quided random search, known as the Guided
Accelerated Random Search (GARS) [30,33-37,

,91,1 contains two phases
wcth control of the search switched back
and forth between these phases as certain
events occur., In the random %héég' an in-
formation gathering phase, values of param-
eters in the search are chosen at random
but subject to a multivariate probability
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distribution function (pdf) that governs
the reiative amounts of time spent in
various regions of the parameter space,
In the deterministic m\,nﬂ , information
acqui red from the random experimentation
is exploited in accordance with appro-
priate heuristic rules,

Whereas unguided randon earches em-
ploy uniform pdf's to govern a selection
of all trial values of the parameters, the
uniform distribution is used only in the
opening stage of GARS, Afterward the pdf

is shaped to hasten convergence to local
solutions and, ultimately, the global so-
lution, Then, as the search nears com-
pletion, the number of parameters being
simuitaneously searched is sometimes
lowered from the total number of param-
eters in the search to some fraction there-
of, selected at random for each trial,

The random phase of GARS may com-
prise distinct strategies suitable for
the opening, middle, and final stages of
the search, In the opening stage, a
uniform pdf governs Search trlaie, SO as
to conduct the exploration with equal
probability throughout the parameter space.

In the middle stage, two techniques
exist in GARS by which the standard de-
viation of random steps may be reduced so
as to guide, i.e., quicken, the further
trials, The first of these techniques
produces an explicit identification of
the modes of the parameter space. For
this purpose, results of the opening
search stage are clustered numerically so
as to reveal regions of highest and lowest
performance and to characterize these re-
qions in terms of their centroids and
variances with respect to each of the
parameters. 114] The second technique se-
lects some be<t fraction of the trials
conducted in the opening stage and initi-
ates further random trials that are bunch-
ed about the points in that fraction,
These further trials are conducted with
a relatively small step-size standard
deviation and have, as their purpose,
identification of the modal structure of
the performance surface,

The final stage of GARS is entered
when the best-to-date performance reaches
a level near to the asymptotic performance
expected of the search, |In this stage,
the step size, may be controlled partly
by the measured best-to-date performance
in such a way that the magnitudes of
search steps shrink to very small values
as peak performance is neared. Addition~
ally, an "activity factor'" is sometimes
used in the final stage as a means for re-
ducing the dimensionality of the random
perturbations, ultimately converting the
final-stage search from a simultaneous
exploration involving all parameters to
a more nearly sequential search involving
a small fraction of the parameters in any
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one step. This fraction is randomly se-
lected for each new trial,

in most applications, noise in measure-
nents of system performance can produce
deceptively good results for any one ex-
periment. To avoid the risk of spurious
neasurements locking the search on a false
solution, the random phase of GARS period-
ically re-examines the perfcrmance it
achieves at the supposed best-tc-date
setting of parameters. Each new measure-
ment of performance for this setting is
used to refine the estimate of best-to-
date performance., Ffurthermore, to compen-
sate for non-stationarity of the per-
formance surface, contro! of the search
is returned periodically to the logic
for the previous stage.

A useful heuristic principal used in
the random phase of GARS is called "re-
ve ! """ Whenever a random experiment
produce a performance improvement
ed relative to the prior best-to-
formance ), a step of equal magni-
pposite direction is taken
ing the best-to-date parameter
to define the point of departure),.
step in the opposite direction is
used in the expectation that a performance
improvement will often be found by moving
exactly opposite to an unsuccessful
direction,

The deterministic phase in GARS,used
in alternation with the random phase, is
entered whenever a new best-to-date per-
formance value is obtained, |In the de-
terministic phase, additional basic
heuristics that speed convergence are em-
ployed. These heuristics act to exploit
the information gained from a successful
random experiment, The heuristic prin-
ciples used include:

(1) Repetition -- A successful step
is followed by another in the same direc-
tion,

(2) Acceleration -- The magnitudes of
further steps are lengthened in an arith-
metic or geometric progression. This pro-
duces rapid progress even though the
initial successful step may have been
quite small, Then, whenever an acceler-
ated step produces an unsuccessful out-
come, the search 'backs up' to establish
t-e approximate location of the maximum
or ridge that has been traversed, The
deterministic phase is exited once this
deceleration is completed.

Rapid convergence is important for
search techniques used in cybernetic sys-
tems, Rastrigin 89] has shown that the
mean rate of convergence of a random-
direction search will exceed that of a
fixed-step size steepest descent procedure
when the criterion function is unimodal
and the number of parameters exceeds four,
An adaptive-step-size random search nas
been shown by Schumer and Steiglitz 1011

to be even more efficient, They show
that for gradient methods the number of
criterion evaluations increase in pre
pnr[](m to the square of the number f
parameters (N) and the computation time
increases as N*, while for the adaptive-
step-size random secrch the number of
evaluations increases in proportion to
the first power of N and the computation
time as N°, Gilstrap ited in 60,10
states that the expected number of cri-
terion evaluations for GARS, divided by
the number for a fixed-step-size steepest
descent method, is approximately

-|- log: N

2N
for N 2 3,

In summary, the advantages of
guided random searches such as GARS are:
(1) the search is multimodal, i.e.,
convergence is independent of
initial conditions;

(2) very rapid convergence can be
achieved, even for a large

number of parameters, making
real-time adaptation feasibli«
for major systems;

(3) there are no difficulties witt

step-size control, gain factors,

and the |ike;

(4) the search is relatively in-
sensitive to noise corruption
of the performance criterior
measurements; and

(5) any computable performanc
criterion may be used,

7. Applications and Hardware
Trends

The engineering applications of cy-
bernetic systems are, in a very literal
sense, nearly as old as technology. (For
example, Hammurabi, king of Babylon in the
20th century B.C., devised a feedback
mechanism that requlated the water level
in an irrigation system,) But until about
ten years ago, there was little conscious
employment of modern cybernetics theory
to aid in realization of goal-directed
systems and exploitation of these systems
in difficult modeling, control, and op-
timization tasks. Today, however, the
catalog of applications receiving active
attention (within the modern context) is
large and is growing rapidly.

The accompanying table and the cited
references list only those projects of
which the author has knowledge; no claim
can be made for the completeness of this
enumeration., It is seen that modern cy-
bernetic systems are serious candidates in
numerous areas of application, And hard-
ware for these new systems has been or is
being developed in many areas.
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SUMMARY OF APPLICATIONS OF CYBERNETIC SYSTEMS

7 References * e

€ Applicatior ALN SocC GRS Status*¥H

] Forecasting

£y icle Trajectory Prediction 28 133 28,33
B Bacteria-Count Forecasting x
t ibility Forecasting x
A

Inference

i try Vehicle Ballistic Coefficients )
! ift Parameter ldentification a
e Finish Quality in Precision Ma-
! ining 19 B
e Biomass in Fresh Water Ponds 128
pheric Refractive-Index Gradients 123 (x)
Waveform Analysis and Processing
vination between Earthquakes and
Re te Nuclear Events
trasonic Nondestructive Testing 0
iguage |ldentification ; B
mote Sensor Systems x
itter Classification x P
faptive Filtering; Nonlinear Filtering
Adaptive Computation
S| Electronical ly-Programmable Logic 30,37 118,
Arrays L 2.4 % B
r _and Propulsion Avionics
Aircraft Fly-By-Wire Flight Control a3,43,40-80, P
1, 58380,
. s s 1,120
Tactical Missile Flight Control 56,88,70,12¢9
otely Piloted Vehicle Control 4 ATia B
Turbopropulsion System Control 17,180 :*:.:,-‘v.,v",;,:ﬂ 1174180 B
pacecraft Orientation and Auxiliaries
,r‘ -
ntrol of Acquisition; Stabilization "
Energy Allocation b R

ina System Control
Az, E! Control of Dish Antennas 7Ee7H B

AMT| Phased-Array Immobilization and a,128l 134,138,412
Processing s, 221
buoy Communications 80 8 o
Tcctronic Warfare
Adaptive Electronic Countermeasures x P
. Adaptive Electronic Support Measures X X X P
- WY
Process Modeling and Control
Steel Hot Strip Mill Finishing Speed 119,133 119 119 P
Steel Hot Strip Mill Runout-Table 119,120,138, 119,120 1194130
Cooling Sprays 140
Steel Basic Oxygen Furnace 7,132 77,186,138 774182 0
Vehicle Exhaust Emissions X B
Biomedical Modeling and Control |
Evaluation of Psychotropic Drugs 120,187,138 123
Analysis of Head Injury Data x X
Head Injury Patient Recovery Control X K X
The symbol '"x" denotes no publication in open Iiterature.**B=B&gadbnard.ﬁ’=Pmlotype,
= erationa)
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Aircraft fly-by-wire SOC logic was
successfully flight tested by AFFDL and
AFAL in 1969.

AFAL brassboard flight tests of
adaptive ECM equipment are taking place
at the present time, and AFAL is also
currently sponsoring development of brass-
board adaptive ESM equipment.,

AMRL has successfully demonstrated
{ readboard SOC logic developed for the RPV
man-machine interface,

A. E. Zeger presents a paper at this
conference on the AMT| phased array adaptive
antenna immobilization system, now enter-
ing a breadboard development stage under
AFAL sponsorship. This system incorporates
a form of GARS search in SOC logic to min-
imize Doppler clutter spread of the radar
signals,

One particularly important hardware
trend is toward custom large-scale inte-
gration of digital circuits for adaptive
learning networks. D. Hampel reports on
this AFAL project in a paper at the pres-
ent conference. Hardware development of
adaptive learning networks has also been
supported by Armco Steel Corporation,
Armco is using predictive control via an
adaptive learning network for the finishing
of hot strip steel and is developing an
application for control of an important
melting process.

8. Concluding Remark

An overview of the theory and ap-
plication of cybernetic systems has been
presented, Because of security restrictions
and the proprietary nature of many aspects
of this new field, and also because of space
limitations, it has been necessary to omit
many significant details. It is hoped,
nevertheless, that this survey has convey-
ed a feeling for the promise and vitality
of work that is taking place in cybernetic
systems.
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APPENDIX B

Networks that learn are useful in computer-aided design and
manufacturing to improve process performance, reduce costs,
and decrease the need for engineering analyses. Here’s how

they learn and how they are applied

Learning Networks Improve
Computer-Aided Prediction and Control

Roger L. Barron

Adaptronics, Incorporated
McLean, Virginia

A quiet revolution is spreading in the way that engi-
neers think about manufacturing processes. In the past,
these processes were designed and operated on the
basis of either doctrinal or engineering concepts. Ana-
lysts and engineers have attempted to write instructions
for control computers in the same way that they in-
struct human operators in how to perform appropriate
manual control functions. Thus applications of computer-
aided manufacturing during the first two decades of
the computer era have consciously or unconsciously
taken the form of -one-for-one replacements of human
operator functions by equivalent computer functions.
This concept of replacement has maintained or even
reinforced traditional reliance on analytically de-
rived models of processes.

Now, however, speed, memory, and dependability of
computers are leading to fresh approaches to model-
ing and control of manufacturing processes, and a
number of exciting new methods are receiving atten-
tion, one of which is the “learning network™ approach.
Networks for computer-aided prediction and control,
which may be implemented in computer software or
peripheral hardware, can learn to predict trends in a
process from the natural data it produces. The process
is characterized entirely from its observable variables
rather than by a set of theoretical equations; its true
characteristics are embodied in the natural stream of
data that flows from it. The problem is thus one of
generating a process model from data rather than one
of estimating what the data will be.

At the very least, this way of thinking can aug-
ment traditional approaches. The learning network

identifies which variables play significant roles in the
behavior of a process and shows how these variables

interact with each other (usually nonlinearly) o de

termining just what the process will do. Thus the netwark
points the way toward improved theory for traditional
modeling work. Alternatively, the network can model the
most uncertain aspects of a process, leaving  othe
already fairly well understood aspects to thearen
derivations.

lLearning networks themselves can infer and predon
process behavior very accurately. Unlike most pred
tive models, errors made by these networks do o
necessarily increase cumulatively with increasinely Jonee
forecast intervals. Also, they can adapt to changinge pro
cess characteristics, keeping themselves up to date withon
requiring tuning or redesign by human specialicis

Perhaps most exciting, learning networks are bl
to predict from data that are produced “naturally
by processes—including records of sounds or vibrations
subjective evaluations of product quality, or what
ever variables are readily accessible for economical
measurement. It is only necessary that the natoral
variables, taken in concert, contain information fo
the inferences or predictions to be made.

In other words, computer-aided manufacturing (CAM)
systems need not rely on instrumentation of state vari
ables and other conveniences of older theories about
control. Often there is no way to instrument such

*This article is based on a paper presented by Mr Barron at the
1975 CAD/CAM Conference of the Society of Manufacturing ¥n
gineers, held in Chicago, 111
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closely  resembles human like abilities for making as-

sociations between complex  patterns  of events— with

the speed, accuracy, and attentiveness of a computer.

Learning Networks

Inference and prediction problems involve operations

with sensor « obtained as a result of observing a

physical process. The elassical approach to designing the
computer model has been to use all relevant de-
termimstic or statistical characteristics of the process
being ohserved, along with certain assumptions in de-
sign caleulations, Very often the designer presumes the
structure  of the model and mevely caleulates values
of certain parameters, Even if the nature of the ob-
served process changes, the structure of the model often
does not change: but the designer adjusts the parameter
values in response to measured changes in inputs or
outputs

In many important apphications, observable inputs
are difficult to de<cribe analytically. The best or even
a good structure for the maodel cannot be determined
in advance, In this case. a desirable model structure
can adjust to representative inputs. That is, the model
is trainable in both its structure and parameter values.

Frainability in structure implies the existence of in-
terconnections  of similar  elementary  building  blocks
in a network, This network is described by a general
tusually nonlinear) function of certain input variables

called  observables. Since hittle may be kunown  about
the lh‘||.|n|c-||~l|(~ of |]|-- l-lr-l‘lLlli'"‘. netwark param
eters are not known in advance. but are learned as
the network is trained with represemtative inputs. This
concept raises new  questions about what the structure
of the elements of the network should be, how the
element  parameters  <hould be  adjusted. how  many
elements are necessary, and how ||ln'\ ~||l-ll|4l ln' inter
connected.

Polynomial and Multinomial
Approximations

Suppose that the mput consists of N observables, x;
Xos o v o o Xx. and the output, y, is a scalar quantity
whose value is the estimate of a particular property
of the input process. In general. v will be a nonlinea
function of the x’s. Under fairly general conditions,
this function of N variables can be expressed i an
N-dimensional Maclaurin series:

¥ 8 T 2 |,\‘522.1:\,\;
=1 }

1 1

t 2 2 2 A XXX

i=1 §=1 ke=1

Although in the most general case. the coeflicients are
functions of time, underlying characteristics of the s
often do not depend on time. so that the coeflicients
are constants.

To apply this Maclaurin series, identities of the ob-
servables or measurements, x. must be known. along
with the number of terms in the series needed to
provide an acceptable approximation to the desired
function-—even though this function is itself not known.
To determine the observables, all those that are thoucht
to have a bearing on the desired output are used at’
first, and the ones whose trial shows them to be of
little use are later discarded. The number of terms
is determined adaptively with a trainable nonlinear

Fig. 1 Learning network element. A digi-
tal mechanization of the functions shown

*Y  here is used to implement the first six
terms of a Maclaurin series that expresses
a property or characteristic of a process
in terms of its inputs. It has only two in-
puts, but networks of elements such as
this can combine all the inputs in pairs.
Usually fewer than all possible pairs are
necessary
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network of interconnected slements, each of whih ym
plements a simple second degree function of twa n
puts and one output, also including hiestdegree and
constant terms (Fig. 1)

¥ wo + wixy F owaxe T waXixg waXsT t wexy

fhis function is equivalent to the hrst six terms of
the weneralized Maclaurin  series  for two variables
Components of the element may be realized using digital
‘iv\lu'\ \ network of lhc'w elements can he lldllll«'.
by adjusting values of coeflicients, 1o approximate the
N-dimensional series

Networks of the
Basic Element

In a network of two lavers of these simple elements
tFig. 2V, each mmput, z, to the summation contains
pairwise products of the network inputs; x;, up to
degree 4. while the first layver contains all possible
pairs of three inputs. To implement a general multi-
nomial  expression  (merely a  polynomial in many
variables), the number of elements in each layer would
have to grow as one proceeds deeper into the network.
However, it is found empirically that acceptable ap-
proximations are obtained without this growth: in fact,
the number of elements in successive layers decreases

usually after only two or three layers- until only a
few are left as inputs to the adder.

Known Data Set

Determining the coeflicients of each network element
and the number and interconnections of those elements
requires a known data base that is, a data base for
which  the values of the dependent variable are
known. Steps involved are (1) optimizing the coeflicients

-

Fig. 2 Two-layer networn. Three inputs combine into
three pairs at the first level of elements such as that
of Fig. 1. At the second le I, outputs of the first
level recombine in pairs to generate up to fourth-
degree signals. Theoretically, later stages would
snowball in number and complexity of interconnections,
but in practice they do not
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in cach element of the first layer, (2) selecting those
clements whose output 1s acceptable while rejecting
the poor performers, (3) repeating steps (1) and (2)
for the remaining layers, and (4 globally optimizing all
coelicients inall layers based upon network output.

Ihe known data base is divided into three inde-
pendent but statistically similar subsets: a fitting subset,
to determine coeflicients of the elements: a selection
subset, to reject the poor performers: and an evaluation
subset, to evaluate overall performance. Fitting and
selection subsets are also used for global optimiza-
tion. Since the evaluation subset is not used for net
work wynthesis, performance on it accurately estimates
the network’s ability to generalize to new, previously
unseen data.

Training the Network

Element coeflicient determinations are based, in part,
upon a leastsquares fit to a desired output, whereby
the elements are fust adjusted by a matrix algebiraic
procedure and then by a recursive search or optimiza-
tion procedure. (Other eriteria are of course possible, and
are often used.)

Fitting and selection subsets are used alternately in
training each layer. First, N specific observables that
are the inputs to each element are chosen, more or
less arbitrarily, and arranged into N(N — 11 /2 pairs,
feeding a like number of trainable elements, such as
that shown in Fig. ). Then the Hitting subset of the
known data base is applied to establish the coeflicients,
using a recursive search procedure with a least-squares
criterion. The procedure is repeated for each of the
N(N 11 2 elements,

Not all pairwise combinations are significant in ex-
tracting the desired information. The selection process,
using the selection subset, eliminates those elements
whose performance is not acceptable, as measured by
the square of the error magnitutde. There are now.
say. R elements that survive.

Ihe process is repeated for the second layer, which
initially contains RtR 11 2 elements, involving all pairs
of the surviving elements in the first layer—which now
is again fed by the fitting subset. Coeflicients of ecch
element in the second layer are determined as in the
first. Then the selection subset is fed a second time
into the first layer and the unacceptable pairs elimi-
nated from the second layer.

The process is repeated with succeeding layers until
the error rate on the selection subset reaches a suitable
low level. Although further reductions in error rate
on the fitting subset could be made by incorporating
additional layers, to do so would produce overfitting
of the fitting data. Eventually, a single output results
from each of several disjoint subnetworks: these out-
puts are added to produce a single output from the
entire network.

A hypothetical example of the result of the train-
ing process to this point (Fig. 3) implies that at least
30 candidate parameters were initially inserted into
the first layer, of which only a few survived. The
figure shows that pair (x,, xu¢) interacts with pair
(x4, X30), but pairs (x5, x5) and (x5, Xu) do not inter-
act with each other or with the other pairs. Thus the out-
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puts of three disjoint subnetworks are added to pro-
duce a single output.

A final step in the training process is a vernier
adjustment, or fine tuning, of the coefheients. This may
arise hecause the coeflicients of each element have heen
adjusted in the absence of interactions with other ele-
ments following them in the network: optimum co-
eficient values may be different when these interac-
tions are present. Fitting and selection subsets are also
used for this final adjustment process. The vernier ad-
justment —a global search- may use a random tech-
nique to obtain final values of the coefficients, as well
as for subsequent network adaptation. After final ad-
justment of coefhicients, the evaluation subset is used
to estimate performance of the entire network.

A\voidance of overfitting is a key aspect in the training
of learning networks. Good functional approximations
to the fitting data subsets must be obtained that also
closely approximate the data in the separate selection
subsets that is. the networks can he taught to gen-
eralize properly on their experience in fitting the points
in the first subsets, so that error rates in later uses
will be low. If overfitting is not avoided, the network
produces deceptively smali errors in approximating its
first sets of data and then. in most cases, does poorly
on subsequent new data. Often heard of are empirical
models that appear to have much promise initially but
that produce unacceptable errors when presented with
new data: in most cases, such behavior is the result
of overfitting. By using three independent subsets of
the available data—taking care that each is statistical-
Jy representative of the whole data base, the problem
of overfitting is virtually eliminated and good ad-
vance estimates of operational error levels of the
models can be obtained.

If a model realized by a learning network can be
guaranteed not to be overfitted, it will be a smoothly
fitted, functional approximation. Mathematically, this
approximation is a continuous and differentiable func-
tion, derivatives of which closely approximate the quan-
titative derivative hehavior of the real processes that
are modeled. For this reason, numerical pariial de-
rivatives may be computed which reveal the quantita-
tive sensitivity of the modeled variable (y)-and thus of
the process that has been maodeled 1o small variations
in specified vilues of the network input variables.

As will be seen, ability to interrogate learning net-
works at arbitrary points (within their regions of fit
to prior data), thus finding predicted values and sensi-
tivities of process responses, is the key to use of these
networks in computer-aided design and manufacturing

(CAD CAM).

Use of Learning Networks

A learning network in CAM implements a predictive
model for the process being controlled (Fig. 4). A
separate network is used for each predicted variable.
Inputs to each network are measured precess variables
and trial control variables. When the switch is in
search position, sequence search logic can rapidly in-
terrogate the networks to discover predicted conse-
quences of hypothetical control actions. When the
switch is moved to control, the best sequence of con-
trol action found by interrogating the networks is

e
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Fig. 3 lllustrative learning network. Although 30
or more inputs were hypothesized as contributing
to the process controlled by this network, only
eight survived the training process as contributing
significantly to the output. Furthermore, only four
of the eight required a subnetwork more than one
level deep. Typically, learning networks have many
more elements than shown here

transmitted through actuators to the process being con-
trolled.

The sequence may bhe recomputed as often as de-
sired- most often for a process that is subject to fre.
quent disturbances. Conversely, the more accurate the
predictive model, the less frequently the system must
recalculate its control decisions.

Sequence search logic is a numerical optimization
algorithm whose input is a predicted score computed
by performance assessment logic. This score may con-
sist simply of the magnitude of the arithmetic differ-
ence between the desired final value of a process
variable and its predicted final value, in which in-
stance the goal of the search logic is to find a se.
quence that drives the score to zero. When multiple
variables are to be controlled to specified final values,
the score function mav be a weighted sum of pre-
dicted absolute final errors, in which the more im-
portant final variables are given greater numerical
weights than the less important variables. Other, more
sophisticated score functions may be computed to ex-
press such characteristics as quality of steady-state
performance, transient recovery from disturbances, or
adherence to manufacturing constraints.  If  flexible
search logic such as a guided random search algorithm
is used, virtually any computable score function may
be employed to govern the search.

While the switch is in search mode, the learning
networks are interrogated at a very high rate, making
it possible to try many hypothetical sequences within
a short period of time. Typically, for software networks
having approximately 50 elements, at least 100 interroga-
tions/s can be realized. Achieving a high interrogation
rate requires that the networks be efficiently programmed.
For the most demanding applications, peripheral com-
puter hardware may also be employed to implement
the networks. Depending on the amount of parallel
circuitry used in the peripheral hardware, a tenfold-to-
thousandfold increase in speed may be realized.
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Fig. 4 An application in
computer-aided manufac-
turing. Key elements, shown
in color, set up an optimum
sequence of control actions
in search mode, then ap-
ply these actions to the
process when the switch
is thrown to control mode
If necessary, the system
can return to training mode
for minor retraining from
time to time

When the predicted score is satisfactory, perfor-
mance-assessment logic switches the control system from
search to control mode (the system is in contra! mode
most of the time), at which point adaptation or retrain-
ing of the predictive networks may be possible, using
some of the system’s computer resources. Adaptation is
a fine tuning of network coefficient values, keeping
the connectivity structure fixed, perhaps using a gradi-
ent or guided random search algorithm. Retraining com-
pletely restructures the networks and recalculates the
coefficients to modify the ways in which network input
variables interact within the networks themselves.
Adaptation alone is usually sufficient, adjusting the
coefficients in a background mode of control computer
utilization—that is, with a lower priority than the
control function, carried out only when the computer
is briefly idle. Sometimes, adaptation is needed so in-
frequently that it can be performed entirely offline
at, say, monthly intervals.

Sensor verification logic—an important part of the
learning network system—establishes that each set of
process measurements submitted to the networks is
reasonably similar to the data patterns with which the
networks were trained. If this similarity is not present,
the process or sensor may be malfunctioning, or per-
haps the system requires further training. Programs
have been developed that perform the similarity test
automatically and deal with each possibility that can
arise; these programs use a data-clustering algorithm
to synthesize the test.

Learning Network Example

Control of runout table cooling sprays in a hot-
strip steel-finishing mill has been achieved, although
this is a difficult industrial process for which to build
a mathematical model—difficult because it has many
process variables, strongly nonlinear interactions occur
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between some of these variables, and the response to
a change in any input variable is delayed by a length
of time related to the velocity of the steel strip mov-
ing through the mill and the physical length of the
mill itself. Yet modeling such a process is extremely
important, because it offers the best way to reduce
or eliminate substantial economic losses suffered when
either manual or conventional automatic controls are
applied.

Learning networks provide a new method of model-
ing this process. They provide accurate, readily com-
putable relationships with which—as the values of
input and control variables are changed—outputs can
be predicted. Because they take time delays into ac-
count, they are not sluggish as are linear controllers
for transport delay plants, and they therefore avoid
production of much off-specification material resulting
from the large amount of time that such controllers
require to reach their final states after input changes.
Also, unlike some linear controllers that are too close-
ly coupled, they do not become unstable.

Since it does not require that major nonlinear in-
teractions be precisely known in advance, the learning
network method is more successful than previously
applied linear regression techniques. Also, unlike
classical regression techniques, it is unlikely to go
astray with real process data after having been made
to work well with a different set of test data—be.
cause overfitting is avoided.

A typical hot-strip finishing mill consists of six roll
stands, a runout table several hundred feet long with
water sprays both above and below it, and a coiling
device st its end. A steel bar about 1 in. thick and
heated to approximately 1900°F enters the first roll
stand, which squeezes it into a somewhat thinner and
wider bar that is moving substantially faster than when
it entered the stand (part of the steel displaced by
squeezing goes sideways, part of it moves forward to
contribute to the velocity of the bar). The other roll
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stands repeat the process in succession, so that the
output strip is perhaps 0.1 in. thick, cooled to 1600°F
(but still red-hot) and moving at up to 2000 ft/min,
A< it moves down the runout table, the strip must be
cooled by the sprays to a specific temperature before
it is coiled.

For illustrative purposes, rather than showing how the
method may be applied to an entire rolling mill, we
discuss here only its application to control of pressurized
water spravs used to cool the hot steel strip after it has
passed the last roll stand. (These sprays prepare the
A typical mill contains many such
sprays. typically arranged in about 15 discretely con-
trollable spray banks:

strip for cotling.)

they affect several parameters in
the strip being produced. which can take several seconds
to pass from the last roll stand to the coiling device.

In this example, the model, which is programmed on
an IBM 1800 process control computer, predicts the num-
ber of spravs required to achieve the desired coiling
temperature. It has seven inputs: coiling and finishing
temperatures: the strip’s speed, thickness, width, and
pressure.  (Finishing temperature
is at the last roll stand: the difference between the two

hardness: and spray

temperatures represents the heat that must be removed
by the sprayvs.) Outputs are number and configuration
of the spravs, chosen from eight above the table and
seven underneath.

Reaction of the bar to the successive rolling steps is
initially assumed and the spravs are preset when the
har enters the hirst roll stand, according to a prediction
based on this assumption. As the partially rolled strip
emerges from the fourth stand, the predicted sprays are
actually turned on: they take a few seconds to build up
to their full volume. while the strip traverses the last two
stands. When the strip emerges from the sixth and last
stand. the prediction is made again on the basis of
actual measured temperature and speed of the strip.
If the assumed behavior of the strip was valid, the
original prediction would have been correct and the
proper sprays would now be operating; but if the
measured variables depart in any way from their assumed
values, the number of sprays modified accordingly.

The model also predicts the temperature of the cooled
strip as it begins coiling. If the actual temperature at
this point differs markedly from that predicted, the
model may need modification or further training, or the
process sensors or actuators may not be working prop-
erly. In practice, 987 of a sample run of 612 coils fell
within an acceptable tolerance of +50°F, corresponding
to a prediction error within 2 sprays. Furthermore,
93.59% of the coils were within *1 spray of the ideal
setting—substantially better than the performance of
conventional controllers, especially when product specifi-
cations are frequently changed. (The learning network
model that produced this performance was synthesized

from building blocks according to the procedure outlined
earlier).

Other areas where learning networks have been ap-
plied or are currently being developed for a variety of
CAM processes include inference of surface-finish rough-
ness in machining, ultrasonic nondestructive testing, fer-
mentation process maodeling, crystallization proeess mode).
ing, and modeling of casting quality in aluminum die-
casting.
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Conclusion

Results for control of the cooling sprays on the runout
table of a hot-strip steel-finishing mill verify the utility
of the learning network approach, even with conventional
sensors. Since networks can be trained to make associ
ations that ordinary modeling procedures cannot make.
nonconventional sensors might be useful or even essential
in other applications, demonstrating the power of the
learning network approach even more dramatically

Software realizations of learning networks provide
adequate computing speed in many situations. For fu-
ture applications requiring faster inferences or predic
tions, large-scale integrated being
developed. These will lead to very flexible and power-
ful peripheral devices for the central
which they are attached.

Although CAM applications of learning networks
have been emphasized here, CAD applications are also
receiving attention. Whereas in CAM the network is
trained to a high degree of accuracy before being used
online, in CAD it learns with each successive design
experiment, and with search logic it performs as a
designer in seeking out the best design.

microcircuits  are

processors to
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INTRODUCTION

Mucciardi [1] has developed several procedures for aug-

menting cluster classifiers with trainable, polynomial networks.

The networks transform the x-input data into a y-domain
where the classes are more easily and accurately clustered.
The classifier proposed here employs the same concept of trans-
forming the x data into a "more clusterable'" y domain. With
the Mucciardi approach, at least one network is required for
each class, so in many class problems, the number of networks
is large. An attempt is made here to reduce the number of
nets required to perform an adequate transformation, so
classification problems involving meny classes, e.g., twenty-

five or more, become more tractable,
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A NETWORK/CLUSTER CLASSIFIER

THE PURE CLUSTER CLASSIFIER

When the cluster algorithm is used by itself, i.e.,
withh no network augmentation, as a classification tool

it is "trained" as fol!lows: The traininc data (the X

vectors) for the K classes are separated according to class.
For each class, the cluster algorithm constructs hyperellipses,
defined by means ;kn and standard deviations Okn’ of data which
cluster closely. The subscript k denotes class and n denotes
the component of the X vector., The locations and dimensions

of these hyperellipses, &long with the associated classes,
comprise the information used by the classifier in the classi-
fication mode.

A block diagram of the cluster classifier is shown
in Figure 1. |Its operation,given an input vector X, is
to generate a normalized distance measure indicating how far
the vector X lies from each ellipse

2 - it
i n kin
i =1 =72 AL

The subscript i deno'es the ith cluster within the kth class.
(Table 1 gives a definition of the indices used in this
note.)

The unnormalized probability of belonging to that
hyperellipse is
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Table 1: Definition of Indices

subscript indicating ellipse number
total number of ellipses per class
subscript indicating class number

total number of classes

subscript indicating class number

total components in the y vector
subscript indicating y vector component

total number of entries (in the training
set) per class

subscript indicating entry number
total components in the x vector

subscript indicating x vector component
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Dy v 52D (-dki) (2)

1

and the normalized probability is

Py .
Ki
Po. = (3)
G = e
L b TR it
k=1 i=1
The probability of belonging to class k is the sum of all
the class k clusters,
I
B .
k L pkl
i=1

The class probabilities ¥ form a class probability-state-vector

(PSY ).
Several problems may occur using the above classifica-
} Vi g

tion routine:

1.) If any of the variables in the X vector is
totally random, i.e., independent of the true classi-
fication information, several X data points (within a class)
which would otherwise cluster, will be artificially separated
in hyperspace due to variation on the random variable,

Excess clusters are introduced to handle separated data,

so more complex classification logic is required. Further,
new data with values of the random variable which do not
fall within the training set regions will not necessarily be
classified properly, An example is shown in Figure 2,

2.) If various X data points (within a class) do

not fall within elliptically shaped regions, several
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Figure 2: Artifical Data Separation
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ellipses must be used to approximate the region. This in-
creases the complexity of the cluster classifier, often
introducing large numbers of clusters per class. An example

is shown in Figure 3.

3) Since the clusters for each class are configured
without reference to the cluster structure of the other
classes, clusters for two different classes may overlap
even though the x vectors from the two classes are quite

separable, An example is shown in Figure L4,

4) A problem arises with the use of cluster algorithm
which generate ellipses without tilt (i.,e. the variance
terms are allowed to vary but the cgvariance terms are
restricted to zero). Data which may cluster nicely with the
use of tilted ellipses require the use of several smaller
ellipses or, if one ellipse is used, it may subsume more
space than the data legitimately occupy. An example is
shown in Figure 5, (Note: a problem with a cluster
algorithm which permits "tilting" is that the number of
covariance terms per ellipse is N(N - 1)/2 while the number
of variance terms is only N, Thus the memory and computa-
tional requirements increase very rapidly with increasing

dimensionality.)
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A NETWORK/CLUSTER CLASSIFIER

To overcome the above mentioned difficulties in high-
dimensional, many-class classification, it is proposed that
the cluster classifier of Figure 1 be modified as shown in
Figure 6. a group of L networks, (NI'NZ""'NL) is inserted
between the X input and the distance measurement function,
and there is only one hyperellipse-distance-detection per class.

The purpose of the networks is:

a) To reduce the dimensionality of the cluster space,
i.e., to transform the N dimensional X-vector space
down to an L-dimensional (L<<N) space, and

b) To transform X in a nonlinear fashion so that

i) the Y vector group in a single cluster per class,
ii) each of the class clusters may be adequately
represented by a non-tilted ellipse, and
iii) the class clusters are well separated in the

Y space.

By performing this transformation, cluster discrimination is
slmpler (due to lower dimensionality and the existance of
only one cluster per class) and the problem of cluster overlap

has been reduced.

OPERATION OF THE NETWORK/CLUSTER CLASSIFIER

In its classification mode the network/cluster classi-

fier operates according to the following procedure:

1) Compute the Y vector from the X vector with the
use of network transformation. Each component
Y, is a polynomial function N, of the X vector.
2) Compute the normalized distance measure, in y
space, to the K class clusters:
2 : (u 52 )2
N [ L
o B G P (5)
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The y,  data come from step 1, The class mean and variance
2 i
data B and Olq Come from the training process, explained

later,
3) Compute the unnormalized class probabilities:
, 2
pk = exp('dk) (6)

This computation assumes that the class probability -
density-functions are Gaussian in y space. |t must there-
fore be an objective of the training function to generate
networks which map the training data (which may be irregularly
spaced in the x domain) into Gaussian distributions in

the y domain.

L) Compute the normalized class probabilities:

-k (7)

The last step produces the desired classification

probabiIity-stafe-vector.
NETWORK/CLUSTER CLASSIFIER TRAINING

It is the objective of the training function to
develop networks which map data in the x domain to the y

domain where :
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a) all the data from a given class k form a single
Gaussian distribution in y space, and

b) the K class distributions in y space are sufficiently

separated that inter-class ambiguities are minimized.

The classifier synthesis technique is to select a set
of L polynomial networks with "sufficiently rich" generality
that an "adequate'" transformation from the x domain to the y
domain can be achieved if the proper coefficients are selected.
The coefficients are selected using a GARS algorithm. The
performarice measure for the search is mathematically complex,
but it simply measures how well the networks are clustering the

within-class data and separating the different-class clusters.

Within each class, the means and variances of the
data in the y domain are

1
Pl M Z Yiem (8)

and

n

it Wl L Wiy~ wiel” S
-1

The '"separation', which is a unitless measure, of class j

from class k is given by the Mahalanobis D2 metric: the squared
differences of the means normalized by the 'spreads'" or
variances of the class data around their respective means
(summed over all L dimensions):
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2
L (“'j‘(. > “{,k)

jk = 2

. (10)
t=1 % T

The aggregate separation S is given by the 'parallel" combination
of all the inter cluster separations:

s = K (K-1) 1 (11)

S5 1
2
e

k=l j=k+1 95k

The parallel combination of d2 places maximum performance
benefit on increasing the smallest inter-class separations, with
minimum emphasis on increasing separations which are already large.

The performance assessment (PA) function for the GARS
algorithm is to maximize the aggregate separation S.

Note that the PA function places no constraints on the
location of clusters in y space. Any network solution for
which the ratio of the cell sizes to the intercell distances
(see Equation 10) is small is sufficient for unambigious classi-
fication.

Once a sufficient value for S has been obtained the
values of cluster means and variances are obtained directly
from Equations 8 and 9. These values are used when the
classifier is used in the classification mode. A matrix
representation of these data is shown in Figure 6a.
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Also of interest is the separation matrix, shown in
Figure 6b, which gives the interclass separation (from Eguation
10) for all classes. This indicates which classes are likely
to be confused and which are not.
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APPENDIX D

*
ELECTRONICALLY PROGRAMMABLE LSI ARRAYS

D. Hampel and R.W. Blasco
RCA Advanced Communications Laboratory

D. Cleveland
Adaptronics, Inc.

Abstract

A hardware approach has been developed for the
realizatfon of electronically programmable

arrays ‘or use in a variety of signal-pro-

cessing functions. Such arrays comprise a network
of elements whose input-output relationship, inter-
connectivity and constants may all be controlled

or varied to solve particular problems.

Each element will be given the capability of
evaluating any one of five polynomial expressions
ranging from a linear combination of five vari-
able inputs to the complete multinominal

of two variables., The basic numerical format

for all inputs, outputs and weights may be
designated as fixed or floating point, with up to
a 24-bit mantissa and 8-bit exponent.

It is shown how such an element can be multiplexed
to simulate layers and then nets, or how a whole
layer or net can be populated. The latter con-
figurations provide higher throughput and reliabil-

ity at the expense of arithmetic-circuit complexity.

Factors of up to 1000 to 1 in speed improvement
are realized with the reported hardware approach
when compared to using general-purpose computers.

INTRODUCTION

It has been shown that arrays of calculating
elements, providing various functions of their
input variables, can be used as general-purpose
signal processors.!=? Such elements could, in
general, operate on binary, analog, or numerical
inputs. Networks or arrays composed of elements
in each of these domains have advantages in
particular applications. The numerical processing
element and its use in programmable arrays is the
subject of this paper.

The major potentials of such arrays lie in their
ability to perform reliable high-speed processing,
and their ability to be used in adaptive control
systems.?» 10

The function repetoire of the basic element has
been defined as a family containing both linear
and non=linear multinomial expressions. The
particular function of the element at a given
time, {ts inter-connectivity within an array,
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and the coefficients or weights of its multi-
nomial terms are all controllable. These features
provide an array of such elements with a high
degree of flexibility, and allows such an array
to be alternately programmed to solve a large
variety of problems /W Alsu, such an array can be
"trained" in that it can rapidly accept different
sets of weights and connection commands until it
represents a transformation acceptable as a
solution to a given problem. Although limited
versions of such arrays have been built in hard-
ware they have been simulated, for the most part,
in software. This has confined the application
of such arrays to off-line processing or
experimental work.

With the objective of efficient array realization,
an analysis of programmable array hardware require-
ments has been made, tradeoffs in its implementation
have been completed, and an optimum architecture
has been determined. Based on state-of-the-art

LSI technology, projections as to array performance
were derived. This derivation led, in turn, to

the definition of a custom CMOS/SOS LSI circuit
which would serve as a key ingredient in the
processor of the element. This circuit and its

use in programmable arrays will be described.

PROCESSING ELEMENT AND ARRAY STRUCTURE

A basic element is depicted in Fig. 1(a); the
figure shows its major control and input and

output signals. Such elements are, in general,
structured in mult-layered nets, as shown in

Fig. 1(b). The interconnection control, which

is part of each element, but which appears
functionally between successive layers of elements,
has inputs which can route the output signals of

ELEMENTS
CONSTANTS
W e
PO
VARIARLE S ELEMENT b OUTPUT y (s
el
Crimerion
CONTROL
ARRAY OR NETWORK OF FLEMENTS
INTERCONNET T10N
i
S L
S
—o g ‘
L]
o curm
o=t 1
SRR o = B,
A e O
= |

Fig. 1 - Programmable-function array structure.
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iy one eiement to the desired input of an element
the next laver, Each element and interconnect
switch fn the array has sufficient memory for
storing the function type it is to compute, the
necessary weights or coefficients of its function,
i oth interconnect data., Hence, this program-~
mable array can be considered as a distributed

Mmemory processor capable of rapid re-
mfiguration and calculation of complex

rmations.

Beiore describing the element requirements and
architecture, the three possible configurations
| of programmable arrays will be explained; these
nfigurations are shown in Fig. 2, In Fig. 2(a),
“t of cimension § x k is shown fully populated,
nt containing an m-bit store for
This configuration
(or transform) j/2 inputs at a time
‘ jperated in a pipeline mode so that k
‘ B4 i data .re simultaneously operated upon in

iitterent layers.

slen

necessary function and control.
) in pProcess

and can be

fg. 2(bY, a single layer of elements can be
:xcd to simulate a whole net. The memory
lement must now have km bits to provide
essarv control as the processor of the
acts, in turn, to realize each of the k

layers, For any single problem. the speed is the
same as in Fig. 2(a), but pipeling can not be
ione in Flg. 2(c) a single processing element

with jkm bits of storage can be used to process
i s within a layer and then successive layers.
Frovisions must also be made for storage of
itermediate results in Figs. 2(b) and (c);
wproach (¢) will have 1/j the speed of (b).
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It is envisioned that arrays of up to > elements
(or equivalent) could provide the processing
capacity for a vast majority of applications.
Hence, the design, using either the configuration
in Fig. 2(b) or (¢), will have the capacity for
memory expansion to simulate nets of up to 256
elements, These airvays will, in general, be
loaded and controlled by a computer, but may have
input/output signal interfaces as well, as shown
in Fig. 3. As such, the programmable arrays can
be considered as firmware, reconfigurable upon
command, for high-speed processing.

INSTANTS NTERCONNEL TION
gl
weurs4 || PROGHAMMABLE ARRA Fb OUTRUT
A.‘.t
L T
I h
<5 \z

( S . :
LA SIGNAL |
| COMPUTER J - v'{ INTERFACE |

Fig. 3 - Programmable array environment.

ELEMENT DEFINITION AND DESCRIPTION

The basic numerical processing element of the
programmable array will have the capability to
perform the following functions:

PL y = W +W X

Tt
P2y = W W X W X K X,

2 2
P3 oy = WHW X WX LK X4, X TR X
B4y =W X~ xlx,,l
P5 vy =W +W1X1+N X +W Xjﬂd‘.)\ W )(5

Functions Pl, P2, and P3 are useful for general-
purpose linear and non-linear hyper-suriace cal-
culations or transformations. P4 was provided for
realizing division by a recursion formula. P5,

a linear combination of five variables, is ideally
suited for digital filters and linear transforums,
such as the FFT. Each of the tive functions could
be realized by specifying only one element. For
example, Pl could be used twice to realize P2,
etc. However, substantially greater speed and
efficiency is achieved by providing a micro-
programmed control to optimally evaluate each
function.

The element will be given the capability of
operating on 32-bit floating-point values with a
24-bit mantissa and 8-bit exponent. It will also
be capable of operating on fixed-point values of
up to 24-bits with increased speed and lower
package count.

The basic element is shown in Fig. 4; it consists
of an arithmetic processor, an element controller,
and random-access memories (RAM's).

The arithmetic processor performs additions, sub-
tractions, and multiplications of the input
variables and weights to compute the various poly-
nomials, These operations may be either fixed or
floating point, depending on the requirements of
the array to be synthesized. Use of an iteration

NAECON ‘74 RECORD-135




|

scheme permits division to be simulated with
several elements.
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Fig. 4 - Basic element.

The element controller consists of a read-only
memory (ROM) containing micro-instructions for
implementation of the desired polynomial
repertoire and associated logic to translate
these micro-instructions into control signals
for the arithmetic processor and address
information for the RAM's.

The RAM's contain the polynomial function selection
and element interconnection information, poly-
nomial weights, and input/output variable storage
for the element. Element interconnection is
accomplished by specifying the RAM address of each
required input variable. Output variables are
stored in scquential RAM locations. If more than
one element is used to simulate an array, the
input variables might be stored in the RAM's
associated with another element., In this case,
one or more inter-element buses are provided to
exchange data between elements. Since any
element can access any previously generated out-
put in this manner, complete interconnection
flexibility is accomplished. An intra-element

bus provides flexible data routing within the
element. In operation, a computer "programs"
each element by loading the proper polynomial
select codes, input addresses, and polynomial
weights into the RAM's via the intra-element bus.
The computer then loads initial input variables
into the variable memory via the intra-element
bus, and provides an "execute" signal to the
element controller.

Each element controller will sequentially step
through the previously trained portions of its
associated memory, performing the desired element
operations and storing the results in the variable
memory. This execute phase is complete when the
elements detect a polynomial select code equivalent
to a halt instruction. At this point the element
controllers will output a "ready" signal to the
computer. Upon receipt of the ready signal, the
computer retrieves the cucput data by providing
output addresses directly to the element control-
lers and receiving the output data via the intra-
element buses.
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DESIGN APPROACHES

Given the preceding operational constraiuts, what
is the best technology and architecture te provide
a good balance between speed and complexity

cost? The major hardware consideration impact

these criteria is the multiplier implementation.
Iwo major organizational types of elements were
investigated, one using a high-speed paralle!
multiplier (with and without pipelining) and the
other a high-speed serial/paralle!l multiplier,
Estimates as to total chip count and speed were
made for each approach and for variations within
each approach. Available LSI and MST IC's are
considered along with key LSI multipiier chips
which would have to be developed for the overall
element realization.

The necessary IC's to make the desired program-
mable arrays a viable processing scheme can be
realized in a variety of emerging technologies.
Very-high-speed LSI multipliers have been developed
or are in development in both bipolar and CMOS/S0S
form.}!,1? The choice of IC technology for each
section of the element is dictated by availabilirty
and performance of existing circuits (particularly
RAM's), as well as the best realization of any
required new LSI development. These factors led

to the definition of a CMOS/SOS serial/parallel
multiplier chip compatible in speed and logic with
associated control and memory. The serial nature
of the design capitalizes on the "on-chip advantages"”
of SOS, and the high packing density of CMOS/S50S
results in significant package-count savings.

The parallel multiplier approach was based on an
expandable 8 X 8 CMOS/SOS array. Alternate parallel-
multiplier approaches were considered too expensiv
or not a good match with the rest of the e¢lement.
Although there are faster multipliers, utilization
of their speed to achieve substantially higher
element throughput would require more elaborate
control logic and RAM's.

For highest speed, a 24 X 24 bit parallel array
multiplier, capable of pipeline (alternately)
referred to as re-clocked or staged) operation
can be used. The developmental 8 X 8 CMOS/S0S
multiplier with a 100 nanosecond response time
can optimally form the building block of such

a multiplier as well as alternate approuaches. b

A 2-stage pipelined multiplier appears optimum
for that unit, with intermediate storage provided
by available CMOS registers. The effective
utilization of such a multiplier depends on a
considerable number of gates for bus switching
for its access from the RAM's and for scaling for
floating-point justification.

The serial/parallel multiplier approach, basically
a1l X 24 accumulator, overcomes these disadvantages
and also allows for the realization of elements
over a relatively large range of performance
factors by means of multiplier duplication. On

the other hand, the parallel-array multiplier

locks the design into relatively high speed and
cost .



This serial/parallel multiplier approach will be
described, and performance factors will be
summarized and compared to the parallel multiplier.

LS1 SERIAL MULTIPLIER CELL

The 1S1 serial multiplier cell currently under
development is shown in Fig. 5. The cell shown
calculates terms of the form ax + b, where a is
the multiplicand, x is the multiplier, and b is
the addend. The cell shown can handle addends
and multiplicands in two's-complemented form of
any desired length, and a multiplier in sign-
magnitude form containing a sign bit and wp to
23 significant bits. Cells may be cascaded tro
form higher-order terms »r to handle larger
multipliers.

Multiplication is accomplished in the 23 adder/
latch stages by successively adding the contents
of the multiplicand. The outputs of stages 7,
15, and 23 are brought out so that the cell may
be efficiently used with 8, 16, or 24-bit
multipliers (the first bit is the sign). The
output of stage 1 is used to gain immediate
access to the product sign bit to facilitate
complementing operations on the product.

i The multiplier register is divided into three
serial-in/parallel-out registers to provide a

good compromise between multiplier input leads and

the time required to load the registers.

The two's complementer will complement *he multi-

~licand if the multiplier sign bit is a 1. This

operation results in a product which is in two's

complemented form, as demonstrated in Table 1.
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Fig. 5 = LSI serial-multiplier cell.
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The Sign Hold lead in Fig. 5 inserts additional
sign bits into the two's complement multiplicand
input (equivalent to inserting zeros in front of
4 sign-magnitude number), and causes the most
significant product bits to be shifted tu the
output.

The cell can perform other functions in addition
to the basic ax + b operation. By plocing zeros
in the multiplier register, the cell functions as
the register input. By placing
010000000000000000000000 in the multiplier
register, only stage 1 will function as an adder
while the other stages merely shift, causing the
cell to function as a serial adder and register.
Placing a 1 on the Negate Product lead results in
a serial subtractor and register.

The developmental cell contains the equivalent of
450 2-input logic gates, and will be fabricated

on a chip approximately 170 mils square by means

of a double-epitaxial silicon-on-sapphire CMOS
process. Expected maximum clock rate (based on
computer simulations) is 25 MHz, The cell

utilizes single-phase clocks, a single power supply,
is static in operation, and may be mounted in a
16-pin package.

FIXED POINT ELEMENT

Fig. 6 shows ten multiplier cells arranged as a
processor to implement the general second-order
multinomial (P3). Cell 1 functions as a 23-
stage delay register, cells 2 through 6 function
as multipliers, cells 7 through 9 function as
adder/multipliers, and cell 10 functions as an
adder/register. All six terms of the multi-
nomial are generated in parallel, and delays are
matched so that a single clock is used for the
entire processor. The ones complementer is

used to convert the processor output to sign-
magnitude form before storage in the X-Y variable
RAM. Only the 23 most significant bits of the
output are stored. (Truncation of the least
significant bits and use of a ones complementer
for the conversion to sign-magnitude form will
result in plus or minus one LSB error in the
stored output).
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To implement a general-purpose arrays, gating

must be added to route data from element to element
The element control logic can then control the
inter-cell data flow to form any given polynomial
in the repertoire.
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Fig. 6 - Serial fixed-point processor.

FLOATING-POINT ELEMENT

A floating-point arithmetic element is shown in
Fig. 7. Floating-point arithmetic requires hand-
ling of an exponent, scaling of mantissas so that
bits of equal significance are added together,
and left-justification of the output mantissa
(with corresponding correction of the output
exponent) to retain the desired floating-point
format .

(u‘s -2'S COMP

o“‘tctun_

o n' et

X, %, - SIGN - MAG

Implementation of the floating-point e¢lement is
shown in Fig. 8. The mantissa processor is
similar to the processor of Fig. 6 except that
provision i1s made for scaling of the terms
before addition and for left-justification of
the output.

W MANT
w 2 MANT 554
" wewore T AN | processom

£
SCALING |8 LEFT =1
JUSTIF ¥ | CLOCK BURSTS = |
e R
SCALING / F 1
LEFT- JUSTIFY, to—tie | _“"""f"
BURST GEN & =AY
2z
SCALING | INFO | &
5
WoExP [ z
xv EXPONENT )
| MEMORY X-EXP PROCESSOR [+

7 ‘ G2 35

Fig. 7 - Serial floating-point processor.

The exponent processor performs the following
operatione:

a) Calculates the exponent for each term
(e,) and stores the largest e1 in the
e  memory.

b) Calculates (e - ej) for each term and
transmits this scaling information to
the scalers.

c) Adds the '"number of overflow bits' out-
put of the overflow position detector to

e to form the y-exponent output (corrected

for left-justification).
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4
e scalers delay the clocks to cells 1 through 3 The output mantissa is then ones complimented
to line up the mantissas of the tirst order terms and stored in the X-Y variable memory along
with those of the second order terms. FEach scaler with the output exponent. As fn the case of
then provides (e_ - e ) additional clock pluses. the fixed-point processor, the output mantissa
Each additional pulse causes that term to be will contain an error of *+ 1 ISB.
shifted right one position and decreases the
significance of the bits in that term by a facror COMPARISON OF APPROACHES
of two, In this way the terms are shifted
relative to each other, so that bits of equal Detailed package count and speed estimates were
significance appear at the word-parallel adder made for the word-parallel/bit-serial processors
inputs, of Figs. 6 and 8 and for alternate fixed- and
floating-point processors by using a word-serial/
The overflow problem can be understood by assuming bit-parallel approach with a 2-stage parallel-
a binary point after the most significant bit of pipeline multiplier. These estimates are
eachh mantissa. Al]l mantissas are then equivalent summarized in Table II.
te numbers between decimal 1 and decimal 2. For
the general second order multinomial, it can be
shown that the maximum i{s decimal 34, This range
corresponds to a variation of six binary positions The results shown in the table illustrate
in the location of the output mantissa MSB. interesting trends in the word-parallel and
bit-parallel approaches., With the serial multi-
The output mantissa is shifted until the least plier, for example, circuit complexity varies
significant possible location of the MSB is linearly with the size of the mantissas while
located in cell 10 with the remaining possible the product clock rate (based on a 25 MHz clock)
"overflow" locations in the overflow position does not depend directly on mantissa size. The
detector. This detector uses combinatorial complexity of a parallel multiplier, on the other
logic to determine the MSB position and to hand, varies with the number of partial products
generate a binary number representing this which, in turn, vary as the square of the
position., This binary number is used by the mantissa size. The speed of the parallel multi-
exponent processor to correct the output plier is limited by the propagation of carries
}, exponent, and by the left-justifier to when the partial products are added to form the
generate the additional shift pulses to left- total product, and thus also varies with the
justify the output mantissa. The overflow square of the mantissa size. (In the table, a
circuit inserts the output sign bit adjacent 100nanosecond cycle time is assumed for 16-bit
to the output MSB to complete the formatting mantissas while a 200-nancsecond cycle time is
of the output. assumed for 24-bit mantissas).
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In floating point operations, scaling of mantissas standard IC's besides the multiplier, were at

is accomplished in the bit-serial processors with least three times greater for the parallel-

a minimum of hardware at the expense of speed. multiplier case. If a second custom LSI circuit

Scaling in the bit-parallel processors conversely is specified, the package savings with the serial
requires little time, but significant hardware is multiplier would be at least 7 to 1 for fleating
required. point and significantly greater for fixed-g

elements. Considering that some or all of the

The hardware constraints for the exponent processor speed differences between the two approaches ca

for either approach tend to balance. The bit-serial
mant issa processors (with longer processing times
per term) require the scaling information for all

be compensated for, when required, by using a
greater degree of parallelism in net organizatin
(Fig. 2), the serial-multiplier approach was

terms to be available before any terms can be added, rvvnmmcnded‘fnv govvlormvnl. With “? ill
while the bit-parallel mantissa processors (hand- flodt%ng point (24-bit mantissa, 8-bit exponent
capability and a total of 10 of the custom LSI

iing the terms serially) conly require the scaling
information for one term at a time, although the
processing time per term is shorter.

CMOS/SOS serial-type multiplier packages
supported by 15 packages accomodating custom
control chips, a full six-term multinemial of
2-inputs can be evaluated in 5.2 microsecond
For 16-bit fixed point capability the contg
reduce to two, and the computation period red

The associated MSI/SSI hardwire is greater for the
parallel-pipeline multiplier because of the need
to control the flow of many parallel bits, while
the need to serially shift data into the serial to 2.9 microseconds. The random-access memory
multiplier makes input/output and scaling occupy support each element will depend on its depree
significant portions of the total processing time multiplexing. For a fully populated array, u;
in the bit-serial processors. 3 RAM packages would be required per element .

The third column of Table II illustrates the The advantages of such arrays inclode:
reduction in associated MSI/SSI circuitry for each
approach if an optimum second LST chip-type were
developed,

1. High-speed capability for general-purpose
digital processing. The speed can be tailoy
providing varying degrees of parallelism of

SUMMARY AND CONCLUSTONS Clament 30 86, SIKEY.

2. Capability for relieving software problen
Elements for use in programmable arrays have The array can be considered as firmware once a set
been defined, and design approaches and perfor- of coefficient and interconnect vectors have been
mance indicated for alternate organizations. By found, or are known, for a particular application,

giving an element the capability of cvaluating

one of five multinomial expressions with pre-set
coefficients, upcu command, and by providing means
for interconnecting arrays of elements in various
configurations, a number of signal precessing
functions can be realized. These include:

3. Capability for providing fault-tolerant com-
puting, 1In general, altemmate coefficient and
interconnect vectors exist to realize the
transformation. Hence, if an element in a fu!
populated array is faulty, reprogramming of the
array is possible by by-passing any faulty
element(s). The degree to which this by-passing
is done will, of course, depend upon the number
of elements available and the complexity of the
transformation.

Classification and Control

Hyper-Surface CompuZzation

Digital Filtering (Recursive, Transversal)
Transformations

The arrays can, in fact, be alternately and rapidly
re-configured to do any of the above types of tasks.
In that the transformation coefficients and multfi~
nomial degree and form can be readily controlled,

an array can be trained to suit a particular
situation.
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INTRODUCTION

It has been shown that arrays of calculating elements, pro-
viding vanous functions of their input vanables, can be
used as general-purpose signal processors."* Such elements
could, in general, operate on binary, analog, or numerical
inputs. Networks or arrays composed of elements in each
of these domains have advantages in particular applica
tions. The numerical processing element and its use in
programmable arrays is the subject of this paper.

The major potentials of such arrays lie in their ability to
perform reliable high-speed processing, and their ability to
be used in adaptive control systems.'" "

The function repertoire of the basic element has been
defined as a family contaiming both linear and noulinear
multinomial expressions. The particular function of the
element at a given time, its inter-connectivity within an ar-
ray, and the coefficients or weights of its multinomial
terms are all controllable. These features provide an array
of such elements with a high degree of flexibility, and
allows such an array to be alternately programmed to
solve a large variety of problems. Also, such an array can
be “trained” in that it can rapidly accept different sets of
weights and connection commands until it represents a
transformation acceptable as a solution to a given
problem. Although limited versions of such arrays have
been built in hardware they have been simulated, for the
most part, in software. This has often confined the ap
plication of such arrayvs to off-line processing or exper
mental work. With the objective of efficient array realiza
tion an analysis of programmable array hardware require
men's has been made, tradeoffs in its implementation
have been completed, and an optimum architecture has
been determined. Based on state of-the-art LSI technology,
projections as to array performance were derived. This
derivation led, in turn, to the definition of a custom
CMOS/SOS LSI circuit which would serve as a key in
gredient in the processor of the element. This circuit and
its ude in programmable arrays will be described. Exam-
ples of array applications in aerospace are presented.

PROCESSING ELEMENT AND ARRAY
STRUCTURE

A basic element is depicted in Figure l(a); the figure
shows its major control and input and output signals. Such
elements are, in general, structured in multilayered nets,
as shown in Figure 1(b). The interconnection control,
which is part of each element, but which appears func-
tionally between successive layers of elements, has inputs
which can route the output signals of any one element to
the desired input of an element in the next layer. Each ele-
ment and interconnect switch in the array has sufficient
memory for storing the function type it is to compute, the
necessary weights or coefficients of its function, and the
interconnect data. Hence, this programmable array can be
considered as a distributed logic-memory processor capa-
ble of rapid reconfiguration and calculation of complex
transformations.

Before describing the element requirements and archi
tecture, the three possible configurations of programmable
arrays will be explained; these configurations are shown in
Figure 2. In Figure 2(a), a net of dimension j Xk is shown
fully populated, with each element containing an m-bit
store for necessary function and control. This configura-
tion can process (or transform) y/2 inputs at a time and
can be operated in a pipeline mode so that k sets of data
are simultaneously operated upon in ditferent layers.

In Figure 2(b). a single layer of elements can be
multiplexed to simulate a whole net. The memory of each
element must now have km bits to provide the necessary
control as the processor of the element acts, in turn, to
realize each of the & Lo ers For any single problem the
speed 1s the same as in Figure 21a), but pipelining cannot
be done. In Figure 2ic) a single processing element with
Jhkm bits of storage can be ueed to process inputs within a
laver and then successive layers. Provisions must also be
made for storage of intermediate results in Figures 2(b) and
(¢); approach (c) will have 1 /) the speed of (b).

It is envisioned that arrays of up to 266 elements (or
equivalent) could provide the processing capacity for a
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vast majority of applications. Hence, the design, using
either the configuration in Figure 2(b) or (c), will have the
capacity for memory expansion to simulate nets of up to
256 elements. These arrays will, in general, be loaded and
controlled by a computer, but may have input/ output
signal interfaces as well, as shown in Figure 3. As such, the
programmable arrays can be considered as firmware, re-
configurable upon command, for high-speed processing.

Element definition and description

The basic numerical processing element of the program-
mable array will have the capability to perform the follow-

ing tunctions

Ply=W,+ WW,

P2yv=W, 4 WX, + WX, + WX X,

P3y=W, 4+ WX, + WX, + WX X,+ WX+ WX,
Pdy=WX,- X, X;*

Poy=W,+ WX, + WX, ¢ WX, + WX, + WX,

Functions P1, P2, and P3 are useful for general-purpose
linear and nonlinear hyper-surface calculations or
transformations. P4 was provided for realizing division by
a recursion formula. P5, a linear combination of five
variables, is ideally suited for digital filters and linear
transforms, such as the FFT. Each of the five functions
could be realized by specifying only one element. For
example, P1 could be used twice to realize P2, etc. How-
ever, substantially greater speed and efficiency is
achieved by providing a micro-programmed control to
optimally evaluate each function.

The element will be given the capability of operating on
32-bit floating point values with a 24-bit mantissa and 8-
bit exponent. It will also be capable of operating on fixed-
point values of up to 24-bits with increased speed and
lower package count.

The basic element is shown in Figure 4, it consists of an
arithmetic processor, an element controller and random-
access memories (RAM's).

The arithmetic processor performs additions, subtrac-
tions, and multiplications of the input variables and
weights to compute the various polynomials. These opera-
tions may be either fixed or floating point, depending on
the requirements of the array to be synthesized. Use of an
iteration scheme permits division to be simulated with
several elements.

The element controller consists of a read-only memory
(ROM) containing microinstructions for implementation
of the desired polynomial repertoire and associated logic
to translate these microinstructions into control signals
for the arithmetic processor and address information for
the RAM’s. The RAM's contain the polynomial function
selection and elment interconnection information, poly

POSSIBLE ARRAY CONFIGURATIONS
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nomial weights, and input output variable storage for the
element. Element interconnection s accomplished by
specifving the RAM address of each required input
var'“ble. Output variables are stored in sequential RAM
locaons. 11 more than one element 15 used to simulate an
array, the nput vanables might be stored 1in the RAM’s
associated with another element. In this case, one or more
inter element buses are provided to exchange data
between elements Since any element can access any pre
viously generated output in this manner, complete inter
connection flexibility 1s accomphshed. Arn intra-element
bus provides flexible data routing within the element. In
operation, a computer “programs’’ each element by load
ing the proper polynominal select codes, input addresses,
and polynomial weights into the RAM’s via the intra-ele
ment bus. The computer then loads inmtial input variables
into the variable memory via the intra-element bus, and
provides an “execute’ signal to the element controller.

Each element controller will sequentially step through
the previously trained portions of its associated memory,
performing the desired element operations and storing the
results in the variable memory. This execute phase is com
plete when the elements detect a polynomial select code
equivalent to a halt instruction. At this point the element
controllers will output a “ready” signal 1o the computer
Upon receipt of the ready signal, the computer retrieves the
output data by providing output addresses directly to the
element controllers and receiving the output data via the
intra-element buses

Design approaches

Given the preceding operational constraints, what is the
best technology and architecture to provide a good balance
between speed and complexity or cost? The major
hardware consideration impacting these criteria is the
multiphier implementation. Two major organization types
of elements were investigated, one using a high-speed
parallel multiplier (with and without pipelining) and the
other a high-speed serial/ parallel multiplier. Estimates as
to total chip count and speed were made for cach ap
proach and for variations within each approach. Available
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LSI and MSI 1C’s are considered along with key LSI mul-
tiplier chips which would have to bhe developed for the
overall element realization.

The necessary 1C’s to make the desired programmable
arrays a viable processing scheme can be realized in a va-
riety of emerging technologies. Very-high-speed 151 multi-
pliers have been developed or are in development in both
bipolar and CMOS/SOS form."'* The choice of 1C
technology for each section of the element is dictated by
availability and performarce of existing circuits (particu
larly RAM’s), as well as the best realization of any re
quired new LSI development These factors led to the
definition of a CMOS SOS senal parallel multiplier chip
compatible in speed and logic with associated control and
memory. The serial nature of the design capitalizes on the
“on-chip advantages” of SOS, and the high packing
density of CMOS SOS (compared to kinolar implementa-
tions) results in significant packagecount saving. The
parallel multiplier approach was based on an expandable
8X8 CMOS/SOS array. Alternate parallel multiplier ap-
proaches were considered too expensive or not a good
match with the rest of the element Although there are
faster multipliers, utilization of their speed to achieve
substantially higher element throughput would require
more elaborate control logic and RAM's. For highest
speed, a 24X 24 bit parallel array multiplier, capable of
pipeline (alternately referred to as reclocked or staged)
operation can be used. The developmental 8X8
CMOS/SOS multiplier with a 100 nanosecond response
time can optimally form the building block of such a mul-
tiplier as well as alternate approaches." '

A 2-stage pipelined multiplier appears optimum for that
unit, with intermediate storage provided by available
CMOS registers. The effective utilization of such a multi-
plier depends on a considerable number of gates for bus
switching for its access from the RAM’s and for scaling for
floating-point justification. The serial/parallel multiplier
approach, basically a 1x24 accumulator allows for the
realization of elements over a relauively large range of
performance factors by means of multiplier duplication.
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Figure 5 LSI senal multipher cell

On the other hand, the parallel-array multiplier locks the
design into relatively high speed and cost.

This serial/parallel multiplier approach will be
described, and performance factors will be summarized
and compared to the parallel multiplier.

LSI serwal multiplier cell

The LSI senial multiplier cell that has been developed is
shown in Figure 5. The cell shown calculates terms of the
form ax + b, where a 1s the multiplicand, x is the multi-
plier, and b 1s the addend. The cell shown can handle ad-
dends and multiplicands in two's-complemented form of
any desired length, and a multiplier in sign-magnitude
form containing a sign bit and up to 23 significant bits.
Cells may be cascaded to form higher-order terms or to
handle larger multipliers.

Multiplication i1s accomplished in the 23 adder/latch
stages by successively aiuig the contents of the multipli-
cand. The outputs of stages 7, 15, and 23 are brought out
so that the cell may be efficiently used with 8-, 16-, or 24-bit
multipliers (the first bit is the sign). The output of stage 1 is
used to gain immediate access to the product sign bit to
facilitate complementing operations on the product.

The multiplier register is divided into three serial-

in/ parallel-out registers to provide a good compromise
between multiplier input leads and the time required to
load the registers.

The developmental cell contains the equivalent of 450 2-
input logic gates, and has been fabricated on a chip ap-
proximately 170 mils square by means of a double
epitaxial silicon-on-sapphire CMOS process. The
maximum clock rate is about 20 MHz. The cell utilizes
single phase clocks, a single power supply, is static in
operation, and may be mounted in a 16-pin package.

Fixed point element

Figure 6 shows ten multiplier cells arranged as a
processor to implement the general second-order
multinomial (P3). Cell 1 functions as a 23-stage delay
register, cells 2 through 6 function as multiphers, cells 7
through 9 function as adder/ multipliers, and cell 10 func-
tions as an adder/register. All six terms of the multi
nomial are generated in parallel, and delays are matched
so that a single clock is used for the entire processor. The
ones complementer is used to convert the processor output
to sign-magnitude form before storage in the X-Y variable
RAM. Only the 23 most significant bits of ¥ «=  tput are
stored. (Truncation of the least significant - 1 use of
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a ones complementer for the conversion to sign-magnitude
form will result in plus or minus one LSB error in the
stored output.)

To implement general-purpose arrays, gating must be
added to route data from element to element. The element
control logic can then control the intercell data flow to
form any given polynomial in the repertoire.

Floating-point element

A floating-point arithmetic element can also be .imple
mented. Floating-point arithmetic requires handling of an
exponent, scaling of mantissas so that bits of equal signifi-
cance are added together, and left-justification of the
output mantissa (with corresponding correction of the
output exponent) to retain the desired floating-point
format.

TRAINING AND ADAPTATION OF
MULTINOMIAL NETWORKS

We now consider the methods for training and adapta-
tion of multinomial networks that are constructed from
the elements described above.'*'* This is done with special
search algorithms, generally off-line, to specify network
configurations. Applications of multinomial networks
generally involve operations with sensor data that are ob-
tained as a result of “observing’” a physical object,
process, or phenomenon. The classical approach to design
of computer models for inferences and predictions from
observations has been to determine all the relevant charac-
teristics, deterministic and/ or statistical, of the process be-
ing observed, and to use these measurements (and
assumptions) in design calculations. Very often the struc-
ture of the model is pfsumed and the design takes the
form of calculating the values of certain parameters. Even
if the nature of the observed process changes, the structure
of the model often does not change, but the parameter
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Figure 6 Serial fixed-point processor

values are adjusted in response to measured changes in
the inputs or in the outputs.

In many important applications, the inputs (i.e.. the
observables) are difficult to describe analytically. The
best or even a good structure for the model cannot be de
termined a priori In this case, it is desirable to have a
model structure that can adjust to representative inputs
That 1s, the model is trainable both in its structure and in
its parameter values.

It is therefore desired to implement a general (usually
nonlinear) function of certain input variables which we
can call observables. Since little may be known about the
characteristics of the observables, the parameters of the
network are not known a priort. The network will have to
be trained with representative inputs. The questions are
now:

1. How should the element parameters be adjusted?
2. How should the elements be interconnected and what
should their complexity (i.e., number) be?

To make the ideas clear, suppose that the input consists of
N observables, x,, x,, . . ., xy. Also suppose that the output
is a scalar whose value may be considered as the estimate
of some property of the input process. In general, y will be
some nonlinear function of the x,’s as follows:

Vi, Xiy v o 5 N

Polynomial (multinomial) approximation

Under fairly general conditions, a function of N
variables may be expressed in an N-dimensional Ma-
claurin series as follows:

y = a, + Z ax, + Z z a,; XX,
=1 =1 f=1
+ Y33 3 apmxixxe £ ... (2)
=1 j=1 k=1

In the most general case, the coefficients, ay, a,, .. ., are
functions of time, but for many cases of interest, the un-
derlying characteristics of the x's do not depend on time
and consequently the coefficients are constants.

Two questions which arise in the use of Equations (1)
and (2) are:

1. What should the observables or measurements x, be?

2. How many terms in Equation (2) will provide an ac-
ceptable approximation to the desired function, even
though this (true) function is not known?

The answer to the first question is: All those that are
thought to have a bearing on the desired output are used
initially, and the ones which trial shows to be of little use
are discarded. The second question is answered adaptively
by using a trainable nonlinear network whose complexity
determines the number of terms in Equation (2). The
trainable network consists of interconnected elements,
each of which implements a simple nonlinear function of
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two inputs. The total network can be trained to provide an
acceptable approximation to Equation (2).

A basic element of the learning network is the two input,
single-output device, illustrated in Figure 1 (and pre
viously described) which implements the following func
tion (P3) of its input x,, x4

V= Wo+ Wy + WXyt WX Xy + WX, 4 WyXs? (3)

Networks of the basw element

Suppose now we consider two layers of such elements as
illustrated in Figure 7. It can be seen that each 2, contains
pair-wise products up to degree four. Note that the first
layer contains all possible pairs of three inputs x,, x,, xa
To implement a general multinomial (i.e.. a polynemial in
many variables) expression, the number of elements in
each layer would have to grow as one proceeds deeper into
the network. However, it s found empirically that ac-
ceptable approximations are obtained without this growth,
in fact, the number of elements in successive layers will
soon (after, say, two or three layers) decrease, until only a
few are left as inputs to the final network component
(which is an adder).

The known data set

Now we turn to the matter of determining the coeffi
cients of each network element and the number and inter
connections of the elements.

These tasks are accomplished with a “known' data
base; that is, a data base for which the values of the de
pendent variable are known. The steps involved are:

1. Optimizing the coefficients in each element of the
first layer,
2. Selection of those elements whose output is ac
ceptable (rejection of poor performers);
. Repetition of the process for each layer; and
4. A global optimization (adaptation) of all coefficients
in all layers hased upon the final output.

o«

The known data base is divided into three independent

but statistically similar subsets:

1. Fitting subset
2. Selection subset
3. Evaluation subset

The fitting subset is used to determine the coefficients of
the elements. The selection subset is used to reject the
poor performers. The fitting and selection subsets are also
used for the global optimization. The evaluation subset is
used to estimate the overall performance. Since the
evaluation subset was not used for network synthesis, the
performance on this subset is an accurate estimate of the
ability of the network to generalize to new, previously
unseen data.

Tratning the network

The element coefficient determinations are based, in
part, upon a least-square fit to a desired output. Other cr
teria are of course possible and are often used. Employing
4 least-squares criterion, the elements are first adjusted by
a matrix algebraic procedure and then by a recursive
search (i.e., optimization) procedure. An outline of the
steps follows.

The fitting and selection subsets are used alternately in
training each layer. The fitting subset i+ used first to es-
tablish the coefficients. The specific observables to be
used initially have already been chosen. Let these be
designated by x,, x, x,,..., x» These are arranged n
pairs, x,, x,; 4, j=1,..., N. There are N(N-1)/2 such
pairs. Thus, the first trial will require N(N-1)/ 2 trainable
elements (such as that shown in Figure 1), A pair of obser
vables is sent to each element. The coefficients of the ele
ment are determined using a recursive search procedure
with a least-squares criterion. The procedure is repeated
for each of the N(N-1)/2 elements.

Not all of the pairwise combinations are of significant
aid in extracting the desired information. The selection
process, 1s inserted into the first layer. resulting in
R(R-1)/2 pairs of inputs into the R(R-1)/ 2 initial elements
of the second layer. The coefficients of each element in the
second layer are determined as in the first layer. Then the
selection subset is applied to the second layer. This will
ehyminate the unacceptable pairs from the second layer
inputs. g

The process is repeated with succeeding layers until the
error rate on the selection subset is minimized. Although
further reductions in the error rate on the fitting subset
are realizable by incorporating more layers, to do so would
produce over-fitting of the fitting data. Eventually, a single
output results from each of several disjoint subnetworks.
‘T hese outputs are added to produce a single output.

An example of the result of the training process up to
this point is shown in Figure 8. In this hypothetical
example, it 1s implied that at least 30 candidate
parameters were initially inserted into the first layer. Only
a few survived, as indicated. The figure shows that pair
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(x,, X3 ) Interacts with pair (x,, x4). But pairs (x,, x,) and
(X Xz) do not interact with each other or with the other
pairs. Thus, there are three disjoint subnetworks whose
outputs are added to produce 4 single output

[here 1s a final step in the training process. This is a
process of vernier adjustment, or “'fine tunung’” of the coel
ficients. If the need for this vernier adjustment arises it s
because the coefficients of each element have been
adjusted in the absence of interactions with other elements
following them in the network. The optimmum coetficient
values may be different when these interactions occur
T'he fitting and selection subsets are also used for this final
adjustment process. The vernier adjustment is a plobal
search and may use a random search technigue to obtan
the final values of the coefficients. The same global search
adjustment may be used for subsequent adaptation of the
network

After the final ad)ustment of coefficients, the evaluation
subset is used to estimate the performance of the entir
network.

Avoidance of overfitting 1s a key aspect of the iraining of
learning networks. Good functional approximations to the
fitting data subsets are obtained that are also good ap-
proximations to the data in the separate selection subsets
This means that the networks are taught to generalize
properly on their experience in fitting the points in the
first subsets and that error rates in later uses will therefore
be small. Without avoidance of overfitting, the networks
would give deceptively small errors in approximating their
first sets of data and then, in most cases, do poorly on sub-
sequent new data. We have all seen or heard of empirical
models that appeared to have much promise initially, hut
that produced unacceptable errors when presented with
new data; in most cases, such behavior is the result of
overfitting. By using three independent subsets of the
available data, taking care that each 1s statistically
representative of the whole data base, the problem of
overfitting is virtually eliminated and good advance esti-
mates of operational error levels of the maodels are ob
tained.

A corollary to the guarantee that models realized by

29 T

Figure & lllustrative learning network
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learning networks are not overfitted 1s the fact that these
models are smoothly fitted functional approximations
From the mathematical standpoint, they are continuous
and differentiable tunctions, and the derivatives of these
functions are close approximations to the quantitative de
rivative behavior of the real processes that are modeled
For this reason, one may compute numerical partial deriv
atives of the form dy dx,. These derivatives reveal the
quantitative sensitivity of the modeled vaniable (y) and
thus of the process that has been modeled —to small
variations about specified values of the network input
variables. Once a process 1s modeled, or a curve fit. by
computer algorithm, the hardware elements (arrav)
described previonsly can be programmed for high-speed
real-time evaluation of new data

AEROSPACE APPLICATIONS

Aerospace apphications of the array network concepts
presented above includs

. nondestructive mspection of structural parts
2. trajectory predictions

I target signature classifications

4. radar refractive index corrections

5. detection of remote nuclear events

6. voice data processing

7. reconnaissance lmage processing

H. electronic warfare

2. avionics information systems

The status of work 1n several of these areas will now be
summarized briefly,

Nondestructive inspection

One of the most representative applications to aerospace
systemns of the array/network concepts presented in this
paper 1s that of nondestructive inspection of critical
structural parts of aircrafts or missiles. The classical
problem n inspection by such means as ultrasonic testing
1s that small defects such as fatigue-induced microcracks
may be masked by reflecting surfaces such as fasteners
and component surfaces. Although much theoretical work
has been done to attempt to characterize the pulse échoes
obtained from microcracks and other defects, no all em
bracing thecretical formulatien exists at this time. The
adaptive training of a multinomial network offers an at
tractive approach to the processing of pulse echoes in the
complex signal environment typical of ultrasonic inspec-
tion applications. Data may first be gathered on test
specimens having known properties and used to train the
network in accordance with the procedures outlined above.
Such work is progressing at the present time. It has al-
ready been demonstrated that the adaptive learning net-
work can be trained to classify correctly flat-bottom hole
defects in 7075-T6 Aluminum test blocks, using
transducers of various diameters and differing band-pass
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characteristics, centered in the neighborhood of five mega
hertz. As reported in Reference 16, in a towal sample of 4%
flat-bottom hole defects, 46 were correctly classified by
this technique. An important aspect of the use of the
inultinomial network method is that it s nat necessary to
specify a priort the classifier input parameters that are
most informative for a given application In the case of the
ultrasonic nondestructive mspection apphication. 96 candi
date vaveform parameters were considered during net
work training. Fifteen of these parameters were found to
be relevant to the flat-bottom hole classification These
parameters are those that describe the overall shape and
content (area) of certain parts of two waveforms computed
from the pulse echo waveforms the Power Spectrum and
its log Fourier transform, the Cepstrum. Interestingly
maximum amplitude of the time waveform was not found
to be a discnminating parameter when the transdocer
and or transmission medium were subject to variation
The resultant network structure found for flat-bottom hole
defect classification consists of 13 elements containing a
total of 78 coefficients, and implementing an eighth degree
function of the 15 input vanables.

If application to the fatigue crack specimens is alsa suc
cessful, the adaptive learning network will provide an in
spection tool of great value to the maintenance of aircraft
and missiles in the operational inventory. The work to
date has already demonstrated that the new procedures
allow one to synthesize signal processors that deal with
waveforms from the real environment and that learn which
parameters of these waveforms are the most relevant, while
combining these parameters into an adaptively
trained signal classifier. Other applications have been
suggested for the methodology in the related areas of
acoustic emission testing, computer-aided manufacturing,
optimization of metal removing processes, control of forg-
ing and casting, inference of material physical properties
{rom microstructure data, and forecasting of maintenance
necessitated by stress corrosion deterioration of flight ve
hicle structures. In each instance, the key point is that nat
works can learn to infer or predict from the natural data
that are produced by the processes. These “natural” data
may be records of process sounds, vibrations, deterioration
due to corrosion, etc. —anything readily accessible for eco-
nomical instrumentation or recordkeeping.

Trajectory predictions

Successful R&D has been conducted for more than a
decade for application of multinomial networks to the pre-
diction of aerospace vehicle trajectories. In summary,
these investigations have established that the network
methods are capable of inferring vehicle parameters, such
as ballistic coefficients, quite accurately. Additionally, the
networks make extremely fast, accurate predictions of ob-
ject trajectories. These predictions are comparable in ac-

_curacies to the conventional procedures whereby equations

of motion are integrated in serial computers, but are very
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much faster because of the computing speed of the paral'el
network structure

Farget signature classifications

Attention 1s being increasingly directed toward the auto
matic classification of target signatures from single or
multiple sensors. An example of this work i1s that of class
fving the sources of ground wvibrations and or acoustic
emissions monitored hy sensors in air drop ordnance
Very promising results are being obtained in such work

Radar refractie index corrections

Reference 17 presents a new approach to the problem of
computing height correction for aircraft or other objects
tracked by surface radars. The basic procedure, when us
ing the multinomial network, is to operate a cooperative
aircraft that s equipped with an accurate radar altimeter
in those regions of airspace for which the true altitudes of
unknown targets are to be obtained. The cooperative
target is tracked and an adaptive learnming network 1s used
to model the relationship between observed range. eleva
tion angle and azimuth angle, and the independently
measured height of the cooperative target. [t 1s then
possible to interrogate the network very quickly whenever
the true height of an unknown target is to be computed
The inputs to the network become the apparent range ele
vation and azimuth of the unknown target, and the net
work output is the estimated true height of that target
The structure and coefficients of the network are adjusted
adaptively as atmospheric conditions change. The
reference presents a comparison hetween the accuracy of
this approach and that of the conventional procedure. The
height error, using the new approach, 1s approximately
of the error obtained with the prior state-of-the-art
method

Detection of remote nuclear cvents

Reference 18 presents results of work performed to assess
the accuracy of an acaptive learning network classifier for
discrimination between remote underground nuclear
events and deepcore earthquakes (which masquerade as
nuclear events in many cases). The results show that
nearly perfect discrimination between the two classes of
remote events is obtained

Vowce data pirocessing

The application of adaptive learning networks to the
identification of spoken languages is discussed in
Reference 19, which presents the results of an investiga-
tion into multinominal networks used to generate
nonlinear features of 29 phoneme and phoneme-like
parameters obtained from speech waveforms. The net
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works are trained to discriminate between each pair of
languages in the set of languages to be identified. The
outputs of the networks are then input to a decision logic
to identify which language is being spoken. In the case of
five languages to be discriminated, this means that a
group of nonlinear transformations 1s produced by 10 indi
vidual networks, each of which maps the 29-dimensional
input space onto a component of a 10-dimensional output
space. The structure of a typical trained network is shown
in Figure 9. The results of the cited investigation show that
significant improvement is obtained in the accuracy of
language identification and in insensitivity to idiosyn-
cracies of individual speakers.

SUMMARY AND CONCLUSIONS

Elements for use in programmable arrays have been de-
fined. and design approaches and performance indicated
for alternate orgamizations. By giving an element the ca-
pability of evaluating one of five multinomial expressions
é with preset coefficients, upon command, and by providing

means for interconnecting arrays of elements in various
configurations, a number of signal processing functions
can be realized These include

Classification, Prediction and Control
Hypersurface Computation

Digital Filtering (Recursive, Transversal)
Transtormations

The arravs can, in fact, be alternately and rapidiy recon-
figured to do any of the above types of tasks In that the
transformation coefficients and multinomial degree and
form can be readily controlled, an array can be trained to
suit a particular situation

Two types of design approaches were studied for realiz
ing the hardware of 4 programmable element, one based
on a parallel-pipeline multiplier and the other on a senal
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Figure 9 Multinominal network classifier that discriminates between
two languages. The & s and 2's are phoneme and phoneme like parameters
from the special waveforms

tvpe multiplier. In each case the multipliers would be
realized by appropriate custom LSI, CMOS/SOS multi-
pliers.

Considering that some or all of the speed differences
between the two approaches can be compensated for, when
required, by using a greater degree of parallelism in a net
organization (Figure 2), the serial-multiplier approach was
recommended for development. With a full 32-bit floating
point (24-bit mantissa, 8-bit exponent) capability total of
10 of the custom LSI CMOS/SOS serial-type multiplier
packages supported by 15 packages accommodating
custom LSI control chips, a full six-term multinomial of 2-
‘inputs can be evaluated in 5.2 microseconds. For 16-bit
fixed point capability the control chips reduce to two, and
the computation period reduces to 2.9 microseconds. The
random-access memory to support each element will
depend on its degree of multiplexing. For a fully populated
array, up to 3 RAM | -kages would be required per ele-
ment.

The advantages of such arrays include:

1. High-speed capability for general-purpose digital
processing. The speed can be tailored by providing
varying degrees of parallelism of the element in an
array.

2. Capability for relieving software problems. The array
can be considered as firmware once a set of coeffi-
cient and interconnect vectors have been found. or
are known, for a particular application.

3. Capability for providing fault-tolerant computing. In
general, alternate coefficient and interconnect vectors
exist to realize the same transformation. Hence, if an
element in a fully populated array is faulty,
reprogramming of the array is possible by by-passing
any faulty element(s). The degree to which this by-
passing 1s done will, of course, depend upon the
number of elements available and the complexity of
the transtormation.
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ABSTRACT

In the past two years, significant advances have
been made in parallel array processing, particu-
larly in the two-dimensional programmable arrays.
These arrays are based on elements capable of
evaluating, numerically, quadratic multinomials
of two variables. Specifically, a degree of
advanced LSI technology has been applied to the
arithmetic unit of such elements, and some of

the control problems were addressed and design
approaches developed. A number of new application
areas were identified and work was done to demon-
strate solutions with the array techniques.

The relationship between these polynomial modeling
arrays and other parallel array processing tech-
niques is established. Then, the concepts bpehind
these arrays that deal with their use in adaptive
modes as well as in more conventional high-speed
signal processing are discussed. Degrees of
hardware that can be applied in simulating and
implementing these arrays are shown. Concepts of
multiplexing, distributed memory and full paral-
lel processing are discussed along with appro-
priate circuit-technology impact. Finally
application areas are given.

INTRODUCTION & RACKGROUND

This paper deals with arrays (physically realiz-
able as one-, two-, or three-dimensional) of
computing elements which can be programmed to
solve or model particular input-output relation-
ships. Various terms have been associated with
such arrays, including:

distributed logic/memory processingl
associative processlng‘

cellular arrays?®’

programmable arrays"

The element (or primitive function) is, in effect,
the basic building block of such arrays and can be
given any one of a variety of characteristics.
Generally, the element contains logic and memory
circuits such that the output is a function of
stored coefficients as well as the input data set.
They can be given the ability to operate on
1) binary variables,’»? 2) numerical variables
;blnar¥ encoded)"'sv6 or 3) analog variables.
+8:9,10  Numerical elements restricted to eval-
uating a given type or set of expressions, such
as polynomial expressions, will be the topic of
discussion in this paper.

Each of the three types of elements can theo-
retically be structured in arrays of arbitrary
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complexity. The advantages of such arrays,
compared to single element realizations, include
the possibility of higher throughputs, and fault
tolerance,

The structure of arrays is demonstrated in

Fig. 1, which shows examples of one- and
two-dimensional nets. An example of a one-
dimensional array useful for signal processing
is a transversal filter, Fig. I(a). In this
application each input is multiplied by a
weight (the element functfon is multiplication)
and the outputs are summed. The fact that the
inputs are frequently time delayed samples of a
given waveform imparts the additional require-
ment on the element of shifting. Such "arrays"
can be realized by CCD's or Surface Acoustic
Wave (SAW) devices (for analog signal processing)
binary correlators {[for binary or clipped signal
or arithmetic units as in a digital filter
operating on A/D converted signals.

Two examples of two-dimensional array formats are
shown in Figs. 1(b) and (¢). In the first case,
the elements are arranged in layers and information
flows from the input data set to the output. Each
element's output goes to an input in the next
layer. An example of this type of array is the
polynomial evaluator net now undergoing design and
development with special LSI circults; this net is
the main subject of this discussion on parallel
array processing. Another two-dimensional struc-
ture is the so-called cellular array proposel for
binary i{mage processing, where sach element (or
cell) communicates with each surrounding cell.*»
Data are manipulated according to "surround
patterns' and a stored base of algorithms.
Information is entered in two-dimensions and pro
cessed in two-dimensions.

There is one more important aspect to such arrvays,
which has in fact been responsible for much of the
research effort expended for their implementaric
and application. This is their potential for being
reconfigured to suit a number of different problems,
or, when used for a given transformation, to be
adapted to changes in the environment by virtue of
being able to have their weights or coefficients
modified. In describing these processes the

array type of Fig. 1(b) will be used as an example,
although analogies exist for all types of arrays.

It is assumed that each element's output Y is a
function of its inputs (X,'s) and some constants
or weights (Wi's), and furthermore, chat each
element in a layer can be interconnected to any




consists of N observables, xj, x3, ..., xj.
Also suppose that the output is a scalar whose
value may be considered as the estimate of some
property of the input process. In general, y
will be some nonlinear function of the xl's as
follows:

T e R

1 S XN) (1)
POLYNOMIAL (MULTINOMIAL) APPROXIMATION
Under fairly general conditions, a function of
N variables may be expressed in an N-dimensional
Maclaurin series as follows:
y= a5 * &%, ¥ a, xix, ¥

O Ry e

! I a X = o (2)

i=1 j=1 k=1 i3k M1

In the most general case, the coefficients, a ,
4iy ..., are functions of time, but for many cases
interest, the underlying characteristics of the
x's do not depend c¢n time and consequently the co-
efficients are constants.

PR

A trainable network may be used to implement
Eq. 2. A basic element of the network is the
two-input, single-output device illustrated
in Fig. 2(a) (and previously alluded)to which
implements the following function (P3) of its
input xl, xh,:
y = 'dr) + w)xl ;2 v2x2 +

TR T WY Fwex, (3)

NETWORKS OF THE BASIC ELEMENT

Consider now two layvers of such elements as
illustrated in Fig. 2(b). The figure shows
that each z; contains pairwise products up
to degree four. Note that the first layer
contains all possible pairs of three inputs
Xy X9, x3. To implement a general multi-
nomial expression (i.e., a polynominal in

many variables), the number of elements in

Rj—— WX Xy + W X, 2 4 W Xy
2 i 2 W M R pt W Ky W XsSg ¥ el T 72
5 i)
(a)
x| Y| z
l2___-
Xy 12 2 &
bt 2
Iz 13
oy Yy
(b)

Fig. 2 - (a), Basic element; (b), 2-layered network
of elements.

each layer would have to grow as one proceeds
deeper into the network. However, it is found
empirically that acceptable approximations
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are obtained without this growth; in fact,

the number of elements in successive layers
will soon (after, perhaps, two or three layers)
decrease, until only a few are left as inputs
to the final network component (which is an
adder) .

THE KNOWN DATA SET

The matter of determining the coefficients of
each network element and the number and inter-
connections of the elements are now considered,
These tasks are accomplished with a "known"
data base; that is, a data base for which the
values of the dependent variable are known.

The steps involved are:

1. Optimization of the coefficients in
each element of the first layer,

2. Selection of those elements whose
output is acceptable (rejection of
poor performers),

3. Repetition of the process for each
layer, and

4. A global optimization (adaptation)
of all coefficients in all layers
based upon the final output.

The known data base is divided into three
independent but statistically similar
subsets:

1. Fitting subset
2. Selection subset
3. Evaluation subset

The fitting subset is used to determine

the coefficients of the elements. The
selection subset is used to reject the

poor performers and to determine when to

stop evalution of the network. The fitting
and selection subsets are also used for the
global optimization. The evaluation subset

is used to estimate the overall performance.
Since the evaluation subset was not used for
network synthesis, the performance on this sub-
set is an accurate estimate of the ability of
the network to generalize to new,previously
unseen data.

TRAINING THE NETWORK

The element coefficient determinations are

based, in part, upon a least-squares fit to a
desired output. Other criteria are, of course,
possible, and are often used. Employing a least-
squares criterion, the elements are first adjusted
by a matrix algebraic procedure and then by a
recursive search (i.e., optimization) procedure.
An outline of the steps follows.

The fitting and selection subsets are used alter-
nately in training each layer. The fitting 1s used
first to establish the coefficients. The specific
observables to be used initially have already been
chosen. Let these be designated by x1, ... xy.
These observables,are arranged in pairs, x;, xg;
where 1, j = 1, ... N. There are N(N-1)/2 suc
pairs. Thus, the first trial will require N(N-1)/2
trainable elements (such as that shown in Fig.2(a)).
A pair of observables is sent to each element. The
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INPUTS I + OQUTPUT
(a)
ELEMENT
——
1
-~
INPUTS OUTPUT
e ~
~
(b)
ELEMENT
1
1 18 I
I 1
(c)
Fig. 1 - Parallel array types: (a), l-dimensionaZl;

(b) and (c¢), 2-dimensional.

element in a preceding or succeeding layer. Then
the overall array can synthesize a wide variety of
transformations between the inputs and output(s)¥*,
limited only by the element's primitive

function and the total number of elements.

The features of weight variability and inter-
connect flexibility allow such nets to be

trained or to fit a desired input-output
characteristic, as will be described later.

Then, a given numerical processing array,

for example, could evaluate a known trans-
formation such as an FFT, as well as heuristic,
nonlinear transformations found by search
algorithms,

The problems associated with parallel array
processing include:

1) Reasonable hardware implementations.
To capitalize on the potentials of
such arrays for high-speed signal
processing, latest-technology LSI

* In general, nets may have more than one output.
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must be incorporated. The first
generation of parallel array process-
ing approaches was limited in appli-
cation because of the relatively
large numbers of components required
to populate an array. Hence, most
work on arrays has been done in soft-
ware simulation of the actual hard-
ware concepts.

2) Control. The problems of data entry,
reconfigurability, supervisory control,
and system communication must be

addressed.

~

3) Application. Many of the problems which
can benefit from parallel array processing
are frequently, in essence, re-stated so
as to fit more conventional solutions.
These problems must be examined in a new
light to effectively apply the new
techniques.

The methodology for training, trends in hardware
realization of such arrays, and applications will
be discussed.

TRAINING AND ADAPTION OF MULTINOMIAL NETWORKS

The methods for training and adaptation of alge-
braic multinomial networks that are constructed
from the arithmetic elements described above are
now considered.'!»1?,17 This is done with special
algorithms, generally off-line, that specify net-
work configurations. Applications of multinomial
networks generally involve operations with sensor
data that are obtained as a result of "observing"
a physical object, process, or phenomenon. The
ciassical approach to design of computer models for
inferences and predictions from observations has
been to determine all the relevant characteristics,
deterministic and/or statistical, of the

process being observed, and to use these
measurements (and assumptions) in design
calculations.

Very often the structure of the model is
presumed and the design takes the form of
calculating the values of certain parameters.
Even if the nature of the observed process
changes, the structure of the model often
does not change, but the parameter values
are adjusted in response to measured changes
in the inputs or outputs.

In many important applications, the inputs
(i.e., the observables) are difficult to
describe analytically. The best or even a
good structure for the model cannot be
determined a priori. In this case, it is
desirable to have a model structure that

can adjust to representative inputs. That is,
the model is trainable, both in it structure
and in its parameter values.

It is therefore desired to implement a general
(usually nonlinear) function of certain input
variables which we can call observables. Since
little may be known about the characteristics
of the observables, the parameters of the net-
work are not known a priori. The network will
have to be trained with representative inputs.
To make the ideas clear, suppose that the input




i of the element are determined using
least-squares criterion procedure. The procedure
is repeated for each of the N(N-1)/2 elements. Not
111 of the pafrwise combinations are of significant
1id in extracting the desired information. The

selection process, using the selection subset

nates those elements whose performance is

t ceptable. The performance may be measured
the square of the error magnitude. Now there
perhaps R elements which survive, The process
repeated for the second layer. This layer

srrs with (R) (R-1)/2 elements. The training

set of observables,restricted to those which
first selection process, is inserted

into the first layer, resulting in R(R-1)/2
pairs of inputs into the R(R-1)/2 initial
elements of the second layer. Then the
selection subset is inserted into the first
laver and the selection process is applied
second layer. This procedure will
the unacceptable pairs from the

ayer 1inputs,

¢ process is repeated with succeeding layers
error rate on the selection subset
F Although further reductions
it e error rate on the fitting subset are
lizable by incorporating more layers, to
would produce over-fitting of the
tting data. Eventually, a single output
esults from each of several disjoint sub-
etworks, These outputs are added to

produce a single output. There is a final
tep in the training process. This is a
process of vernier adjustment, or "fine
ing" of the coefficients.
mee a process is modeled, or a function fitted
mputer algorithm, the hardware elements
irray) described previously can be programmed
t gh-speed real-time evaluation of new

¥ ARRAY .’.r\H)'h',‘\}(P

¢ imulation and realization of complex
ial modeling nets, the degrees of
irdware (and associated speed improvement)

All - software simulation
Hardware multiply

). Polynomial evaluator

4. Element

5. Layer of elements (two or more
elements)

6. Full array (two or more layers)
7. Adaptation algorithm hardware

Most of the work, to date, in array processing
has been done in software (1). Whether for
training or for actual control and classification,
software i{mplementations result in inordinately
long perfods of calculation and hence cost.
Software, which i{s impractical for all but the
slowest speed control problems, has spurred the
developemnt of hardware to effectively deal with
complex modeling and transformation problems at
lower costs and/or in real time. Of course other
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idvantages will accrue with the hardware, such as
improved reliability due to redumdancy.

The first and most basic hardware improvement whi
can be imparted to a computer used for polynomial
modeling using arrays is the incorporation of a
hardware multiplier (2) with associated Input-output
buffer registers and control logic. This feature
can improve a software multiply period anywhere
from 50 to 500 times depending on the computer
(microprocessor or miniprocessor). Next, instead
of transferring a single multiplier and multi-
plicand to the hardware multiplier, groups of
numbers can be transferred for evaluation of a
complete polynomial expression (3), thus shortening
overall transfer periods. In this concept, two

or more multipliers can be used. The element (4)
is an extension of the polynomial evaluator, and

is defined as being capable of evaluating any
number of polynomial expressions'”?, storing inter-
mediate results and using them in a preprogrammed
manner. The arithmetic unit of the element has

a number of multipliers to expedite calculations,
since a minimum of time is necessary for computer
interface. The element has sufficient storage for
all the inputs (xi's), coefficients (w;;'s) outputs
(yi's), and connection controls (cj's) necessary
for an array of a given capacity. The minimum
improvement in speed provided by the element is
about 1000 to 1 when compared to software on a
high-speed processor.

Up to this degree of hardware (4) a simple 1/0

bus structure can be used to commuiicate between
host processor and the multiplier, polyncmial
evaluator, or element. For concepts (5) or (6),
full parallel array processing is possible. To
achieve this, two techniques are required: loading
and switching. Fig. 3 shows a multi-layered,
structure being loaded from a common bus by the

LAYER I LAYER TI

&
|
|

m
e
m
z
m
z
3

kicel

Emn:nc

:
2

U
Rl vemory

SWITCH
J

~

LOAD AND .
.:\?YRUC“ON GEMTR'C

HOST
COMPUTER

“ig. 3 - Loading and controlling a parallel array.

host computer. Layer 1 outputs are switched to
appropriate layer 2 inputs under the space-division
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switch memory control (also pre-loaded by the host
computer) .

The speed improvements inherent with multi-element
arrays compared to a single multiplexed element

are proportional to the number of elements populat-
ing an array and depend on whether multi-layer
implementations can be used in a pipeline mode to
further increase throughput. With maximum employ-
ment of LSI for the element realization, approaches
(5) and (6) become viable alternatives for improved-
performance, parallel array processing. Since each
element in the numerical polynomial processing
concept can handle two inputs, the number of
elements in a layer, for maximum speed, for single
output nets, depends on the total number of
observables or variables bearing on the problem,
divided by two. Most previous applications have
indicated a maximum requirement of 20 elements in
the first layer. In the distributed element case,
(5 and 6), the total memory requirements are the
same as for the multiplexed or time shared case,
except that the memory is physically parti-

tioned along with the arithmetic function.

This arrangement will lead to different

memory organizations.,

For example, whereas a moderate size RAM
will be used with a single time-shared
element, smaller register stacks would be
provided with a distributed element struc-
ture, as part of their arithmetic units,.
This would further simplify buffering and
interconnections.

ADAPTATION ALGORITHM HARDWARE

An array can be considered a high-speed
numerical calculator for deterministic

type problems (problems whose input-output
relationships or transformations are known

a priori). An FFT is an example of a known,
useful linear transformation. More interest-
ingly, and of greater importance, the array
concept can be used to synthesize arbitrarily
complex linear or nonlinear expressions and to
help find (in a training or adaptation mode)

a suitable relationship between a set of

input data and a known output result, as
described previously. Omce a relationship

is found, the array can be used in its
deterministic mode appropriately responding

to new sets of data from the same physical
system in providing desired outputs. In the
adaptation mode, the hardware element(s) works
very closely with the host computer, which has
been pre-loaded with algorithms for random
search of the discriminating hypersurface, for
example. Here the elements are used as an aid
in speeding up the adaptation approach which
is, basically, a trial and error procedure
requiring a large number of calculations to
"ome in" on a desired or acceptable relation-
ship.

Various amounts of hardware can be applied to
the adaptation mode to alleviate the computer-
element communications problem, where, after
each trial, the host computer must determine

a new set of weights for use in the next trial,
etc. For these types of algorithms, random
number generators can be provided, associated

with the element, with appropriate control logic
and memory, so that in the array adaptation mode,
input data are paired and element weights
adjusted automatically and rapidly, in an effert
to minimize errors between known, desired
responses and the calculated output responses
Weights derived from random-number generators
can be incremented or decremented by given
amounts according to preset or manipulated
Statistical distributions. This type of hard- |
ware can eventually be coupled to the array
itself to augment high-speed self-adjustable
transformations, replacing the software
algorithms. ﬂ
|
|

HARDWARE_FACTORS

The overall hardware requirements of a pro-
grammable array capable of complex polynomi
modeling will depend on throughput requireme
The other factors influencing hardware com-
lexity are:

T

nts., |

1. Precision of numerical calculations
Fixed- or floating-point notation

Total memory requiremernts

s~ W

Level of LST applied

w

Calculation speed
Shallow nets with relatively few layer nets d

not require the precision of deep, highly non
linear nets, and can use 12- to 16-bit, fixed
point numbers. However, for complex situations,
after the third or fourth laver, 32-bit, floating-
point representation becomes important. Hence,
an element with varying capability would be
desired to optimize its use within an array.
Since loading an array's memory from the host
processor can consume large periods of time, the
array's memory, whether locally concentrated for
single elements or distributed for a fully
populated array of elements, should have the
capacity for as many problems as the unit wili he
called upon to solve in a given system., For
example, the same array might serve as a classi-
fier for two or more problems, where the coefl~
ficients and element interconnectivity are all
different, If the array's memory had all the
necessary values stored for both problems, a |
single command could have the array provide
classification for either problem with virvtually
no added delay as a result of problem change-
over.

TECHNOLOGY CONS IDERATIONS

What technology should polynomial arrays use
for optimum performance? LSI permits us to
consider fully populating large parallel arrays
for high throughputs. However, the partitioning
of the array element into its constituent
functional parts must be based upon a realistlic
assessment of both available and developmental
technology trends. This is particularly true
for the memory and arithmetic portions of the
element. The fundamental processes of mult{-
plication and addition must be efficiently
implemented and matched to supporting memory
for accessing data and coefficients (or
weights)." Tt was shown'” that the profusion
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The network for flat-bottom hole defect inference
consists of 13 elements containing a total of

78 coefficients. The network implements an eight
degree function of the 15 input variables.

Work is now proceding on inference of the size of
fatigue-induced cracks emanating from fastener

holes in specimens representative of wing structures.
The problem in the use of ultrasonic inspection is
that small defects, such as fatigue microcracks,

may be masked by reflecting surfaces of the

fastener and the part itself. Adaptively trained
networks offer an attractive approach because

they do not rely on theoretical formulations for
these complex signal environments.

MATERIAL TECHNOLOGY

Potential applications of adaptively trained non-
linear networks in materials technology include:

Characterization of properties of composities
and of adhesively-bonded assemblies

Inference of material physical properties
from microstructure data

Productivity modeling

Monitoring and optimization of processes
for material removal

Predictive control ot melting, forging,
casting, extruding, and rolling processes

Forecasting of maintenance necessitated by
corrosion of flight vehicle structures

Inference of NDE effectiveness of facilites
by their performance on test sample

In each of these instances, the key point is
that networks can learn to infer or predict from
the natural data that are produced by real
processes. These "natural’ data may be records
of sounds, vibrations, etc. -- anything readily
accessible for economical instrumentation or
recordkeeping.

PHYSTOLOGICAL MONITORING

Adaptive nonlinear network modeling techniques
have been successfully applied to automatic
interpretation of animal and human EEG's and
other physiological waveforms. It is
conceivable that future manned systems will

use trainable multinomial networks to alert crew
members and/or remote medical personnel to subtle
changes in alertness and psychological and
physiological readiness of the crew.

ITAL SIGNAL PROCESSING

A: noted elsewunere in this paper, adaptive
programmab le networks can potentially implement
an extremely wide variety of linear and nonlinear
signal processing functions. These functions
include:

Auto-and cross-correlation functions
Fast Fourier transforms

Power spectra and cepstra

Digital bandpass filtering
Extraction of time derivatives

Transversal filtering
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Inference of waveform nonlinear parameters
Nonlinear predictive coding

By combining these (pre-processing) network
functions with other network functions that
implement the main classification, prediction,
decision, and/or control logic, the functional
possibilities became boundless. Clearly, the

trend will be toward realization of very fast

I.SI arrays so that the array hardware can be multi-
plexed rapidly to realize powerful processing
combinations.

TRAJECTORY PREDICTIONS

Successful R&D has been conducted for more than
a decade by application of multinomial networks
to prediction of aerospace vehicle trajectories.
In summary, these investigations have established
that the network methods are capable of
inferring vehicle parameters, such as bal-
listic coefficients, quite accurately, and

that the networks can make extremely fast,
accurate predictions of ballistic trajecteries.
These predictions are comparable in accuracy

to the conventional procedures where

equations of motion are integrated in erial
computers, but are very much faster because of
the computing speed of the parallel network
structure,

TARGET SIGNATURE CLASSIFICATION

Seismic and/or acoustic waveforms from remote
sensors on the ground can be used with nonlinear
networks to detect and classify accurately the
presence of different types of ground vehicles,
aircraft, and of personnel.

RADAR REFRACTIVE-INDEX CORRECTIONS

A nonlinear adaptive network can be used to fit
radar metric data on the range, elevation,
azimuth, and true height of a cooperative target
or targets. After fitting a network model to
these data, the model may be interrogated to
estimate true heights of any other targets
observed within the bounds of the range, elevation,
and azimuth training of the network. By taking
care not to overfit the model during its training,
it will be a smoothly-fitted functional approxi-
mation. From the mathematical standpoint the
model will be continuous and differentiable,

and its derivatives will be close approximations
to the quantitative derivative behavior of the
physical process (i.e., ray bending as a result

of refractive-index gradients within the atmos-
phere). Numerical partial derivatives of the form
3y/9x can be used to determine the slope of the
ray as it traverses the anomalous part of the
atmosphere, presumably the part that has been
adaptively modeled. Knowing this slope, the path
of the ray beyond the modeled region may be
estimated by conventional procedures.

The results in reference 14 show that a substantial
improvement in accuracy of target heighr deter-
minations can be achieved using the network
modeling method in comparison with the usual method
for refractive-index corrections.

DETECTION OF REMOTE NUCLEAR EVENTS

Reference 15 presents results of work performed

NAECON ‘76 RECORD-475




of maleiplication funcuions required for m
plex polynumial modeling could best be imple-
mented with a number of LSI serial/parallel
type multipliers in a bit serial word parallel
tashion rather than parallel array type multi-
pliers which, because of their complexity,
would have to be used in a bit parallel - word
serial fashion. This scheme provided a minimum
calculation time complexity factor (an architec-
tural figure of merit), while ultimately being
ible to approach speeds of all-parallel multi-
plier implementations.

The serial nature of the basic multiplier
simplifies scaling for floating point (exponent
ontrol) and addition, as well as minimizing
pin connections., Furthermore, because of the
predominantly "on-chip" nature of the multi-
plication logic (a single output driver only
being required), the CMOS/SOS technology offered
an ideal medium for the LSI implementation. Its
relatively high packing density and low power
dissipation resulted {n a full 24-bit multiplier
accumulator (capable of an (ax + b) calculation)
on only a 150- by 170-mil chip, leaving room for
substantial additional logic or memory growth,
while still staying within the realm of high yield
technology. Alternate technologies could improve
speed at a high chip count (cost) and power
dissipation. An ECL implementation could improve
speed by factors of three to five, but chip power
and area constraints would inhibit the size of the
multiplier to about eight or twelve bits (instead
of 24) and preclude the ability to add associated
circuitry.

Ancther consideration in the element architecture
is the required memory and its interrelationship
with the multipliers in executing the polynomial
calculations. Each element in an array (physical
or simulated) must have a store containing all
the coefficients, data and commands 1t will need
for a given transformation or set of transfor-
mations for rapid recall at the appropriate time.
This store is necessary to minimize "outside
World" interaction, since the relatively slow
rates at which a host processor can load new
sets of values into the array would defeat the
purpose of the high-speed processing capability
of the array.

Presently, array designs are being based on the
use of MOS RAM's, providing access times in the
order of 100 nanoseconds. Future trends will
lead to the use of CCD serial memories, whose
characteristics will optimally fit the array
architecture, at projected cost for memory of
about 1/10 the cost of advanced RAM's.'? An
arriy organization based on the use of CCD
memory is shown in Fig. 4. Each clement's
memory would be loaded with all the w's it will
need to solve the problem(s) that the array will
be used for. These w's must of course be pre-
loaded in the proper sequence by the host
computer. Interface logic and buffering
requirements are minimized because the serial
nature of the multipliers and memories are
compatible. With one or two chip types used
for multiplication and associated control, and with
available, low cost, memory circuits, a wide
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Fig. 4 - Serial memory-bank organization for
programmable array.

performance spectrum of parallel arrays can be
implemented.

APPLICATIONS

Aerospace applications of the array/network
concepts presented above include:

Nondestructive evaluation of structural
partsif, <l

Materials technology?0, 22
Physiological monitoring

ECM and ESM systems

Digital signal processing
Trajectory predictions?3

Target signature classifications

Radar refractive-index corrections!'™

Detection of remote nuclear events'®
Voice data prncessinx,"‘b
Reconnaissance image processing
Avionics information systems

A number of these areas are briefly described
below.

NONDESTRUCTIVE EVALUATION

It has been shown that an adaptively trained,
nonlinear, multinomial network provides

accurate inferences of flat-bottom holes sizes

in ultrasonic nondestructive evaluation of

test specimens, The waveforms analyzed were
ultrasonic pulse echoes obtained from two
different sets of 7075-T6 aluminum area-amplitude
test blotks and three different transducers.

The eight flat-bottom hole defect sizes ranged
from 1/64~ to 8/64~inch in steps of 1/64-inch.

The 15 input parameters found to be most infor-
mative were those that describe the overall
shape and content (area) of parts of two wave-
forms computed from each pulse echo waveform:

the power spectrum and its log Fourier transform,
the cepstrum. Maximum amplitude of the echo was
found not to be a discriminating parameter when
the material and/or transducer were changed.
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to assess the accuracy of an adaptive network
classifier trained for discrimination between
remote underground nuclear events and deep-core
earthquakes (which masquerade as nuclear events
in many cases). The results show that nearly
perfect discrimination between the two classes
of remote events is obtained.

VOICE DATA PROCESSING

The application of adaptive networks to the
identification of spoken languages is discussed

in reference 16, which presents the results of

an investigation into multinomial networks

used to generate nonlinear features of 29

phoneme and phoneme-like parameters obtained from
speech waveforms. The networks are trained to
discriminate between each pair of languages

to be identified. The outputs of the networks

are then input to a decision logic that

identifies which language is being spoken. In

the case of five languages to be discriminated,
this means that a group of nonlinear transformations
i{s produced by ten individual networks, each of
which maps the 29-dimensional input space into its
respective compont of a ten-dimensional output
space. The structure of a typical trained network
is shown in Fig. 9. The results of the cited
investigation show that significant improvement

is obtained in the accuracy of language identi-
fication and in insensitivity to the idicsyncracies
of individual speakers.

AVIONICS [NFORMATION SYSTEMS

The authors believe the trend of adaptive network
applications is in the direction of a versatile
central avionics processor built around a
programmable network that performs many portions

of the avionics processing task. The central
processor will be fed by remote units that

perform signal conditioning and pre-processing
(parameterization) of signals at their sources.
These remote units may use small programmable
networks. The central processor will have, perhaps,
200 to 300 hardware algebraic elements in a network
that may be switched almost instantly (via dis-
tributed storage of pre-learned connectivity and
coefficient information) between a large number of
uses. These uses might include fault monitoring;
resources management; real-time interpretation of
multisensor data; navigation, guidance, and control;
physiological monitoring; EW functions; and signal
analysis.

SUMMARY AND CONCLUSIONS

Methods for implementing and applying electron-
ically programmable arrays for numerical pro-
cessing have been explored. These arrays are

a subset of parallel array processors in
general, which include cellular arrays operating
on binary signals. The distinguishing feature
of the electronically programmable arrays
explored in this paper is their ability to per-
form complex modeling (linear or nonlinear)

of an input data set to achieve a given output
result. The rationale and ways of synthesizing
and using such trainable multinomial networks
were described. The network reallzation choices
were put in perspective, from software simulation
to all hardware array population for maximum
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throughput. The impact of advanced technology
in memory and logic was then related to the
programmable array hardware. Finally, a number
of application areas were described, ranging
from inspection of structural parts to high
speed electronic warfare eignal processing.

It {s felt that this type of programmable array,
now undergoing development with advanced LSI,
will find increasingly greater application. It's
inherent ability to be structured into a variety
of configurations to efficiently meet a broad
range of speed requirements (by trading off
hardware complexity) and its ability to perform
known linear as well as nonlinear transformations
(derived by training) imparts a universality to
the programmable array.

fhe transformations which these arrays realize
can be used for application in the areas of
signal classification, pattern recognition, or
system control.
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SIX-CLASS SEISMIC/ACOUSTIC SI(NAL CLASSIFICATION
USING ADAPTIVE POLYNOMIAL NETWORKS
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Abstract

The performance evaluation of a six-class, single
target classifier implemented using adaptive polynomial
networks is presented. The classifier was designed to
discriminate between six target classes: tracked ve-
hicles, wheeled vehicles, fixed wing aircraft, rotary
wing aircraft, personnel, and nuisances. This discrim-
ination is based on signal waveform features computed
from co-located seismic and acoustic transducers. The
instrument package is remote from the target and sig-
nals are detected on each channel passively, as the
target moves within a range of signal detectability.
The data base used to synthesize and to test the
classifier consisted of field-recorded signals. A
principal result is that the feasibility of designing
a field usable seismic/acoustic signal classifier has
been damonstrated. It is shown that an average over-
all six-class accuracy of 85 percent with good range
capability and reasonable site and speed independence
is achievable.

Introduction

A major Ammy requirement is to be able to classify
accurately ramte targets via passive means.
classifier system is parc of the Amy's REMBASS (Re-
motely Monitored Battlefield Sensor System) project.
Usually acoustic (microphone) and seismic (geophone)
devices are co-located and a classifier must discrimi-
nate up to six target classes based on parameters of
these two waveforms. The classifier must be reasonably
insensitive to signal variations caused by range,
speed, and location (i.e., environmental) factors.
Once a classification is made, the decision is radioed
to a reamte station for tactical evaluation.

A program was initiated to demonstrate the appli-
cability of adaptive, nonlinear signal processing
techniques for accurate classification of acoustic and
seigmic waveforms among six target classes.®’
Adaptive Polynomial Networks (APNs) were used in a
two-way, or pairwise, classification mode and the over-
all six-way classification was rendered by a voting
procedure. The reamainder of this paper describes the
data base employed, the extracted waveform parameters,
the classifier structure and synthesis, and a discus-
sion of the results.

Seismic/Acoustic Ficld-Record Data Base

The classes for target discrimination are the six
shown in Table 1. The class number will be used as a
convention throughout the remainder of this paper,
i.e., Class 1 denotes tracked vehicles, Class 2 denotes
wheeled vehicles, etc.

Table 1: Six Target Classes

Class Number Type Abbreviation
1 Tracked Vehicle v
2 Wheeled Vehicle w
3 Fixed Wing Aircraft FWA
4 Rotary Wing Aircraft RWA
S Personnel PER
€ Nuisance NUS
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The data base consisted of 671 seismic and acoustic
signatures representing six major target categories.
Each signature consisted of a data epoch ot 10 seconds
duration (that 1s, 10 simultaneous seconds for the
seignic and acoustic waveforms). The sampling rate was
2,000 Hz for both waveforms.

Data were recorded at three sites: Yuma, AR,
Grayling, MI, and Ft. Bragg, NC, and signatures from
Classes 1, 2, and 6 were avalilable at all three loca-
tions. Aircraft data, Classes 3 and 4, were available
only at Ft. Bragg, and Class 5 data was available only
at Yuma. Historically, the most difficult classes to
discriminate have been Classes 1 ana 2; the majority of
records in the data base were from these two classes;
338 of the 671 signatures (about 5C percent) were Class
1, 28 percent were Class 2 and the raminder of the data
were spread among the other four classes. (Seventy-two
percent of the Class 1 data were recorded at Yuma. )

The signatures generated by different targets are
a function of many variables. Of primary importance are
target speed and distance fram sensor (i.e., range).
Many combinations of these two conditions were available
in the data base. The speed versus range distribution
for land targets varied from 6 to 31 mph and trom O to
900 for meters for Classes 1 and 2, and up to 100 meters
for Class 6 (walking). Similar data for the air targets
were 120 to 450 knots for Class 3 and 60 to 100 knots
for Class 4. Altitudes of 200, 400 and 600 feet were
recorded for both classes.

The geophone employed had a resonant frequency of
7 Hz, a 70 percent damping ratio, and a pass band of
about 7 to 250 Hz. The microphone had a flat response
from 39 to 40,000 Hz. The acoustic response was fil-
tered to provide a useable pass band of about 20 - 500
Hz. Both seisnic and acoustic signatures were digi-
tized at a rate of 2,000 Hz.

One of the main sources of confusion in the seismic
channel is due to the filtering effect of the propoga-
tion medium -- the earth — between target and geophone.
This varies from site-to-site, so that a given target
moving at a fixed speed at same distance from the sen-
sor will produce dramatically different time domain
signatures depending on the recording site. The acous-
tic channel is not affected bv environment. Its main
susceptibility is due to wind influences. Therefore,
each signal channel has somewhat complementary advan-
tages and disadvantages and this is one of the reasons
for interest in two-channel classifiers.

The 671 signals were divided inte Design and
Evaluation subsets as shown in Table 2. The Design set
was used to synthesize the classifier. Its performance
was tested on the ramaining (and unused) 446 records.
The records in the Design set were selected at random,
and represent about one-third of the data from each
class.
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Table 2: Campostion of Design and Evaluation
Data Subsets

Class Design Evaluation
- 113 225
2 64 127
3 18 36
4 12 24
5 12 22
€ _6 12
TOTAL 225 446
= —

Waveform Parameterization

The 29 waveform parameters (i.e., featured) that
were extracted from the seianic and acoustic channels
for one 10-second portion of a target run (usually
lasting up to 100 seconds) are listed in Table 3.
Parameters from each channel appear in two groups
because these features were originally defined ty the
Honeywell (1-18) and Sylvania (19-28) companies: ' "’ 2y
Thus, each 10-second run was represented as a 29-
camponent feature vector.

Table 3: Seisnic and Acoustic Waveform Features

Counts/

Feature Definition Epoch

Seigmic 1. Zero Crossing 1 0-1,240
2, Zero Crossing 2 0-220
3. Zero Crossing 3 0-49
4. Zero Crossing 4 0-105
5. Time Between Events 1 0-45
6. Time Between Events 2 0-40
7. Time Between Events 3 0-14
8. Time Between Events 4 0-21
9, Smoothness 0-46
10. Duty Cycle Consistency 0-397
11. High Frequency Energy 0-30
12. low Frequency Energy 0-40

Acoustic 13. Zero Crossing 1 0-2,518
14. Zero Crossing 2 0-944
15. Zero Crossing 3 0-516
16. Zero Crossing 4 0-328
17. Duty Cycle Consistency 0166
18. Roughness Count 0167
Volts

Seismic 19. lLow Frequency Energy 0-6
20. low Band Envelope Variance 0-6

21. Wide Band Envelope 0-6

22. Wide Band Envelope Variance 0-6

23. Frequency 0-6

24. Frequency Variance

25, Variance of Frequency Variance 0-6

26

27

28

29

3

Acoust ic . High Frequency Energy 0-6
. Wide Band Envelope
. Low Band Envelope
. Logarithm of (Acoustic/Seismic)

Energy Ratio
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Dimensionless

) Note that certain of these features are conceptually
the same; however, their methods of extraction were
different and therefore all the features were in-
cluded for completeness. The similar features are:

Seismic Zero Crossings (1-4) - Seismic Frequency (19)

- Seisgnic Wide Band
Frequency (23)
- Seiamic Frequency

Seismic Smoothness (9)

Seismic Duty Cycle
Consistency (17) Variance (24)
Seiamic High and Low -~ Seismic Wide Band
Frequency Energy (11 and 12)  Envelope (27)

It was found fran the correlation matrix of the
first 28 features that soane of the features were highly
correlated,  An eigenvector analysis showed that only
nine uncorrelated variables accounted for over 90 per-
cent of the data variunce. So, ten uncorrelated fea-
tures were defined from the 29 for classifier synthesis:

5 Sk

. 28
Xg = 1}='1 Ugi*;

10" 29
where the x, (i=1,...,29) are the 29 features of
Table 3, ug; is the ith component of the k'h eigen-
vector (i=1,...,28; k=1,...,9). The ten x' variables
were used as inputs to the APN classifier.

Classifier Structure

The structure of the classifier is shown in
Figure 1. It consisted of two parts: (1) 15 sub-
classifiers to discriminate between all possible non-
repetitive pairs of classes, and (2) decision logic
for rendering one, overall six-way target classifica-
tion. Each of the 15 subclassifiers is an APN and the
methondology assicated with their synthesis has been
sumarized previously.!:?> An APN was trained via the
methods sunmarized in these references, using the
data described above for each of the fifteen possible
target class pairwise decisions.

Fifteen Pairwise

Discriminznt
Ieput Functions Decision Estimated
Features (Subclassifiers' Votes Logtc Class

A | ik | GO | G,

1 .
A3 Deciston :
Xo oy} . taits %
o) o '
. 1
= $ v 3 L ’ o
1

5.6
__L_*‘> Svs. 6

Figure 1: "One-Versus-One' (Pairwise) Classifier
Architecture.

Nonlinear pairwise ("one versus one') APU dis-
eriminant functions were synthesized by cambining
pairs of inputs, x, and x,, into building-block poly-
nomial elanents ac&srdtm, to the equation:

2 2
Yoy b wx, 4 oWy + WaX X + WyX§ + wgX}

A nonlincar discriminant function may consist of layers
of such elanents canbined to model a given dependent

.variable. Fach layer may consist of as many elaments

as the number of pairwise cambinations of the input



paramcters processed by that layer, but only the most

discriminating elasents necd be retained. These eloe-
ments may then, in rturn, be used as wnputs to the next
layer of the network. The structures of the 15 non-

linear APN discriminant functions which were synthe-

sized along with the weight coetfficients are given in
a recent report.”

The decision hypersurface of each pairwise sub-
classifier is such that one target class tends to be
mapped into a fixed value below its threshold and the
other target class into a fixed value above. The
usual convention is that a pairwise discriminant
function attampts to map all class i members onto the
mmber +1.0 and all class j mambers onto the number
-1.0, with the discrimination threshold set migdway
between these two values, 1.e., set egqual to zero.

In a pairwise test, the proximitv of the camputed
discriminant function output to one of the number: +1
and -1 (using a suitable metric such as squared nor-
malized difterence), the greater the confidence that
can be placed in the consequent decision. A tie-
Erﬂafiﬂl:‘i‘.ﬁl‘..‘ﬂ that exploits this confidence infor-
mation 1s illustrated by means of the following exam—
ple.

Table 4 contains the hypothetical outputs of the
15 pairwise tests for one 10-second record. It can
be seen that with a threshold equal to zero, a positive
output renders a umit ‘vote' for Class i and vice versa
for a negative output. (The value “i" 1s alw less
than "j'"). In this illustrative example, Clas:
and 2 are tied with four votes each. Classes 3, 4, 9,
and 6 are eliminated fran further consideration.

Table 4: Illustration of Tie-Breaking Strategy

AIN No. Class i Yersus Class j Cutput Winning Class

1 1vs. 2 +1.01 1
2 1 vs. 3 +0.91 E
3 1vs. 4 -0.13 4
4 1vs. 5§ +0.85 1
5 1vs. 6 +1.15 1
6 2vs. 3 4+0.69 2
Y 2vs. 4 +0.71 2
8 2vs. 5 +0.87 2
9 2vs. 6 +0.85 2
10 3vs. 4 -0.88 4
1 3vs. § +0.92 3
12 3vs. 6 +1.00 3
13 4 vs. 5 -0.78 5
14 4 vs. 6 +0.91 4
15 5vs. 6 «0.93 5
Voting logic
Target Class No. Votes

1 4

2 4

3 2

4 3

5 2

6

The following measure of confidence wi. used
in the case of ties:

K(K-1)/2
. N Y

m=1

l—lkAi ,

where:
K = Mmber of classes
‘A = Actual output for Class k

V = "Selection operation'; Vm = 0 if Class k is pot
involved in the mth test or if k is involved tt
out loses; Vy = 1 if Class k is involved in the m'
test and wins.
Mk is equal to zero if the actual outputs, kA
always equal unity. Larger values of Mk usually denote

weaker decisions. Therefore, a tie-breaking strategy
1s to evaluate Mk for those classes k in contention and

to choose that class for which the “k value is smllest.
Continuing, for the example given in Table 4, the

associated Ml and “2 values for the tied Classes 1 and
2 are

W = f11.01] + |10.01] + {1-0.85] + [1-1.15] = 0.40
M, = l1-0.69] + |1-0.711] |1-0.87] |1-0.85] = 0.88

Therefore, Class 1 is the classified target due to
its obtaining the larger degree of confidence.

As an alternative to tie-breaking, it may be
desir..i2 to report all classes receiving at least V
votes. For example, a classifier can be regarded as
having produced a correct response whenever it generates
at least V votes.

These and other voting loqic procedures have been
reported in detail previously.

Perfonmance Evaluation

Two sets of confusion matrices have been generated
for the nonlinear "one-versus-one'' classifier., The
first set, shown in Table 5, was obtained by applica-
cion of the tie-breaking decision logic, and the second
set, shown in Table 6, was obtained by the vote-report-
ing technique with V = 4, as described above. 1t was
also found that this classifier is reascnably independ-
ent of range belween target and sensor. Although only
a few sigpatures were avalilable at large ranges, no
misclassifications were made for tracked vehicles be-
yond 600 meters. The accuracies shown in Tables 5 and
6 represent a sipnificant increase over previcus
efforts.?»“+%:®

In evaluating the performance of a classifier,
three criteria should be taken into consideration.
These criteria reflect the ability of a classifier to
perform both accurately and consistently. Thus the
performance of the classifier was defined to be a
function of three quantities:

1. A - Overall accuracy

2. C - Consistency of overall accuracy

3. S - Site independence

The overall accuracy, A, was defined as the nunber
of correct decisions divided by the total number of
decisions for the given classifier. The value of A can
range fram 0, for total error, to 1, for perfect classi-
fication.

Since it is desirable for a claseiller to perform
equally well for all six target classes, a measure of
accuracy consistency, C, was constructed as follows.
The average accuracy and its standard deviation, o,
were camputed over all six classes, considering all
three sites. If the average accuracy was the same for
all six classes, o was zero. Conversely, a large value
of o denoted inconsistent classifications. Therefore,
the consistency measure was camputed as: C =1 - o,
The value of C can range from 0.45, for inconsistent
classifications, to 1, for perfectly consistent classi-
fications.
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Table 5: Confusion Matrices (Evaluation Data Set
Using Tic-Breaking Lol
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Table 6: Confusion Matrices (Evaluation Data Sot)
Using Vote Reporting Procedures
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The site independence measure, S5, was obtained as
follows. The six class accuracies were camputed for
each of the three sites. The value of S was set equel
to the ratio of the lowest site accuracy to the best
site accuracy. Thus, if a classifier performed well at
one or more sites, but poorly at one of the other
sites, S was smll. Conversely, S approached 1 as a
given classifier produced consistent, i.e., the same,
accuracy at all sites,

The overall performance measure was canputed as
the product of the three criteria of success:

P=AxCxS

Good performance exists when A, C, and S each approach
1, as does P. Thercfore, any group of classifiers can
be rated on the above performance scale, which ranges

from O for poor perfonmance to 1 for perfect perfor-

ance.

Notice that a classifier that had an overall
accuracy of 90 percent (A = 0.9), with a standard devi-
ation of 10 percent (C =1 - 0.1 = 0.9), and a worst-
site-to-best-site accuracy ratio of 90/100 (S = 0.9/1.0
= 0.9) — all very good values -- would achieve a per-
formance value of

P=0.9x0.9x0.9=0.729.

Thus, in practice, a P value greater than about 0.7
can be viewed as signifying excellent perfonmnce,

The perf A the APN \ ingt bt

decistion log ‘ bhtained from Tiable f v €
A ( £ P=AC

Tie-Breaking lox 1 Y, 870 704
Vote Reporting Loy 74 M6 O 751
Therefore, both ting legrics produce gookd perfonia
measures (P O0.7), witn tb te e iz 4
giving slightly better result

Summary of Conclu
Y

It has been dononstrated that a seiamic/acou
six-way target classifier n be realized that in
simulations, exhibits improved overal Ciracy
imprw wed cite indenondence and impr vl lass invari-
ance, and improved range invariance e specific con

clusions reachod are

1. An average single epoch classification
accuracy of 85 percent can be real 1zed with
a practicable design.

2. The above accuracy is achieved with high con-
sistency at different sites and for the
different target classes, and the classifier
is relatively insensitive to target range
(out to the periphery of the target detection
zone) and the speed, altitude (where appli-
cable), and heading of the target,

3. By utilizing a pairwise voting logic struc
ture, the classifier cuitry is potentially
less prone to manufacturing tolerance errors
and to parameter drift

4. Using vote reporting in lieu of class report
ing, the voting structure is also suitable
for multi-target classifications. Further-
more, the likelihood of intentional or unin
tentional jaming of the sensor is reduced
and the user has greater opportunity to
exercise judgment concerning the tactical
situation.

5. Further work is needed to develop the most
cost-effective classifier design. As a
foundation for this work, additional field
and/or synthetic data should be obtained s
as to represent more fully the wide variety
of targets and terrain conditions that ld
be encountered by an operational system

Acknowledinents

This work was supported by the U. S. Army Mobility
f"qulum-m Research and Developnent Center (MERDC) under
Contract No. DAAROZ- 744 The authors thank Dr.
R. K. Young of MERIC for his help and guidance through-
out the project

-
References

1. Barron, R. 1 "learning Networks Improve Canputer-
Aided Prediction and Control,” August 1975,
Camputer Design.

2. Hunt, S. P., M. D, Layman, and D. L. Wilson,
Seiamic Acoustic Target Classifier, GIE Sylvania,
Inc. FIR to USA MERDC, Contract DAAKO2-72-C-0546,
June 1974,

3. Mucciardi, A, N., "Elements of learning Control
Systems With Applications to Industrial Pro-
cesses,” Proc. 1972 TEEE Conference on Decision

and Control, New Orleans, La., Decanber 13-15,
1672, pp. 320-325.

260




-

Roth, R. R., Desiin and Development of the Seismic
Tarypet ( ificr, HoneyweTT, Tnc. FIR to USA
MERIC, wt l)AN\()z! T72-C-0917, July 1973,

Roth, R. R., Seismic Acoustic Target C]
Honeywell, Inc. FIR to USA ME ROC, Cont

DAAKO2-72-C-0A7 .

Scott, R. W. and M. D. Laymon, Seignic Target
Cld\sxhor GTE Sylvania, Inc. FIR to USA MERDC,
Contract DAAKO2-72-C-0516, Decamber 1973.

Shankar, R., A. N. Mucciardi and E. E. Gose,
"Classification into K-Categories Via Dis-
crimination Between Pairs of Categories,”
1975 Proc. Milwaukee Symposium on Automatic

gmpumu‘ n and Control, Milwaukee, Wisconsin,
April 17-19, 1975.

Whalen, M. F. and A. N. Mucciardi, Synthesis of
Nonlinear Adaptive Learning \(‘t\m}‘k Seisnic
Target Class or, Adaptronics, Inc. Interim
Report to SA MERDC, Contract DAAKOZ-74-C-0322,
March 1975.

Whalen, M.F., J. D. Sanders and A. N. Mucciardi,
Perfunmnco Evaluation of Nine Candidate REMBASS
Smg_)_o—larg« X (l:lssximrs Adaptronics, Inc.

Final Technical Report to USA MERDC, Contract
DAAK02-74-C-0322, February 1976.

BEST AVAILABLE (OPY

261/262




| APPENDIX H

CMOS/SOS SERIAL-PARALLEL MULTIPLIER

} i D. Hampel, K. E. McGuire,
an K. J. Prost

-
1
1
Copyright ©1975 by The Institute of Electrical and Electronics Engineers, Inc.
' Printed in U.S.A. Annals No. 5108C009
:
2 { 263
) »
| §
4

il -
e e I i A e e g e o e




IEEE JOURNAL OF SOLID STATE CIRCUITS, VOL. SC-10, NO. 5, OCTOBER 1975

307

CMOS/SOS Serial-Parallel Multiplier

DANIEL HAMPEL, SENIOR MEMBER, IEEE, KENYON E. McGUIRE, MEMBER, 1EEE, AND KALMAN J. PROST

Abstract—A 24-bit serial-p | iplier was integrated in CMOS/
silicon-on-sapphire (SOS) technology on a 155 mil X 170 mil chip. The
operation of this multiplier is described, showing how the paraliel
loaded multiplier x combines with the serial loaded multiplicand, 4, to
form the serial product. An addend, b, can also be accommodated to
produce ax + b. The design of the multiplier cells are based on func-
tional majority logic adders and weak or trickle inverter master-siave
istches. The chip operates at clock rates up to 18 MHz. Power dis-
sipation st 10 MHz and V1) of 5 V is sbout 20 mW, and the emergy
consumption for multiplying two 16-bit numbers is sbout 64 nJ. Typi-
cal application areas are tioned

Manuscript received April 14, 1975; revised June 6, 1975. This work
was supported by the Air Force Avionics Lab y under C
F33615-73-1089, “LSI Electronically Programmable Arrays” under the
guidance of C. Gwinn.

The authors are with the RCA Government Communications and
A d Systems Division, Somerville, N.J.

INTRODUCTION

DVANCES in digital signal processing are being made
possible by improved large-scale integrated (LSI) multi-
pliers. Such multipliers have been built in a variety of

bipolar and MOS technologies for use in different types of
processors. Basically, two types of multiplier architectures
are of interest for high performance; all parallel (1], (2] and
serial-parallel [3]-[5]. The all-parallel multiplier has, as a
minitnum, a total of N2 adders, as well as N? partial product
gates for an N X N capacity. The serial-parallel multiplier has
N adders and two N latches (for storing and shifting) to succes-
sively accumulate the outputs of N partial product gates. The
multiplicand must be available in serial while the multiplier is
fed in parallel; the product output is also serial. The serial-
parallel multiplier is thus much simpler to implement (as will

Copyright ©1975 by The Institute of Electrical and Electronics Engimeers, Inc.
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Fig. 1. LSI serial-parallel multiplier functional diagram.

be seen) and requires fewer connections. However, the speed
for a multiplication of two N-bit numbers is 2N X I/f, where
f is the control clock frequency governing the multiplicand
input rate and output product. The speed of the parallel array
multiplier, on the other hand, is generally dependent on the
asynchronous ripple through time of the adder net, and for a
given technology is substantially faster than the serial-parallel
multiplier. For many types of digital signal processors, where
many multiply operations can be done simultaneously, the
lower speed single multiply of the serial-parallel approach can be
compensated for. This is done by using word-parallel, bit-serial
processing, employing several multipliers. Example of proces-
sors which can optimally use much multipliers include fast
Fourier transform (FFT) arithmetic units [4], digital filters
[S], and programmable arrays used for complex, nonlinear
transformations [6] for classification, modeling, and control.

The serial nature of the multiplier to be described using a
predominance of on-chip processing and the desire to pack a
24-bit array on a single chip all lead to selecting CMOS/silicon-
on-sapphire (SOS) as an ideal technology choice for implement-
ing the multiplier. This paper will describe the logic and cir-
cuit design of the multiplier, give performance results of
samples of fabricated units, and suggest applications.

MULTIPLIER DESCRIPTION

Fig. 1 is the functional block diagram of the multiplier that
was integrated. The module handles the multiplicand in two's
complement form, serially fed, and the multiplier in sign-
magnitude form, with a sign bit and up to 23 significant bits
stored in parallel. Modules may be cascaded to form higher
order terms or to handle larger multipliers.

The module contains the following.

1) A 24-bit (23 bits plus sign) holding register for the mul-

tiplier input. This register is organized as three 8-bit serial-in,
parallel-out registers as a compromise between the number of
multiplier input connections and time required to load the
register. A separate clock controls loading of the multiplier
register.

2) 23 partial product gates (AND gates) and 23 adder-latch
(Z - L) stages which actually perform the multiplication by
either adding the contents of the multiplier registar and shift-
ing the contents to the right or by shifting right only, depend-
ing on the multiplicand input. By providing access to the in-
put of the first adder, an addend can be fed in, synchronously
with the multiplicand, effectively giving the multiplier the
capability to perform an ax + b calculation.

The outputs of stages 1, 7, 15, and 23 are made available so
that the cell may be used with 8-, 16-, or 24-bit multipliers
(the additional bit being the sign), as well as a 1-bit adder.

The serially fed multiplicand and addend can be of any
desired length.

3) Control logic providing the following functions. The
“two’s complement” flip-flop and an associated EXCLUSIVE-
OR gate (not shown) will two’s complement the multiplicand
if the multiplier sign bit is a 1. This operation results in a
product which is in two’s complement form, as shown in
Table 1.

The “sign hold” flip-flop serves two functions: it separates
the propagation delay of the two's complementer circuit from
that of the adder-latch input stages, and it provides the sign
hold function. Propagation of the multiplicand through the
two’s complement flip-flop and its associated logic increases
the multiplicand input delay to the adder/latches. This in-
creased delay would limit the overall speed of the multiplier
by reducing the multiplicand throughput rate. By splitting up
the multiplicand input delays, higher multiplicand throughput
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TABLE 1

Two's COMPLEMENTER OPERATION

TWO'S COomP CORRECTED

MULTIPLIER

MULTIPLICAND ~ MULTIPLICAND  MULTIPLICAND PRODUCT

SIGN MAGNITUDE  SIGN MAGNITUDE

- X + Y NO
+ X - 2N-y NO
¥ X + Y YES

X - Ny YES

SIGN MAGNITUDE SIGN' MAGNITUOE?

- Y + XY

3 2N -y - x2N-xy

- 2N-y - x2N-xy

+ 2N-eN-v) o+ XY
=y

| THE PRODUCT SIGN IS EQUAL TO THE CORRECTED MULTIPLICAND SIGN

2 x2N-xv 1S A vALID TWO'S COMPLEMENT FORM IF THE PRODUCT IS TRUNCATED TO
ELIMINATE OVERFLOW BITS BEYOND THE SIGN BIT POSITION

is achieved at the expense of a 1-bit initial delay in the multi-
plicand input.

OPERATION

First, the multiplier must be stored in its input register. If
an addend, b, is to be added to the product (ax), its least
significant bits (LSB) must be loaded before the multiplicand
15 entered.

Since bits of equal significance must be added together, the
first 22 bits of the addend must be shifted into the cell before
multiplication starts. This preshifting will cause the addend
LSB (now at the output of cell 22) to be added to the product
LSB in the 23rd adder-latch stage. When multiplication starts,
the addend input will correspond to the 222 bit in the addend.
Then the multiplication begins.

When the multiplicand sign bit has been entered into the
cell, the 24 LSB’s of the product have been clocked out of
output Op5. Since the product of two 23-bit plus sign num-
bers contains 46 bits plus sign, the remaining 22 significant
bits and the new sign bit information are still within the 23
cell stages. This information cannot be merely shifted out, as
carries from previous additions must be allowed to modify
this information.

This problem can be solved by making the multiplicand 47-
bits long. Leading nonsignificant bits can be inserted between
the multiplicand sign bit and the most significant bit (MSB).
Since the multiplicand is in two’s complement form, leading
nonsignificant bits are always identical to the sign bit. By
“stretching” the sign bit 23 additional places, the effect of
lengthening the multiplicand to 47 bits is achieved. In this
way all of the product bits are shifted out of 0;;3. As indicated
in Table I, overflow bits beyond the sign must be eliminated to
preserve the two’s complement form of the output. Sign-bit
stretching is accomplished by disabling the clock input to the
sign hold flip-flop when the sign bit is in that flip-flop.

The output of this flip-flop becomes an ‘“‘enable” signal
which will allow the multiplier bits to be added to the adder-
latch contents when this signal is a 1. The shift-and-add/shift
only algorithm mentioned earlier is thus implemented.

The module can perform other functions in addition to the

basic ax + b operation. By placing zeros in the multiplier
register, the cell functions as a 23-stage shift register with the
addend lead as the register input. Any shift register length
less than 23 stages is also realizable by placing a single 1
in the multiplier, in the appropriate position. By placing
010000000000000000000000 in the multiplier register, only
Stage 1 will function as an adder, while the other stages
merely shift, causing the module to function as a serial adder
and register. Placing a 1 on the “negate product” lead results
in a serial subtractor and register.

CIRCUIT DESIGN

The main area consumption factors of the cell are the adders
and latches used for the 23 stages of the multiplier.

Fig. 2(a) is the block diagram for the repetitive portion of
the multiplier representing the bulk of the chip. All latches
are based on the trickle inverter master-slave sections shown
in Fig. 2(b). This includes the multiplier register, and sum
and carry latches. Only the sum latch has a parailel reset
capability. The partial product AND gate is realized with a
transmission gate, shown feeding the Y input to the full adder.
The design of the adder and latches will be described.

The trickle inverter register cell combines the simplicity of
the dynamic register cell with the advantages of full static
operation. A special inverter is designed with a greatly re-
duced output drive capability so as not to interact with the
input signal. Even with a transconductance 24 times less than
the normal inverter, this trickle inverter still provides more
than 10 times the current required to cancel the highest leak-
age currents observed in SOS-CMOS circuits, e g.,

maximum output current of trickle inverter = 86 uA at 10 V
maximum observed leakage = 8 uA/gate.

The trickle inverter will hold the logic state indefinitely as
did the conventional static register cell. When new data are
read into the cell, the trickle inverter is overdriven by a source
conductance at least S times greater than the trickle inverter
output so as to avoid significant increases in stage delay. Ad-
vantages of the trickle inverter cell over a conventional static
register cell include reduced chip size, reduced loading ot

266

e v e v g T S SRR

e . Aadt

P e S T



)

310

FULL
ADDER

MULTIPLICAND

MULTI-
PLIER
LATCH

Jil

mc  mc

(a)

IEEE JOURNAL OF SOLID-STATE CIRCUITS, OCTOBRER 1975

LATCH CIRCUIT

T DENOTES TRICKLE
INVERTER

Fig. 2. (a) Repetitive portion of multiplier. (b) Latch circuit.

clock lines, and less sensitivity of this circuit to effects of
clock skewing.

The logic and circuit schematic for the full adder shown in
Fig. 3 uses two functional gates to provide C, and Sum, each
realizing the reduced majority function of their inputs. The
first gate produces C—'(:' (low) as two or more out of the three
inputs are low. This signal (C,y,) feeds the second gate with
a double-weighted value along with the three input signals.
The sum (high) output then reflects whether three out of the
five (or more) weighted inputs are high. The major advantage
of this adder is its minimized transistor requirements. Total
transistors used, including inverters used for driving as wel
polarity reversal, is 28. The inverters have twice the channel
width as the gate devices. Simulations of this circuit have
indicated an approximate delay of 10 ns for carry-out and 20
ns for sum-out.

PERFORMANCE

The integtated circuit is shown in Fig. 4. The initial samples
were fabricated by a deep depletion process, yielding devices
with a Vi of 2 V for P devices and a Vi o1 1 V for N devices.
A special test and control unit was constructed, employing
Schottky TTL parts, to load and exercise the multiplier. Also,
the chip multiplier logic was duplicated in Schottky TTL for
use as a reference for test and evaluation of the fabricated
chips. The TTL version required 35 IC’s, dissipating 7.5 W.
A complete set of test waveforms demonstrating the operation
of the chip is shown in Fig. 5, in performing an ax + b calcula-
tion. In the example shown, a is the 24-bit multiplier, pre-
loaded as three 8-bit words; X is the 24-bit multiplicand and b
is the 48-bit addend. The wafer probe test photos were made
at a Vpp, supply of 5V and a clock rate of about 1 MHz. The

values in the example, in octal code, are
a =03413405
x =07403416
b = 060004241400105
output ax + b = 11234704046261 3.

The results of tests run on packaged units to determine
power dissipation at various supply voltages are given in Fig. 6
These curves include dc power due to leukage as well as dy-
namic power dissipation. The data represent the average of
six samples.

The multiplier efficiency or, the amount of energy it ex-
pends in performing a given calculation, was determined. Since
it takes 2n clock pulses to obtain the complete product of two
n-bit numbers, the energy, £, per calculation is

bl 2n
E=PpX G
where Pp is the chip’s power dissipation at F and ¥ is the
clock frequency.
At a Vpp of 5V, and a clock rate of 10 MHz, the ener.
consumption for multiplying two 16-bit numbers is

ns
223 . 64 nl,
ki

E=20X 10 WX
This energy is fairly constant for a given operating voltage, at
different clock frequencies, since the power dissipation is pro
portional to the clock frequency. By comparison, one other
LSI chip containing a 16 X 16 or greater multiply capacity [4]
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Fig. 4. Photomicrograph of CMOS/SOS multiplier (155 mils x 170
mils).
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is a high-speed triple-diffused bipolar device producing an out-
put in 330 ns while dissipating 3.5 W, for an energy of 100 nJ.

APPLICATIONS

The multiplier described is most advantageously used in
those applications where many simultaneous multiply opera-
tions are required, or can be implemented. In such situations,
word-parallel, bit-serial architectures are used. Since there are
up to 24 bits of multiplier capacity per chip, system efficiency
is increased when many multiplier chips are effectively
enployed. Such architectures amortize the control logic neces-
sary to exercise the multiplier, i.e., providing appropriate clock
signals for the chip(s), etc. For example, in their use for FFT
units, higher throughputs would be possible using radix4
organizations, employing more multiplier parallelism. In their
use for multinomial realizations, such as in the evaluation of
the following expression,

yEwo twi Xy twa Xy +wiX X, +weXi +ws X3,
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a serial~parallel multiplier bank is employed as shown in Fig. 7.
All first-order multiplications are done simultaneously, while
second-order multiplications are combined with the accumula-
tion feature of the cell (ax + b) so as to form the output func-
tion most efficiently.

This multiplier can also be used with a microprocessor to
provide the micro with a hardware multiply feature. In partic-
ular, the senal-parallel multiplier, operating from a separate
10-MHz clock with control logic supervised by the micro-
processor, can be shown to give the COSMAC' a 35 us multi-
ply time for multiplying two 16-bit numbers. Much of this
tume is in fact due to the data transfer to and from the proces-
sor and multipher. This represents about a 100 to | improve-
ment in speed compared to software multiply.

SUMMARY AND CONCLUSIONS

A well known multiplier architecture has been implemented
in CMOS/SOS for improved performance. Basically an ax + b
module, this multiplier was integrated on a 155 mil X 170 mil
chip with 24.bit capacity. The relatively small chip size and
low pin count required (16 pins) for this type of multiplier
will lead to more economical signal processing implementa-
tions or to the incorporation of more associated logic on the
same chip where higher performance is necessary. Although
the maximum clock rate of the initial design is about 18 MHz,
it is felt that modifications can be made to increase this to 30
MHz. These modifications would include a faster adder, where
the sum output gate does not have to wait for carry output
generation (at a slight increase in component count), and
improved layout to minimize RC time constants associated
with interconnect tunnels.
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ARITHMETIC UNIT OF PROGRAMMABLE ARRAY
USING CMOS/SOS 24-BIT (ax+b) MODULE
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Fig. 7. Word parallel processor using custom multiplier for polynomial evaluation
layout of the multiplier. The chip was fabricated by the sion Laboratories, New York, N.Y., 1962, He has been in charge of

Solid-State Technology Center, under H. Borkan's direction.
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DATA FORMAT

A single datum consists of one or more words of
information depending on whether the mode is integer,
logical, real, double-precisior, or complex. Negative
mantissas and/or exponents are carried in two's
complement form. The high order word of all data is
carried in the [A) register during computation where it is
expected by the code generated for the lcaical and
relational |F statement. The exact formats for the
different modes are as follows:

INTEGER

An integer datum consists of a right-justified 15-bit (plus
sign) integer value carried in a single word.

[IILILLLIJ;IJLAAJ

LOGICAL

A logical datum consists of a one-bit logical value; 1
means .TRUE. and 0 means .FALSE.. This bit is carried
in the sign portion of the register.

A J
B R i dca o Rl Rl dionsaliostiisiifuniel

“ s

These 15 bits may be anything

REAL

A real datum consists of normalized 23-bit (plus sign)
mantissa along with a 7-bit (plus sign) integer exponent
carried in two consecutive words A zero has a zero
mantissa but the exponent equals '200.

1st word

g mantissa sign

L 44;1411]!1111“

)

.

High order mantissa

2nd word
L 1 ) — Y 1 — | Js l L R S—— e 4_—1
low order mantissa exponent

exponen: sign
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INTERNAL REPRESENTATION OF DATA

DOUBLE-PRECISION

A double-precision datum consists of a normalized
53-bit (plus sign) mantissa along with a 7-bit (plus sign)
integer exponent carried in four consecutive words. A
zero has exponent = 200.

1st word

‘———————mamissa sign

[]JIIIALAAAAJAL

(.

high order 15 bits of mantissa
2nd word
[6] 4 1 L e i A A A A 1 1 = I_J
second 15 bits of mantissa
3rd word
e
< i >
third 15 bits of mantissa
4th word
TR [ R
. v = | N v —t
low order 8 bits of exponent
mantissa

exponent sign



COMPLEX

A complex datum consists of two real data carried in
four consecutive words. The first real datum contains
the real part of the complex datum while the second real
datum carries the imaginary part.

1st word®

{—*mantissasign
R TR RSO

High ordervmantissa
2nd word"*
fow ord;r mantissa I expo;\enx
lb——-exponent sign.
*real part
3rd word®

[lllljllllljnljl
[ )

High order mantissa

mantissa sign

4th word*®
[ A e A A 1 A l s] 1 ' 1 - . 1 ") 1
| S— ~ > | v J
low order mantissa exponent
xponent sian

———
“imaginary part

SCALED FRACTION

A scaled fraction datum consists of an unnormalized
fractional value carried in a single word. The decimal
point is considered to be placed between the sign bit and
bit 1.

[s

¢ S SR s e e e e e T 11

Decimal point considered to be here.
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COMPLEX

A complex datum consis.s of two real data carried in
four consecutive words. The first real datum contains
the real part of the compiex datum while the second real
datum carries the imagirary part.

1st word®
r———————mamissa sign
\J
B e Rt |
High order mantissa
2nd word"”
rlg A . A A1 I SI A 1 A 4 A A ]

Y Y

low order mantissa exponent

exponent sign

Esatanana e
*real part
3rd word®
[ng A .. s . — y T T A A A A ]
G, ~ = |
High order mantissa
mantissa sign
4th word®
[ — A ok L 1 rsl - . 1 1 AL 1 J_‘v]
= =7 b =
~- v
low order mantissa exponent
xponent sign
T—— ————— —
*imaginary part
276
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SCALED FRACTION

A scaled fraction datum consists of an unnormalized
fractional value carried in a single word. The decimal
point is considered to be placed between the sign bit and
bit 1.

[s Lol 1 A L 1 B e L i St Lt 1 I

Decimal point considered to be here.

- i, e bt R SN




FUNCTIONAL LISTING OF 640 INSTRUCTIONS

"t e

|/ - 4
b’ K, 8 g L
2 WUy l

TIME IN CONDITION
MNEMONIC CODE OCTAL CODE INSTRUCTION DESCRIPTION MICRCSECONDS CODE~s
TRANSFERS
LA 14£000 Load Accumulator 3130 '}
STA 16E0DD Store Accumulator 330 U
LX 05(E+2)0D0+ | Load Index Register 1% U
STX 0SEDDD* Store Index Register 3.30 ')
ARITHMETIC
A 15€000 Add 3.3 1
S 17000 Subtract 330 1
M 03E0DD Multiply 18.15 2
0 01£000 Divide 18.975 2
SSR 021400 Square Root 16.5 3
AOA 020040 Add One to Accumulator 1.65 1
AOM 0760DD Add One to Memory and Skip 4.95 U
TCA 020100 Two's Complement Accumulator 1.65 1
CLR 026740 Clear Accumulator 1.65 U
CAQ 020000 Clear and Add One to Accumulator 1.65 1
LOGICAL
OR 10£000 Or (Logical Sum) 3% 3
XOR 11000 Exclusive Or (Logical Subtract) 330 3
AND 13000 And (Logical Product) 3130 .
C 126000 Compare 330 ¢
QOCA 020200 Qne’'s Complement Accumulator 1.65 U
SHIFTS
ARS 0260(40+ SH) Anthmetic Right Single See Note (1) Below u
ALS 0260SN Anthmetic Left Single ]
ARD 0261(40+ SH) Anthmetic Right Double v
ALD 0261SN Anthmetic Left Double 5
LRS 0262(40 + SH) Logical Right Single v
LS 0262SN Logizal Left Single u
LRD 0263(40+ SH) Logreal Right Dauble v
o 0263SN Logical Let* Double U
-~
CONTROL
sSmp 024440 Set Multiple Precision Bit, Reset Carry Borrow Bit 1.65 u
RMP 024400 Reset Muitiple Precision Bit 1.65% v
Ssp 026400 Set sign of Accumulator Positive 1.65 |}
SSN 026440 Set sign of Accumulator Negative 1.65 u
NOP 027400 No Operation 1.65 [T}
P 0250e* Pause 1.65 v
T 02700 Trap 1.65 u
INTERRUPT
SMI 024540 Set Master Interrupt Bit 1.65 v
RMI 024500 Reset Master Interrupt Bit 1.65 v
PROGRAM PROTECT
SP8 020440 Set Protect Bit 1% v
RPB 020400 Reset Protect Bit 3% ']
EXCHANGES
X 026500 Exchange Accumulator and Index Register 1.65 1}
Es 026540 Exchange Accumulator and Q Register 1.65 v
1 026600 Exchange Accumulfator and Program Counter 1.65 ]
|43 026700 Exchange Accumulator and Program Status Word 1.65 CC=Al4 & 15
JUMPS & SKIPS
J 04E00D Jump Unconditional 1.65 v
t 06£000 Link 3.3 u
Ssw 0234+ SW Skip on Sense Switch 2475 v
SW A =200, =10,
8 =100, Fu by
C= 40, Ge 2,
D- m‘ -
SKU 027417 Skip Unconditional 2405 u
*E=0,1, 4 0r 5o0nly, #s|) = Condition Code unchanged; 1, 2, 3, 4, 5= vaiid class of Skip on Condition Code nstructions. **s0 to 377,

EDDD = Four Octal digits representing SHective Address oplion and Displacement Address

SH = Shift Count
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Note (1)
(Fxres)t!
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65 = number of mic oseconds
75 @ number of mic-oseconds
Where N« number of positions shifted.
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FUNCTIONAL LISTING OF 640 INSTRUCTIONS (Continued)

e TIME IN CONDITION
MNEMONIC CODE OCTAL CODE INSTRUCTION DESCRIPTION MICROSECONDS CODE»»
SKIP ON REGISTER CONDITION
IcX 022X XX+ Increment Index and Skip 2415 u
0cx 022X XX - Cecrement Index and Skip 2475 u
024000 Skip i Accymulator Negative 1.65 u
024040 Skip it Accumulator Positive 1.65 u
024100 Skip it Accemulator Even 1.65 u
024140 Skip it Q Register Even 1.65 u
XXX+ positive number 1 to 377,
XXX~ negative number — 1 to — 400,
SKIP ON CONDITION CODE
Class 1. valid following A, S, ADA, TCA
194 027410 Skip if result was Zero 2475 1]
sP 027404 Skip 1f resylt was Plus 2475 1]
SM 027402 Skip if result was Minus 2475 U
SO 027401 Skip if result caused Overflow 2475 1]
SN2 027407 Skip i resylt was Not Zero 2475 v
SNP 027413 Skip if result was Not Pius 2475 1]
SNM 027415 Skip 1if result was Not Minus 2475 v
SkO 027416 Skip if result did Not cause Overflow 2475 1]
SPZ 27414 Skip if result was Plus or Zero 2475 1]
Mz 027412 Skip 1f resylt was Minus or Zero 2475 ]
520 027411 Skip 1f result was Zero or caused Overflow 24715 1]
SPM 027406 Skip 1t resylt was Plus or Minus 2475 u
SPO 027405 Swip tf resyit was Plus or caused Overflow 2475 1]
SMO 027403 Skip if result was Minus or caused Overflow 2415 1]
Class 2. vald following M, D and SQR
SO 027401 Skip if result caused Overflow 2475 ]
SNG 027416 Skip 1! resyit did Not Cause Overflow 2475 u
Class 3 Valid foliowing OR, XOR and AND
£Y4 027410 Skip if resyft was Zero 2475 v
SNZ 027407 Skip f result was not Zero Q475 u
Class 4 Valid following C
5§ 02410 Skip if Operands Equal 2475 1]
5G 02,402 Skip f Accumulator was Greater 2475 v
St 027404 Skip i Accumulator was Less 2475 u
SNE 027406 Skip it Accumulator was Not Equal 2475 [V}
SGE 027412 Skip i Accumwlator was Greater or Equal 2475 U
SLE 027414 Skip 1f Accumulator was Less or Equal 24715 u
Class 5 Valid following ALS and ALD
SO 027401 Skip if result caused Overflow 2475 1]
SNO 027402 Swkip if result did Not cause Overflow 24715 u
SAO 027404 Skip «f result 1s About to Overfiow 2475 U
NAO 027410 Skip if result 1s Not Abcut to Overflow 2475 1]
INPUT CUTPUT
ot 0020DN Data Input 330 v
Do 00300N Data Output 33 U
Rl 070PDN Record Input 6.6+ 1.65 per word 1]
RO 001PDN Record Output 6.6+ 1.65 per word 1]
OF 00500N Device Fynction 3.30 U
St 0040DN Status Inout 33 v
il 006700 Timer Channel (not pending) 2.47 u
101 Test Device Interrupt (pending) 7.42
0066DN Channel Zero
00670N Channel One
00700N Channel Two or DMAC Devices
0071DN Channel Three including Teletype
007137DN Direct Memory Access Controller
TA) 9072DN Alarm Channel
BRI 000(4 + PYON Buftered Device Input 6.6+ 1.65 per word u
BRO 002(4 - P)ON Buftered Device Output 6.6+ 1.65 per word 1}
EDF 0054+ P)ON Ruttered Device Function 130 v
BSI 004(4+ P)ON Butiered Status Input 3% v

DN« Device Number in octal
P = Record packet number
T = Timer number
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1 C FPNET

C THIS PRCGRAM IS A FIXED PCOINT VERSICN CF PNET DESIGNED TS WCRK
C CN THE 640 USING THE SCALED FRACTICN FIXED PCINT WCRD FCORMAT.

C
c

12
16
13

73
74

60

79

80

PAGE

DIMENSICN X(50) ,W(15,8),1FM(40) ,ALPHA(50),N1(5C),K0(50) ,KW(50)
1, SCALE(C16),YSAVE(E) ,EABS(50)

CUBLE PRECISICN wD,YD

DIMENSICN WDC(15,7)

SCALED FRACTICN X,W,WT,Y,YTRUE,EABS

INTEGER ALPHA

LCGICAL SENSW

COMMON /SKIFT/ISFT

READ(6,12) NPAR,NREC,N,IWAIT,ISFT
FCRMAT(51 5)

READ(6,16) (SCALE(I),I=1,16)
FCRMAT(8F10,4)

READ(6,13) (IFM(I),I=1,40)
FCRMAT(40A2)

CALL WEIGHT(NELEM,ALPHA,N1,N2,NW,W)

IF(SENSW(2))WRITECL,74)

IFC.NCTL.SENSW(2))WRITECL,73)

FCRMAT(IH 16X,36HSINGLE PRECISICN ELEMENT CCMPUTATICN//Z/)
FCRMAT(IH 16X,36HDCUBLE PRECISICN ELEMENT CCMPUTATICON//Z/)
Do 80 LSGP=1 NREC

READ(6,IFM) (X(I),I=1,NPAR),YTRUE

YSAVE(1)=YTRUE

1=l

DL 79 1S:=1,4

ISFT=]1S-1

DL 60 IN:=1,6

I1z1+1

NBITS=z18=(2%1IN)

CALL ASSGN(NBITS)

CALL YMET(X,NPAR,NELEM,ALPHA NI, N2 ,NW,W,Y,NBITS)

CALL DNET(X,NPAR,NELEM,ALPHA /NI ,N2,MW WD ,YD,NBITS, ISFT, %)
CALL STATS(IS,LoCP,IN, NELEM,NREC,W,WD)

CONTINUE

CONTINUE

CONTINUE

STCP

END

| c STATS

SUBRCUTINE STATS(ISFT,LSSP,NBITS,NELEM,NREC, W, WD)

DIMENSICN AAE(6,4,4) ,MXAE(6,4,4) JAAVT(6,4,4) ,ABV(G,4,4) ,MXAVT(6,4.
14) ,MNAVT(6,4,4) ,MXAV(6,4,4) ,MNAV(6,4,4),1STC4),IFIKCA),

2 W(15,8),WDC15,7),UT(15,2) ,ERRSR(15) ,SUMC 4)
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DCUBLE PRECISICN WD
REAL AAE.MXAE,AAVT.MXAVY,MNAVT.MXAV,NNAV
LCGICAL SENSW
COMMON /7SAV/ CUT
DATA ISTC1),IFINCI),IST(2),IFINC2),IST(3),IFINC3),IST(4),IFINCA)
1/1,8,5,12,13,14,15,15/
PREC=FLIAT(NREC)
SUM( 1) =CRECxf,
SUM(2) =DRECx4,
SUM(3)=LCREC*2,
SUM(4)=DREC
c
g‘]NlTIAL!ZE ALL ARRAYS

IFCISFT.NE.1)GS TS 15
IF(LCPLNE,1)GS TS 15
IF(NBITS.NE.1)GC TS 15
70 I:=1,6
PC 69 ':z1,4
0 68 K=1,4
AAECI,L,K) =0,
AAV(I,L,K) =0,
MXAECT,L,K) =0,
AAVTC(I,L,K)=0.
MXAV(I,L,K)=0.
MXAVT(I,L,K)=0,
68 CONTINUE
69 CONTINUE
70 CINTINUE
15 CONTINUE
c
C CCNVERT SCALED FRACTICN AND DCUBLE PRECISICN ELEMENT SUTPUTSTS
C CCMMON MCDE AND CCMPUTE ABSCLUTE ERRSR.
c
DS 12 1:=1,NELEM
SUTCI, 1) =W, )
CUTCI, 1) =ABS(SUT(T, 1))
IF(NBITS.EQ.1)SUT(I,2)=uD(I,T)
IF(SENSW(T))SUT(I,2)=wDCI, )
SUT(1,2) =ABS(SUT(T,2))
E=SUTCT, 1)-SUTCI,2)
FRRCR (1) =ABS (E)
12 CONTINUE

N 25 L=1,4

IAZISTCL)

IB=IFINCD

DS 20 1:=]A,IB

AAEC("BITS,L,ISFT)zAAE(NBITS,L,ISFT)+ERRCR(I)

JIFCIRRSR(I) «GT.MXAE(NBITS,L,ISFT))MXAE(NBITS,L ,ISFT) =ERRCR(I])

PAGE 2 c STATS

AAVT(NBITS,L,ISFT)=AAVT(NBITS,L,ISFT)+lUT(I,2)
AAV(NBITS,L,ISFT)=AAV(NBITS,L,ISFT)+CUT(],!)

IFCOUT(1,2) GT.MXAVT(NBITS,L,ISFT))MXAVT(NBITS,L,ISFT)=CUT(],2)
IFCIUTCI 1) JGT MXAVINBITS,L,ISFT))MXAV(NBITS,L,ISFT) =SUT(I, 1)

20 CONTINUE
25 CONTINUE

IFC. HOTLSENSW(R))IGS TS 191
WRITECI,189) AARCVRITS, | (ISFT) (MXAECHRITS, | (ISFT)
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160

161

28
25
30

59

49
50
52

51

53

54

56

€0

PAGE
81
{ 60

PAGE

-
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: avf AL p L ' éle {
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Lﬂ ‘ t‘is--h* LA
Lo

.rlJ.J]

. T
Fuaane LU LN

CONTINUE

IF(LICPJNEJHREC) GS
IF(ISFT.NE.4) GO To
IFCXBITS.NE.S) GS T
DS 30 1:=1,6

DS 29 K=1,4

DG 28 L:=1,4
AAECT,L,K)=AAECT,L,K) /SUMCL)
IFC(AAECI,L,K) .EQR.0.)GS TS 160
AAECT,L,K)=20.*%ALCGIO(AAE(T,L,K))
CONTINUE

IFC™AECI,L,K).ER,0,)GC TS 161
MXAE(I,L, K) =20.%ALCGIO(™AE(I,L,K))
CCNT}NUE
AAVT(I,L,K)=AAVTC(I,L,K)/SUMCL>
AAVCI,L,K)=AAV(I,L,K) /SUNCL)
CONTINUE

CONTINUE

CONTINUE

TS
60
60

60

DC 81 ISF=1,4
NSFT=1SF-1
WRITEC1,55) NSFT
FCRMAT(///6HSHIFT
DS 80 IL=1,4
WRITECI ,49)
FCRMAT(//18HAVG ABS ERRCR )
WRITEC1,50)IL, CAAECHB,IL,ISF),5B=1,6)
FCRMAT(I 5,5X,6F10.5)

WRITE(1,52)

FCRMAT(//13KMAX ABS TRRSR /)
WRITEC1,50)IL, ( ¥XAE(NB, IL,ISF) ,NE=1,6)
WRITEC1,51)

FCRMAT(//18HTRUE AVG ABS 'VALUE/) .
WRITE(],50) IL, (AAVT(NB,IL,ISF),NB=1,6)
WRITE(1,53)

FORMATC//13HAVG ABS VALUE /)
WRITEC1,50) IL,(AAV(NB,IL,ISF),"B=1,6)
WRITEC!,54)

FCRMATC//18KTRUE ¥ax ABS VALUE /)
WRITEC1,50) IL, (MXAVT(NB,IL,ISF),NB=1,6)
WRITEC1,56)

FCRMAT(//13KMAX ABS VALUE /)
WRITEC1,50) IL,(¥XAV(NB,IL,ISF),NB=1,6)
CONTINUE

y15/7)

3 C STATS
CONTINUE

RETURN
END

DNET

SUBRCUTINE LNET(X,NPAR,NELEM,ALPHA
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Pai ool i =ACEH) GALEEACE) oo 11D gl CLD) g Wil ) g WOl 8) ,WIU(G) ,
I XD(50),WDC15,7)

SCALED FRACTICN X, XM,MASK,W,WM

REAL XR,WR,RSFT,RCUAD

CSUBLE PRECISICN XD,WD,XI1D,X2D,WTD,LPELEN,DSFT,YD

INTEGER ALPKA,LETTER

DATA LETTER /1HX/

MASK X'S AND W'S AND LEFINE OP X°'S AND W'S.

s NeXe)

IS 20 1=1,NPAR
XM=X (1)
IFCY.EN,18)GS TS 28
XM=mASK(XM)

28 XR=XM
XD(1)=XR

20 CONTINUE

D 26 N=1,6
IC 25 1JK=1,NELEM
WM=W (1 JK, N)
IF(M.EQ.I6)GS TS 19
WM=MASK (WM)
19 WR=WM
25 WD(IJK,N)=WR
26 CONTINUE
c
C CCMPUTE NETWCRK
c

IC 30 1JK=1,NELEM
I=N1 C(1JK)
J=N2 (1 JK)
IF (ALPHA (1JK) JNE.LETTER) GS TG 1S
X1D=XDC1)
X2 D=XD(J)
& B 16
15 X1D=WD(I,7)
X2 D=WD(J,T)
16 Nzhw(IJK)
DS 16 NT=1,N
18 WIDCNT) =WDC(IJK,NT)
WD(1JK,7)=DPELEM(X1D,X2D,N,WTD)
RSFT=FLSATCISFT)
IF(ISFT.EQ.0)GS TS 30
RSFT=2 .**RSFT
DSFT=RSFT
VD(I1JK,7)=WD(IJK, T)*DSFT
30 CINTINUE
YD=WD( NELEM, )

RCUND ALL YLEMENT CUTPUTS TS N BITS.

e NeoXe]

ROUND=2 4k (=M= 1)
0C 40 1JK=1,NELEM
YR =WDC1JK, T)

PAGE 2 c DNET

IFCM.EQ.16)GS To 36
WR =WR+RC UND

36 CINTINUE
IF(WR.GE..99990)WR=,95550
IFC(WR.LE,=.99950)WR=-,95550
YM=WR
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W(IJK,8)=wM
40 COINTINUE

RETURN
END

PAGE | C READ SCALED FRACTICN WEIGhTS

SUBRCUTINE WEIGHT(NELEM,ALPHA, N1 ,K2, "W, W)

C THIS SUBPRCGRAM READS IN A SCALED FRACTICN NET
C
DIMENSICN ALPHACI) ,WCI5,7),K1C1),N2C1) KW (1)
SCALED FRACTICN W l
INTEGER ALPHA
LCGICAL SENSW

11 FCRMAT(I S

Lo 30 1JK=1,NELEM

READ(6,12)ALPHACIJK) (N1 CIJK) JN2CIJX) Jh, (WCTJK, 1), 121, N |
12 FCRMAT(AL,12,1X,212,6510)

NW (1 JK) =N

IFC.NST.SENSW(S)) G TS 93

WRITECL ,13)1JK,ALPHA (1 JK) (NI CIJK) (N2CTJKD , KWCTJK)  CWCT K, 1), T 1 ¢
13 FCRMATCIH 15,3X,A1,314,2X,657/)
59 CONTINUE
30 CONTINUE

RETURN

END

READ(6,11) NELEM ‘

PAGE | c YNET

SUBRCUTINE YNET(X,NPAR,NELEM,ALPKA,N1,N2, NW, W, Y, M
c
C YNET PERFCRMS THE TRANSFCRMATICN Y:=X # W
c
PIMENSICN X (1) 4ALPHACI) ,N1CI) ,K2C1) ,NWCI) ,W(15,8) ,WICE)
INTEGER ALPHA,LETTER
SCALED FRACTICN X,W,WT,Xl,X2,YELEM,Y,YELEM!
LCGICAL SENSW
PATA LETTER/IHX/

DS 30 1JK=1,NELEM
101 C1JK)
J=N2 (1JK)
JF(ALPHACIJK) JNE.LETTER) G& To 15
X1=XCI)
X2:=X(J)
& K 16
15 X1=W(1, )
X2:=W(J, T
16 N=NW(IJK)
DC 18 NT=1,N
18 YTCND) =W(1JK,KT)
NCTJK, T =YELEMCXT X2, % WT)
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SHIFT THE FLEMENT CUTPUT ===INTERMEDIATE SHIFT-=v-- .C

ooO0

CALL SFT(W(IJK, 7))
30 CONTINUE

YW JK, T

RETURN

END

PAGE | C ASSIGN YASK

SUBRCUTINE ASSGN(N)

CoMMON 'SK

INTEGER Y(16)

DATA MC1) ,MC2) ,MC3) ,MCA) ,MCS5) ,MCE) ,MCT) ,M(B),M(I),MC10) , ML),

MCI2) ,MC13) ,M(14),MC15) ,M(16) /- 00000,
-*40000, - '20000,- " 10000,

-'04000,-'02000,- 01000,
-'00400,-"00200,-°00100,
-'00040,-'00020,-"00010,
~'00004,-"00002,- *00001/

MEX ¢ W)

RETURN

END

L R s

PAGE C MaSK A SF TC DESIRED BITS

FUNCTICN MASK(X)
SCALED FRACTICN X
SCALED FRACTICN MASK
INTEGER "SK

COMMIN 1SK

c
C USE LSGICAL AND FUNCTICN TC MASK N BITS OF WIRD X

c
La X
AND MSK
STa “ASK
C
RETURN
ND
PAGE | c YELEM
FUNCTICON YELEM(X1,X2 ,N,WT)
DIMENSION WT(6)
SCALED FRACTICN X1,%X2,4T,YELEM,TEMP, XIS, X2S,X12,T1,T2,T3,T4,15,T6
SCALED FRACTICN MASK
LOGICAL SENSW
EXTERNAL MASK
c
C
C
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c

X1=MASK(X1)

X2=MASK(X2)

DS 20 K=1,N

TEMP=WT(K)

20 WT(K) =MASK( TEMP)
IF(R.EQR.6)GE To 22
WT(%)=.,00000S
WT(6)=,00000S

22 CONTINUE

eXe oo Ne]

COMPUTE X SQUARES ,CRCSS PRCD,AND MASK.

X1S=X]1%xX]
X2 S=X2%X2
X12:=X1%X2
X1S=MASK(XIS)
X2S=MASK(X2S)

X12:=MASK(X12)

c

C MULTIPLY W'S AND X°S AND PASK

C
TH=WwT(1?
T2=WT(2)%X]
T3=WT(3)%Xx2
T4=WTC4)*X12
TO=WT(5)%X1S
TE=WT(6)%X2S
TI =MASK(T1)
T2=MASK(T2)
T3-MASK( T3)
T4a=-MASK(T4)
TS5=MASK(TS)
T6=MASK( T6)

YELEM=TI+T2+T3+T44T5+T6
RETURN
END

PAGE 1 c YELEMI

FUNCTISN YELEMI (X1,X2,5,WT,M)
DIMENSISN WT(6)
- SCALED FRACTICN XI,X2,YELEMI,WT,SUNA,SUMR,T24,T2Q,T3A,T3Q,
| TAA,T4Q,T5A,T5G,T6A,T6G,RCUND
SCALED FRACTICN MASK, TEMP
LCGICAL SENSW
EXTERNAL MASK
-
C \SK ALL W'S AND X'S.
c
X1=MASK(X1)
X2:¥ASK(X2)
BS 20 K=1,N
TEMP=WT(K)
20 WTC(K) =MASK( TEMP)
IFCN.EQ.EVGS To 22
WT(5) = ,0000S
WT(6) =, 00006
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c

SUMA=WT(]))
SuMQ=,0000S

e & i /

C MULTIPLY X°S AND W'S TC FCRM THE 6 TERMS. MULT2 SAVES THE 2T BIT
C PRCDUCT IN THE LAST 2 ARGS. SAME WITH MULT3.

c

OOO00

CALL
CALL
CALL
CALL
CALL

THE 6 LOUBLE PRECISICN (2T) TERMS AND STCRE DP RESULT IN SUMA,SUM

CALL
CALL
CALL
CALL
CALL

c
C RCUND TO

c

WPAGE

e EeleXe]

PAGE

S

T

MULT2 (WT(2) ,X1,T2A,T27)
MULTZ (WT(3),%2,T34, T3Q)
MULT3 (WT(4),X1,X2,T4A, TAR,M)
MULT3 (WTC5) , X1, X1,T5A,T5Q,M)
MULT3 (WT(6) X2, X2, T6A, TEQ,M)

CPADD(SUMA,SUNA, T2A, T2Q)
LPADC(SUM’ ,SUMA, T3A, T33)
PPADD(SUMA,SUMY, T4A, T4Q)
LPADD(SUM®,SUMR, T5A,T5Q)
DPADD( SUNA,SUMG, T6A, T6Q)

TBIT PCSITICNS AND PMASK.

CALL RNLC(SUMA,SUMQ,M)
YELEMI =SUMA

RETURN

END

| e € DPELEM

FUNCTICN CPELEM(DX1,DX2,N,DWT)
DIMENSICN DWT(6)
PCUBLE PRECISICN Dx!,DX2,CWT,DX1S,DX2S,DX12,DPELEM

DXx1S=DX1%DX1
PX2 S=DX2%DX2
DX12:=CX1* DX2

PERFCORM ELEMENT COMPUTATICN IN DOUBLE PRECISICN.

DPELEM=CWTC(1)+DWT(2)*DX1+4DWT(3)%xDX24LWT (4)*DX12
+DWT(5)*DX1S+DWT(6)*DX2S
RETURN

END

c MULT2

SUBRCUTIME MULT2(A,B,C1,C2)
SCALED FRACTICN A,B,CI1,C2

LA
)
STA

L)
B
Cl1
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STA C2

RETURN RO |

END -L L,

PEGE | C MULT3

SUBRCUTINE MULT3(A,B,C,D!1,D2,M
SCALED FRACTICN A,B,C,I1,02 ,RCUND
SCALED FRACTICK MASK

LCGICAL SENSW

"XTERNAL MASK

M 1S THE NUM OF COMPUTATIONAL BITS AVAILABLE.
THE PRID OF A AND 'B' ARE RCUNDED TC M BITS BEFCRE MULTIPLYING C.

s EeNeNe]

RR=2 ,0%x (~M-1)
RCUKND=RR
IF(N.NE.16)GS TS 21
Cl zA*B

Go TS 22

21 CONTINUE
LA A
M B
A RSUND
STA DI

DI =MASK (DI )
22 CONTINUE

LA DI
m C
STA DI
oCT 026540
STA 2

RETURN
END

PAGE | c LPADD

SUBRCUTINE LPADD(AI,A2,Bl,B2)
SCALED FRACTICN Al,A2,Bl,B2

DPADD PERFCRMS A DCUBLE PRECISICN ADD OF A AND B , RESULTS STCLRED IN

o000

oCT 026740
oCT 026317
STA A2
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END
PAGE | c

c

C RIUND
SUBRCUTINE RNDCA1,A2,M)
SCALED FRACTICN Al,RCUND ,MASK,A2
EXTERNAL MASK

c

C RND WILL RCUND Al TG N BITS AND MASK LEAST SIG BITS WITH ZERCS.
c

IF(N.ER.16)GS TS 20
RR =2 ,0%%x(-N~-1)
RCUND=RR
AlzAI+RCUND
Al=MASK(AL)
RETURN
c
20 CONTINUE

LA - A2
oCT 026256
A Al

STA Al

RETURN

END

PAGE | c SFT

SUBRCUTINE SFT(VALUE)
C SFT PERFCRMS AN ARITHMETIC LEFT SKIFT ON ALL FLEMENT CUTPUTS.
c

SCALED FRACTICN VALUE

REAL VAL ,A

COMMCN /SHIFT/ISFT

IFC(ISFT.EQ.0)GS TS 10
CHECK FCR CVERFLOW

o0 o0 o

VAL =VALUE
S=FLIATCISFD)

L. - AzVALKZ .%* S
IF(AJGE..5999) VALUE=.5995S
1F(A LE.=.9999) VALUE==.59995
A=ABS(A)

IF(A.GE..9999)G5 T 10

L B 15 (1,2,3,4,5 ,18FT

’ I CONTINUE

L VALUE

SCT 026001

F STA VALUE

Go TS 10

2 CINTIRUE

LA VALUE
SCT 026002
ST6 VALUE
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AD=-AO42 256 RCA GOVERNMENT COMMUNICATIONS SYSTEMS SOMERVILLE N J ==fTC F/6 9/2
LSI ELECTRONICALLY PROGRAMMABLE ARRAYS: CONFIGURABLE POLYNOMIAL==ETC (U)
JUN 77 D HAMPEL: K PROST: R L BARRON F33615=73=C=1089
UNCLASSIFIED AFAL=TR=76-228

NL
4 ord
‘}“n.b
END
DATE
FILMED
877




M
M
it
||
&
|

3

10

LY TR TV N V)
CONTINUE
LA VALUE
<CT 026003
STA VALUE
GC T 10
CONTINUE
LA VALUE
<CT 026004
STA VALUE
G T© 10
CONTINUE
LA  VALUE
<CT 026005
STA VALUE
RETURN
“ND

JOB CCRRECT
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APPENDIX J
An algorithm is derived below to estimate recursively the mean

the sum of the feature variances of patterns from a particular
class.

The symbols have the following interpretation:

y - n-dimension pattern vector.

h

by T centroid at the Nt iteration.

“j N estimate of the jth element of |, at the
’
Nth iteration.

AN - ‘sample covariance matrix of y at the
Nth iteration,

o’j N - s@mple variance of Yi at the NP iteration.
’

and
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The following is a procedure by which we can estimate recursively thne

mean and covariance matrix of y:

The sample covariance matrix of y at the Nth

stage is,

(
N+1 2 N+1 N+1
NGABENO) NGTETIC7Y) SR (SR A LA
i=1 i=1 i=1
N+1 N+1 5 N+1
5 4 \—
ey & 1T e 7))y 30 vameo), NGRS
i=1 i=1 i=1
N+1 N+1 2
o
M lygun) (ygeg)); o ; b A
i=1 i=1
n N+1 n
‘ 2 2
(Ne1) TeAg,g = 0 ) (e 2 95, Net” (Ne1) (1a)
j=1 i=1 j=1
n N 5 N 2
NTrAg= D) ) Kyyoey ) = ZOJ,N 5 (1b)
j=1 i=1 : j=1
L n 2
T A T ) O N (22)
J=1
& 2
< Tr Ay = z o5 N (2b)
. i1
l Now
‘ { N+1
| ; i
< 2 2 2
i L yj(i) = (N+1)( oj,N+1 + “j,N+1> (3)
!
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and
N .
0 2 2 250
& YJ- (i) = "(Oj,N +pj,N) (4)
i=1
Subtracting (&) ana (3)
2 Fig e R e B
Y, N+ 1 = AR o pen ® BpRay) - N 0y 2y ) (B
N\
dropping the subscript j
2 iy 2o L9 2
et = (M) oy + eggg) - Moy + wy) (6)
| 2 Mo 2 2 YN+1 2
ON+1 5 <N+1) Ny T ERS T T P (7)
But
w(aley L il (8)
HN+1 \N+1/ "N * N&T
2 y 2
2 N~ 2 N+1 2 N
" =(+ c u R {lse A7 (9)
N+1 <N+1) N (N+1)L (N+1)2 N “N+1
b Substituting in (7)
. _»™ 2 o (M) (o2 2 +YN+1 _(Nﬁy 2
IN41 W1/ \On * My N+1 : +17 HN
2
- IN+1 2 N (10)

Ao p— By Y
' (n1)2 (ne1)2 TN TN




e

2 2
o’ i SR S SR R
UN+1 TN N+1 ./ “N (N+1)2_N+1 (N+1)2.j
2
YN+ 1 N Y _ 2N
N+ <N+1> (N+])z N YN+ (11)
Y o2, N Ot~ ol (12)
= ) (o] e Yy %
(N'i"/ N (N+1)2 N+1 N
2
2 2 N g
(N+1) op, 7 = Noy + <.ﬁIT> (Yne1 “#N) (13)

The (N+1)st estimate of o? is related to the Nth estimate
of 03 through the above relationship. Thus:

2 J R PO 4
95 N+1 =< N+1> “j,N *)2 g “J,N) (14)
n n
B A S e Wl : 2
Te (Ayq) =) 5, N+1 (&) _E, OGNt L g SRL
J=1 =1 =1
(15)
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This can be set up on the computer with an initial
o2
J»0

=1

= 1 or 0

—[ 1>

The ratio of the traces of the sampled feature variance matrices
of the two classes can be estimated recursively:

N . R 2
Triag ) = () - | Troay) + gy O (i oner 7 45,00 (16)
j=1
and:
N yi,N+1
Hj.Ne1 (N+1)'“j,N el (17)
A 1 A ) _
YN {YJ,N J, ’ “'N {uj.N j F] | o
N yao S 3
Tr () =(C at) T +CmT) ey o) Oy (18)
and
yN+1
BNel (N/N+1) T s (19)
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APPENDIX K
Software for CPA Element Brassboard
Listing of Driver, D.66
Service Routine, POLY

Applications Program

e g T v——
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ELJ% iiﬁé.ﬂ..'k..i..L EU Y
APPLICATION PROGRAM

DIMENSION WP3(9,5),WP2(5,4),dBJF(8),R3JF(15),08JF(4),DATAC12)
ODIMZINSION DATINC12)
WRITECL,9)
S FORMAT ¢(**PUT WZIGHT TAPE IN READER AND PRESS RUN')
PAJSE
RIAD(S, *)((WP3(1,J),Jd=1,58),1=1,9)
RIAD(S, %) ((IP2(1,J),d=1,4),1=1,5)

9 WRITZ(C(1,12)
12 FORMAT (""PUT DATA TAPZ IN READER AND PRESS RUN")
PAJSZ

READ(5,%) (DATINCM) ,M=1,12)
SATACI)=DATINGI)
DATA(2)=DATINC(2)
DATA(3)=DATINCS)

DATAC4)=DATIN(12)
DATA(S5)=DATINC(7)
DATA(5)=DATINC12)
DATA(7)=DATIN(5)
DATA(8)=DATINC12)
DATA(9)=DATIN(5)
DATAC12)=DATINC(S)
DO 31 dJ=1,5
DO 21 1=1,6
I=T-1

21 W3UF CIV)=WP3(J, 1)
D3JUF (2)=DATA(2%J-1)
23JF (1)=DATA(2%J)

31 CALL POLY(3,DBUF (1), WBJF(1),RBUF(J))

DATA(1)=R3JF (1)
DATA(2)=RBUF(4)

DATA(3)=R3UF (1)
DATAC4)=RBUJF(5)
DATA(5)=R3JF(3)
DATA(S)=R3IF(5)
DATA(7)=RBUF(2)
DATA(3)=R3BIF(3)
DO 32 J=5,9
DO 22 1%1;6
1V=7-1

22 W3JF (1U)=WP3(J, 1)
DBJF(2)=DATA(2%xJ-11)

D3JF(1)=DATA(2%J-10)

R CALL POLY(3,DBUF(1),WBUF(1),RBUF(JI))

DO 23 1=1.,4
17=5-1

23 WBJFCIV)=WP2(¢1,1)
DO 231 1=1,4
17=9-1

231 W3UF(1V)=WP2(¢2,1)
D3JF (2)=33IF(7)
D3IJF (1)=13UF(9)
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J3JF(4)=R3UF(7)
DBIJF (3)=R3BUF (8)
CALL POLY(2,DBUJF{1),W3JF(1),RBIF(102))
DO 232 1I=1,4
IV=5=-1
W3JF(I7)=WP2(3,1)
DRIF(2)=RBUF (5)
DBUF (1 )=RBIF (7)
D3JUF(4)=2.0
D3UF(3)=02.2
CALL POLY(2,DBUF (1 ),WBUFC1),RBUF (C12)) ;
DO 24 I=1,4
IV=5-1
24 W3JF (IV)=WP2(4, 1)
DO 241 I=1.,4
IV=9~1
241 WBUFCIVYISWR205., 1)
F(2)=RBUF (12)
FCl1)=RBUF Ccl2)
(4)=R3UF(l1)
(3)=RBUF(12)
ALL POLY(2,D3JF(1),WBUF(1),RBIJF(13))
DO 25 I=1.,4
17=3-1
A WBUF(1IV)=WP2(5,1)
D3JF ¢2)=RBUF (13)
DBUF (1)=RBUF (14)
DBIJF(4)=0.2
DBUF(3>=0.2
CALL POLY(2,D3UF(1),WBJF(1),RBUF(15))
WRITZC1,30)>RBUF(1S5)
30 FORMAT (""RESULT = '",EI13.6)
GO TO 9
STOP
ZND
ZND$

n
w
o
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PAGE

2001
2002
20023
2004
2225
0006
2007
2008
2009
o910
2011
2912
2213
2014

2015
8916
0017
2018
2019
2020
2021
2022
2023
0024
2025
2226
2027
2028
2029
2030
2331
2032
2033
2034
2035
2336
2037
2038
2239
2040

\ 1IN

~'" 2042
2043
2044
2045
2346
2047
2048
8049
2050
20851
2052
2053
0054
2055

0002 #01

000020

00000
20004
20005
20006
20007
20010
00211

geol12
200213
20214
20015
#0016
20017
20020
2022)

20022
820623
82324
28025
R2B26
800227
00030
200231

2020232
002033
20034
80335
82036
28837
90040
20041

220842
82043
22044
203045
820456
20047
2059
90051
900252
202053
000854
P8855
200256
820257
02069
000261

02862
80063
00064
82065
00066
00067
00070

200000

020000

R16002X
P0000OR
166000R
@16043R
@32145R
@72152R
P62144R
066 143R
185777

@002162R
000000

@62003R
B72154R
216001X
gl10a11

@16115R
POB146R
B77773

@72155R
216004X
@00032R
216001X
822211

@16115R
@23153R
177776

B72155R
216004X
P20042R
1260084R
0200020

@56162R
@26055R
@56163R
B26066R
B56164R
926077R
B56165R
B26106R
@26134R
@76153R
966162R
876153R
205000

B76146R
005022

@76147R
@62157R
126043R
006404

@76153R
9850200

ARGS
POLY

READ

DVA

TO

TRE

NAM
ENT
EXT
BSS
NOP
JSB
DEF
LDB
JSB
I10R
STA
LDA
LDB
MVUW

LDA
STA
JSB
oCT
JSB
DEF
oCcT
STA
JSB
DEF
JSB
ocT
JSB
DEF
ocT
STA
JSB
DEF
JMP
NOP
CPB
JMP
CPB
JMP
CPB
JMP
CPB
JMP
JMP
STB
LDB
STB
BLS
STB
BLS
STB
LDA
JMP

SERVICE ROUTINE POLY

POLYS

POLY

«10C., «ENTR, « STOP,ENDIO
4

«ENTR
ARGS
ARGS, I
DWA
SGN
D+4
ARGSA
DESTA
TWO

ARGS+3
D+6
lloc.
10011
ERRX
D

=5
BSCT
ENDIGC
*+1
OIOC.
20011
ERRX
D+5S

-2
BSCT
ENDIO
*+1
POLY, I

TWO
TO
THREE
TRE
FOUR
FOR
SIX
SX
ERRX1
AA
TWO
AA

D
w

P2
DVA, 1

CLB, INB
STB AA

BLS
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PAGE Q@03 #0)

Q056 02371 @76146R STB D
2257 00272 PR5092 BLS

2258 ©@00@73 B46162R ADB TWO
0259 02074 B76147R STB W
Q260 00075 B621602R .DA P3
2961 @00B76 126843R JMP DVA, I
2062 ©@0077 0805100 FOR BRS

@063 20102 @76147R STB W
2064 Q0101 025100 BRS

B065 020102 B76146R STB D
0B66 00103 0024900 CLA

P67 00104 ATE6153R STB AA
2068 02105 126043R JMP DVA,I
B069 0@0106 B65162R SX LDB TWO
2072 02187 B76147R STB W
@271 02110 005000 BLS

0272 00111 076146R STB D
9073 00112 B76153R STB AA
2274 ©@@113 @62161R LDA P6
9275 @8114 126043R JMP DWA, I
2076 @8115 200000 ERRX NOP

2877 02116 006021 SSBsRSS
8378 @@117 226134R JMP ERRX1
@279 @@120 @62155R LDA BSCT
2088 @02121 @52164R CPA FOUR
2081 020122 P26125R JMP *+3
2082 @@123 B36155R 1SZ BSCT
2083 @0124 062115R LDA ERRX
B084 @2125 P42156R ADA M3
20285 00126 124000 JMP A, I
@286 08127 002400 CLA

2087 0130 B72155R STA BSCT
2288 ©@@131 062140R LDA I
2089 00132 G66141R LDB BS
2690 00133 216083X JSB «STOP
2091 ©@02134 P62140R ERRX1 LDA I
8292 PB135 P66142R LDB UN
@993 090136 BP26132R JMP ERRX1-2
0694 @0137 077777 MPOS OCT 77777
2095 00149 o012 1 OCT 12

2096 020141 ©41123 BS ASC 1,BS

\ 2297 0@@142 852516 UN ASC 1,UN

ol @298 ©@0143 PPP1SPR DESTA DEF D+2
: BB99 ©@0144 @0POBLIR ARGSA DEF ARGS+!

2108 020145 100000 SGN OCT 100000

@101 00146 000200 D BSS 7
2102 ©@QP155 0000 BSCT NOP

@103 090156 177775 M3 oCcT -3
@194 00157 030000 P2 OCT 30000
0105 00160 0820000 P3 OCT 20000
0106 00161 010000 P6 OCT 10000
2107 00162 00PBAB2 TWO OCT 2
Q108 00163 000803 THREE OCT 3
Q109 00164 000P204 FOUR OCT 4
0110 00165 000006 SIX OCT 6
2111 0@2000 A EQU @
2112 00001 B EQU 1
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PAGE

2113
2114
115
gile
2117
2118
2119
21280
A121
@l22
*% NO

Bo24 #01

A2153
2a147
2166
20167
20172
go2ea
gezel
aegzaz
B@232

00200
B20170R
220000
202000
PPA202R
2BE0000
002900

ERRORSx*

AA

w

CT
ANSAD
ANSBF
TEMP
INTAD
INTBF
TEMI

EQU
EQU
NOP
DEF
BSS
NOP
DEF
BSS
NOP
END

D+5
D+1

*+1

*x+1
24

302




PAGE @202

0201 Q00002
@222

#01 DRIVER D.66

NAM D.66
ENT D.66,1.66

@923*% THIS BCS DRIVER IS DESIGNED TO INITIATE ,CONTINUL
@804 BOTH READ AND WRITE TRANSFERS TO & FROM THE TCS-23% BASED

2805%* PROG
P0B6*
6337 %

RAMMABLE ARRAY MODULE

@028x SAMPLE CALL

0209 *
20108x%*
2011x%
8o12x
2013%
0014x%
PB15x%
2016%D
20217%D+1
2018%xD+2
2019%D+3
0020%xD+4
9221 %D+5S
9022%xD+6

WRITE READ
JSB .10C JSB .10C
OCT %%xx%xx OCT *%x%x
JMP ERR JMP ERR
DEF D DEF D*S
0CT -5 oCT -2

+# OF DATA WORDS
+# OF WEIGHTS
ADDRESS OF 1ST DATA WORD
ADDRESS OF 1ST WEIGHT
POLYNOMIAL TYPE
+# OF ANSWER WORDS
ADDRESS OF 1ST ANSWER WORD DESTINATION

AND COMPLETE




-

PAGE @203 #@1 % BCS DRIVER D.66 %x

Q225%

P226% INITIATOR SECTION

2027

9028 00000 Q002008 D.66 NOP ENTRY &EXIT

2029 0200081 B72242R STA SAVA SAVE EQT ENTRY ADDRESS
9038 00002 P76243R STB SAVB SAVE WD 2 ADDRESS

9031 02003 160001 LDA B,1 GET WD 2 OF RRQUES

9032 02004 001700 ALF ROTATE

9033 0200205 @12274R AND M17 AND ISCLATE RCODIC
9034 00006 0020922 SZA =077

9035 09007 @26015R JMP D.XX NO, THEN CONTINUE

PP 36x%

2037% RCODE=@ ---TERMINATE OPERATION

0038x%

9039 00010 126000R 1.1 JMP D.66,1 THIS IS CLC AFTER IST OPERATION
9040 02011 @72242R STA SAVA

0041 00012 Q62000R LDA D.66 SET EXIT OF CONTINUATOR
0942 P0OO13 B72152R STA 1.66 SECTION TO .10C

0043 00214 P26222R JMP STAT NOW GO TO CONTINUATOR AND CLEAR
0044x%

PB45x% DRIVER BUSY TEST

0046 %

9247 ©OO1S P66253R D.XX LDB DFLG IF DRIVER BUSY

0048 00016 0060202 S$ZB (DFLG NOT=2), THEN
0049 00017 026877R JMP REJB REJECT REQUEST

20950T

2051=% TEST FOR ILLEGAL REQUEST CODES

0052%

P053 00220 ©V52270R CPA Bl =] THEN

9054 00021 B26025R JMP WRITE WRITE REQUEST

9055 00022 052271R CPA B2 =2 THEN

9056 00023 026060R JMP READ READ REQUEST

P0257 000224 B26076R JMP REJC IF NEITHER THEN REJECT REQUEST

304



PAGE 92924 #@1 xx BCS DRIVER De66 *x

AAS9x

BA60* WRITE REQUEST PROCESSING

A6 1 %

2262 209025 @216122R WRITE JSB SETIO GO AND CONFIGURE I/0 INSTS
4063 Q0026 0202404 CLA, INA SET READ/WRITE

9064 Q@827 @72254R STA R/W FLAG NOT=0

2065 09030 B16133R JSB GETBF GO GET BUFFER START (LENGTH =5)
20266 20231 162251R LDA BUF.,1 GET # OF DATA WORDS

2267 (@232 0Vo1000 ALS MPY BY 2 TO GET # OF WDS TO TRANSFER
2263 02033 0039204 CMA, INA MAKE NEGATIVE AND SAVE

2969 Q0034 @72255R STA DCNT AS DATA COUNTER

2072 @BR35S B36251IR 1SZ BUF INDEX TO NEXT WORD

0271 0@BO36 B62251R LDA BUF.,1 GET # OF WEIGHTS

P872 00037 001000 ALS X2 TO GET WDS

9073 (BA640 @03004 CMA, INA MAKE NEGATIVE AND

2074 0B9204) B72261R STA WCNT SAVE AS WEIGHT COUNTER

ABT7S 20042 B36251R 1SZ BUF INDEX TO NEXT WORD

@276 0@B43 162251R LDA BUF.,I GET ADDRESS OF 1ST DATA WORD
2077 20044 @72256R STA DADD AND SAVE

Q@78 02045 B36251R I1SZ BUF INDEX TO NEXT WORD

@079 02046 162251R LDA BUF.,1 GET ADDRESS OF 1ST WEIGHT
20802 Q20047 P72262R STA WADD AND SAVE

20281 P2050 @36251R 1SZ BUF INDEX ONCE MORE

0282 00051 1622S51R LDA BUF.,1 GET POLY TYPE

@083 Q02852 @7225@2R STA TYPE AND SAVE

2284 00053 1026208 1.3 OTA © OUTPUT COMMAND WORD

2085 ©0@0V54 ©72253R STA DFLG SET TO INDICATE BUSY [E. NOT=@
P086 V@355 ©GV2400 CLA SET FOR OPERATION INITIATED
00287 020056 183700 1.4 STC 9,C START DEVICE

2088 29057 126000R JMP D.66,1 -EX1T- BACK TO .IOC

Ny
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et S X0 bl

k

PAGE

2090 %
0091 %
A092x%
9093
0094
@095
0096
2097
2098
8099
2100
21021
gl1e2
8183
2104
eles
2106

2005 #0! **x BCS DRIVER D«66 %xx

READ REQUEST PROCESSING

22068 @16182R READ JSB SETIO

22061 002400 CLA

980862 B@72254R STA R/V
#0063 @16133R JSB GETBF
28064 162251R LDA BUF,1
00065 201000 ALS

00066 003004 CMA, INA
20067 B72257R STA ANSCT
P8072 B36251R 1SZ BUF
g@271 162251R LDA BUF,!
00872 B72260R STA ANSAD
#0073 B62250R LDA TYPE
P2@74 B832272R IOR .l4.
20275 @26853R JMP 1.3
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GO AND CONFIGURE 1/0 INSTS
SET R/W FLAG
=@ TO INDICATE READ
GO GET BUFFER START (LENGTH =2)
GET # OF ANSWERS

X2 TO GET WDS

MAKE NEGATIVE

AND SAVE AS COUNTER
INDEX TO NEXT WORD

GET ADDRESS OF 1ST ANSWER DESTI
AND SAVE

GET COMMAND WORD

ADD READ FLAG

GO OUTPUT IT AND RETURN TO .10C




PAGE 09006 #01 **% BCS DRIVER D.66 =*x%
2108=%
0109 REJECT SECTION
gliex
o1l PP676 B06401 REJC CLB,RSS RCODE ERROR
8112 000877 V66273R REJB LDB MI5S DRIVER/DEVICE BUSY =(B)SIGN =]
2113 00100 Q02404 CLA, INA SET A NOT=0
9l1l1a 22121 126000R JMP De66,1 =EXIT~- TO «10C
P115%
Bl116% 1/0 CONFIGURATION ROUTINE
BL117%
2118 @@le2 20geee SETIO NOP ENTRY &EXIT
2119 0209183 162242R LDA SAVA:1 GET WORD 1 OF EQT ENTRY
0120 00104 P12275R AND M77 ISOLATE SELECT CODE
2121 81285 ©32263R IOR SFSI COMBINE WITH SFS INSTRUCTION
9122 Q0106 972121R STA 1.2 SAVE
9123 00107 222267R X0OR LIAM MAKE LIA INST
2124 001192 972164R STA 1.6 SAVE
P125 Q0111 ©V22265R X0OR CLCM MAKE CLC INST
2126 @6112 @72@10R STA 1.1 SAVE
8127 @8113 B22266R X0R STCM MAKE STC X,C INST
2128 00114 P72856R STA 1.4
2129 @0115 @72211R STA 1.8 SAVE
1380 00116 B22264R X0R QTAM NOW MAKE OTA INST
2131 920117 872053R STA 1.3 SAVE
0132 20129 2372202R STA 1.7 SAVE AGAIN
9133 90121 1023008 .2 SF5 @ IF FLAG NOT SET THEN
0134 @0122 @26877R JMP REJB REJECT REQUEST
@135%
P136x% SET EQT BUSY FLAG
2137%
9138 0209123 @836242R I1SZ SAVA SET ADDRESS TO WD 2 OF EQT
913% ©00124 162242R LDA SAVA,1 ENTRY, SET BIT 15 OF
9148 02125 ©93I2273R 10R MIS5 WD 2=1 (AFIELD=2) TO
2141 P0B126 [72242R STAa SAVA, I SAY BUSY
0142 00127 B62242R LDA SAVA SETA ADDRESS OF
P143%
gl44x STORE ADDRESS OF EQT WORD 3 IN DRIVER
P145%
0146 ©A130 0602004 INA EQT WORD 3
0147 ©0131 272247R STA EQTA IN EQTA
2148 ©@9132 126102R JMP SETIO» I AND BACK TO CALLER
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W PAGE @227 #01 *+ BCS DRIVER D.66 x*x

P152x%

2151 % RUOIITINE TO GET USERS BUFFER ADDRESS AND SAVE IT
Q152x%

@153 ©@0133 000000 GETBF NOP ENTRY & EXIT

2154 20134 936243R I1SZ SAVB INDEX TO

@155 @8135 B836243R 15Z SAVB WORD 4 OF REQUEST
8156 Q0136 B62243R LDA SAVB GET WORD 4

@157 @0137 160000 LDA A,1 OF REQUEST

2158 001402 0021275 RAL, CLE, SLA, ERA (IF INDIRECT GET
9159 @014! 0261378 JMP %-2 EFFECTIVE ADDRESS)
2160 P2142 B72251R STA BUF SAVE

2161 x

2162% GET BUFFER LENGTH

2163

2164 ©0143 B36243R 1SZ SAVB INDEX TO WORD S5 OF REQUEST
@165 Q20144 162243R LDA SAVB,1I GET WORD 5

0166 00145 03204 CMA, INA MAKE POSITIVE

Q167 20146 026408 CLB

2168 Q@147 176247R STB EQTA,1 CLEAR QUT XMISSION LOG
D169 PO150 B72252R STA LENG SAVE BUFFER LENGTH
2170 ©@0151 126133R JMP GETBF,1 -EXIT- TO CALLER
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PaGL

B1T2x
P173x%
P174%
D175%
Ql176%
2177
2178
2179
2182
181
vl82
2183
B184%
2185%
2186
2187
2188
P189x%
190
P191 %
192
2193
2194
2195
2196
2197
2198
2199
0200
2201 =%
P202x*
6203
0204
22085
22086
@207
2208
209
P210%
211=%
B212%
2213
2214
215
0216
217
2218

Gganeg 21 *%x BCS DRIVER D.66 %4

1.66 CONTINUATOR SECTLION

BalS2 VeBR2E 1.66 NOP

B@153 B72244R STA ZAVAX
@154 276245R STB SAUVBX
P8155 201520 ERA,ALS
20156 l@2201 S0C

@2157 002004 INA

BO16@ 072246R STA SAVEX
83161 062254R LDA R/W
@162 000010 SLA

20163 @26174R JMP .WR

READ PROCEESSING

03164 l1e2502 1.6 LlA 9

22165 003000 CMA

00166 172268R STA ANSAD, 1
P0167 B362S57R 1SZ ANSCT
22170 202001 RSS

823171 B26222R JMP STAT
@B172 P36260R 1SZ ANSAD

P2173 B26203R JMP XIT

WRITE PROCESSING
22174 ©62255R «WR LDA DCNT

28175 902003 SZA,RSS
@176 826213R JMP +WRI

PB177 162256R LDA DADD. I
P02@02 @3625SR ISZ DCNT
90281 036256R 1SZ DADD
0202 102680 1.7 OTA @

REGISTER RESTORE SECTION

223263 B62246R XIT LDA SAVEX
02204 103101 CLO

222065 00LBA36 SLA,ELA
90206 102101 STF |
20207 062244R LDA SAVAX

PB82192 P66245R

LDB SAVBX

ENTRY & EXIT

SAVE A

trf ™

e

OVERFLOW

IS TH1S A READ
OR WRITE??

GET ANSWER FROM DEVIIE
INVERT DATA FOR KAL
DELIVER T0 SERVICE ROUTINE
INDEX TO NEXT

DONE FINISH UP
BUOP ADDRESS TO NEXT WORD
GO TO EXIT ROUTINE

GET DATA COUNTER
=0??
YES GOTO WEIGHT ROUTINE
NO., GET ANQCTHER DATA POINT
MORE DATA??
YES, SET FOR NEXT POINT
OUTPUT WORD

RESTORE
E
OVERFLOW
A
AND B AT
TIME OF INTERRUPT




PAGE

0220 x%
0221x*
B222x%
8223
0224
@225
8226
0227
228
0229
0230
2231

0009 ¢01

@e211
ee212
90213
ee214
20215
88216
e0217
00220
00221

103700

126152R
#6226 1R
202003

B26222R
16226 2R
©36261R
B36262R
226282R

EXIT SECTION

1.8

«WRI

*% BCS DRIVER D.566 x*xx

STC @.,C
JMP 1.66,1
LDA WCNT
SZA,RSS
JMP STAT
LDA WADD, I
1SZ WCNT
I1SZ WADD
JMP 1.7

310

START DEVICE FOR NEXT WORD
- EXIT -
GET WEIGHT COUNTER
=0??
YES FININ
NO! GET NEXT WEIGHT
MORE??
YES SET FOR NEXT TIME
NO GO TO OUTPUT ROUTINE

(OR




PAGE

0233=
0234x%
2235x%
9236
0237
9238
2239
0240
2241
2242
9243%
2244x%
9245x%
2246
0247
2248
2249
9250
@251
B252x%
29253x
B254x%
#8255
8256
2257
9258
9259

20012 #0!

20222
20223
22224
82225
208226

28227
20230
28231
92232
902233
20234

88235
80236
28237
00240
20241

STATUS SECTION

** BCS DRIVER D.66 *xx

UPDATE XMISSION LOG

@062254R STAT
go2002
042271R
242271R
172247R

LDA
SZA
ADA
ADA
STA

R/W GET READ WRITE FLAG
READ OR WRITE

B2 ADD 2

B2 ADD 2 AGAIN IF WRITE

EQTA, I RESTORE WORD 3 OF EQT

UPDATE STATUS SECTION

2034020

B42247R
B72251R
162251R
@12276R
172251R

cCAa
ADA
STA
LDA
AND
STA

SET ADDRESS FOR WORD
EQTA 2 OF
BUF EQT
BUF, 1 GET WORD 2
MST REMOVE PREVIOUS STATUS
BUF., 1 RESTORE WORG 2 OF EQT

CLEAR DRIVER BUSY FLAG & EXIT

002400

872253R
262B10R
B72211R
#2620 3R

CLA
STA
LDA
STA
JMP

CLEAR
DFLG DRIVER BUSY FLAG
I.] SET CLC
1.8 IN EXIT SECTION
XIT ==DONE==
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e s ARG S

DA

1
b

(2]
tri

@261 %
P262%
P263x%
3264
2265
2266
2267
2268
2269
6272
8271 %
272
2273
G274
@275
p276
8277
pz78
n27%
¢g282
#3281
2282
2283
P284x%
2285
2286
2287
0288
8289
2293 %
2291
@292
6293
2294
2295
2296
86297
2298x%
2299

2011

AuRa0a
wenol
earaz2
29243
Qo244
28245
@246

o247
22252
Ra251
pea2s2
28253
23254
PY255
22256
20257
80260
602261
208262

20263
20264
20265
AR266
w267

22270
23271
22272
02273
P2274
20275
28276

221

CONSTANT & STORAGE

222600
PA2AAD
020220
000200
Auaeed

Q000202
220000
208000
Q32000
20Cea02
20200
@20000
2202000
020280
200009
020002
220000

102309
001100
204200
205000
0eR622

200081
2udod2
240000
120000
220017
200877
237400

*% NO ERRORSx

A
B
SAVA
SAVB
SAVAX
SAVBX
SAVEX

EQTA
TYPE
BUF
LENG
DFLG
R/W
CCNT
DADD
ANSCT
ANSAD
WCNT
WADD

SFSI
OTAH
CLCM
STCM
LIAM

B!
B2
.lqt
M1S
ML17
M77
MST

*x BCS DRIVER D.66 xx*

EQU 2
EQU 1
NQOP
NOP
NOP
NOP
NCP

NOP
NOP
NOP
NOP
NOp
NOP
NOP
NOP
NOP
NCP
NOP
NOP

SFS 9§
OCT 1100
OCT 4200
OCT S000
OCT 6080

OCT 1

aCT 2

OCT 40000
OCT 100000
0CT 17

oCT 77

OCT 37400

END
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