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High speed signal processing depends critically on paralle!
processor technotogy. In most applications, general-purpose
parallel compuiers carmot offer satisfactory real-time pro-
cessing soeed due to severe system overhead. Therefore, for
real-fime digital signal processing (DSP) systems, special-
nurpose array processors liave become the only appealing
alternative. In designing or using such array processors, most
signal processing algorithms share the critical attributes of
ropularity, recurstveness, and lozal communication. These
progerties are effectively explaited in innovative systolic and
wavefront array processors. These arrays maximize the
strength of very large scale integration (VLSE) in terms of
intensive and pipelined computing, and yet circumvent its
main {imitation on communication. The application domain
of such array processors covers a very broad range, including
- digital filtering, spectrum estimation, adaptive array process-
" ing, imagefvision processing, and seismic and tomographic
signal processing. This article provides a general overview of
YS! arvay processors and a untfied treatment from alporithm,
architecture, and application perspectives.

1 INTRODUCTEON

VIS and Digital Signal Processing —A Symbiotic
Reflationship

The practicality of algorithms for many Digital Signal
Processing (DSP) applications will ultimately be deter-
mined by their computational fezsibility. 1t depends criti-
calty —particularly, for real-time signal processing-—on
the parallel processing capabilities, in both speed and vol-
ume, offered by state-of-the-art computing machines, The
availability of low-cost, high-density, fast-speed VISI de-
vices, and of the emerging computer-aided design facili-
ties, presages a major breakthrough in the future design of
assively parallel processors. Current parallel computers
incur savere sysiem overhead; therefore, ViSh-oriented
3rray processors are most appealing for high-speed signal
processing. The design of such systems requires, how-
ever, a broad knowledge of the relationship hetweeen
paraliel computing algorithms and the siructures of array
hardware and software.

The basic discipline in a top-down design methodology
{as depicted in Figure 1-1} depends on a fundamental un-

*This research was supported in part by the National Science Founda-
tion under CGrant ECS-82-13158, and by the Army Research Ofiice
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derstanding of algorithm, architecture, and application.
The boundary betwesn soltware and hardware has be-
come increasingly vague in the environment of VLSI ays-
tem design. This enhances the already prevailing roles of
the algorithm analyses and the mappings of algorithms to
architectures. Therefore, a very broad spectrum of inno-
vations will be required for obtaining highly parallel array
processing. These innovations will include new ideas on
communication/computation trade-offs, parallelism ox-
tractions, array architectures, programming techniques,
processor/structure primitives, and numerical perfor-
mances of DSP algorithms.

This article presents the major principles of the design
of VISI array processors for real-time signal/image nro-
cessing requirements. In Section 1, the major imparcts of
VLSt technologies are reviewed. A special focus is placed
on communication problems inherent in V151, VLSI-
oriented array processors that circumvent the commu-
nication constraints are discussed. In Section 2, several
types of array processors important 1o DSP applications
are proposed. Iy Section 3, mappings of algorithms onto
array architectures are addressed, together with the issues
of coping with the communication constraints ared im-
proving pipelining rates. In Section 4, new armay algo-
rithmic criteria and analyses tailored to the array process-
ing environment are presented. In Section 5, the iaple-
mentation and design considerations of DSP array pro-
cessor systems are discussed. Finally, an example of DSP
applications of array processors is given in Section 6, fol-
lowed by a concluding remark in Section 7.

1.1. Impacts of VLSI device technology

VLS architecture enjoys the major advantage of being
very scalable technologically [17]. This means that the ef-
forts of architecture redesign will be very minor when the
device iechnology is scaled down to ultra-submicron
fevel However, as chip size is increased, the interconnec-
tion problems will become very severe. Before long, chip
cost, performance and speed wili be determined primarily
by interconnect delay and area. Therefore, VISH device
technology does not simply offer a promising future, but
also creaies some new design constraints. For example,
the madularity of building blocks and the alleviation of the
burdern of global interconnection are often essential re-
quirements in VLSI design.

Scaling effects

In the scaling of geometry, we often assume that all the
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dimensions, as well as the voltages and currents on the
chip, are scaled down by a factor «. (A value of « greater
than 1 implies that sizes or levels are shrinking). When
scaling down the linear dimensions of a transistor by «, the
number of transistors that can be placed on a chip of given
size scales up by o”. Figure 1-2 depicts the effect of scaling
down a conductor and a MOSFET transistor by a factor «.

If the average interconnection length is not scaled down
with the same factor «, the interconnection delay may
actually increase. When the delay time of the circuit de-
pends largely on the interconnection delay (instead of the
logic gate delay), minimality and localization of inter-
connections will become essential factors for an effective
realization of the VLS circuits.

1.2. VISI Architectural Design Principles

K VLS architectures should exploit the potential of the
VLSl technology and also take into account (i) the layout

constraint and the resultant interconnection costs in terms’
of area and time, and (ii) the cost of VLSI processors as -

measured by silicon area and pin count. VLSI architecture
design strategies stress modularity, regularity of data and
control paths, local communication, and massive p\aral-
lelism. Some design principles are summarized below,

Princ"i}oie of Homogeneity

in VLS, there is an emphasis on keeping the overall
architecture as regular and modular as possible, thus re-
ducing the overall complexity. For example, memory and
processing power will be relatively cheap as a result of
high regularity and modularity. Even in the communica-
tion or wiring, a careful algorithmic study may help create
some form of regularity. This depends on special arrange-
ments, realized in the course of topological mappings
from algorithms to architectures,

Principle of Pipelining

In many DSP applications, throughput rate often repre-
sents the overriding factor dictating systemn performance.
In order to optimize throughput, a different design choice
is often made than that of minimizing the total processing
time (latency). Pipelirie techniques fit natu rally in our aim
of improving throughput rate. Suitable pipelining tech-
niques are now well-established, particularly for most
signal processing algorithms. A prominent example is the
systolic/wavefront array discussed in Section 2.

For signal processing arrays, pipelining at all levels.

should be pursued. It may bring about an extra order of
magnitude in performance with very little additional hard-
ware. Although most of the current array processors stress
only word level pipelining, the new trend is to exploit
the potential of multiple-level pipelining (i.e., combined
pipelining in all the bit-level, word-level, and array-level
granularities),

Principle of Locality

The principle of locality is seen at every level of VLSI
design [18. In systolic arrays, both spatial locality and tem-

e ——— B A o Ak s -

poral locality are stressed [9}. The notion of locality can -

have two meanings in artay processor designs: focalized
data transactions and localized control How. In fact, most
recursive signal processing algorithms permit both locality
features; and they are fully exploited in the design of
wavefront arrays, as we shali elaborate in Section 2.

Communication is the Key Factor

In VLSI technology, computations per se are becom-
ing easily affordable. Therefore, the most critical factor in
VLSt design is communication. Architectures that balance
communication and computation, and that circumvent
communication bottlenecks with minimum hardware cost,
will eventually play a dominating role in VLS) systems.

2. VISI ARRAY PROCESSORS

- Until recently, computation-intensive tasks were han-

died by high performance supercomputers, including

pipelined computers, array processors, and multiproces-

sor systems. The development of these computer systems

has involved a thorough exploration of parallel comput-
ing, efficient programming, and resource optimization.
However, the general-purpose nature of these machines
has led to a complicated system organization and severe
system overheads. These machines are not suitable for
real-time signal processing where a very high throughput
rate is absolutely essential.

A solution to the real-time requirement of signal pro-
cessing is to use special-purpose array processors, and to
maximize the processing concurrency by either pipeline
processing or parallel processing or both. As long as com-
munication in VLS remains restrictive, locally-intercon-
nected arrays will be of great importance. An increase of
efficiency can be expected if the algorithm arranges for a
balanced distribution of work load while observing the
requirement of locality, i.e. short communication paths.
These properties of load distribution and information flow
serve as a guideline to the designer of V1Sl algorithms,
and eventually lead to new designs of architecture and
language.

The first such special-purpose VLS! architectures are
systolic and wavefront arrays, which boast tremendously
massive concurrency. The concurrency in the systolic/
wavefront arrays is derived from Pipeline processing or
parallel processing or both. These types of processing are
Mustrated in Figure 2-1. The notion of combined pipeline
and parallel processing wilt become more evident when
we demonstrate in a moment how parallel processing
“computational wavefronts” are pipelined successively
through processor arrays.

Array Processors and Algorithm Expressions

A fundamental issue in mapping algorithms onto an
array is to express parallel algorithms in a notation than can
be easily understood and compiled into efficient VLSI array
processors. Thus a powerful expression of array algo-
rithms will be essential to the design of arrays. This paper
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proposes primarily three ways of array algorithm expres.
sion: signal-flow-graph (SFG), systolic and wavefront
eXpPressions.

2.1. Signal Flow Graph (5FG)

A Signal How Graph, consisting of nodes and edges
14,91, is itlustrated in Figure 2-2. The SFG representation
has heer popularly used for signal processing flow dia-
eramns, such as FFT, digital filters and many other domains
of signal and system applications.

The descriptions of array processing activities, in terms
of the SFG representation, are often easy to comprehend.
A typical example used for illustrating a two-dimensional
array operation is matrix multiplication, as discussed in the
BOX 1, Figure 2-3,

The abstraction provided by the SFG is very powerful
and easy to use, and yet the transformation of an SFG de-
scription to a wavefront or systolic array can be accom-
plished automatically, as discussed in Section 3.1. In fact,
a systolic array can be considered an SFG array in combina-
tion with pipelining and retiming. This is the reason why
we first map paraltel algorithms onto SFG arrays and then
convert them into systolic arrays. \

2.2, Systolic Array

The systolic array is very amenable to VLS imple-
mentation. It is especially suitable to a special class of
computation-bound algorithms, taking advantage of their
regular, localized data flow. “A systolic system is a network
of processors which rhythmically compute and pass data
tnrough the system. Physiologists use the word ‘systole” to
refer to the rhythmically recurrent contraction of the heart
and arteries which pulses blood through the body. In a
systolic computing sysiem, the function of a processor is
analogous to that of the heart. Every processor regularly
pumps data in and out, each time performing some short
computation, so that a regular flow of datais kept up in the
network” [10].

For example, it is shown in [10] that some basic “inner
product” pracessing elements (PL's)-—each performing
the operation Y <~ Y + A = B—can be locally connected
to perform digital filtering, matrix multiplication, and
other related operations. In general, the data movements
in a systolic array are prearranged and described in terms
of the “snapshots” of the activities. (For examples, see
BOX 1, Figure 2--4.}

A systolic array often represents a direct mapping of
computations onto processor arrays. 1t will be used as an
attached processor of a host computer (cf. Section 5). The
systolic array features the important properties of modu-
larity, regularity, local interconnection, as well as a high
degree of pipelining and highly synchronized multi-
processing. 1t is also scalable architecturally, i.e. the size
of the array may be indefinitely extended as long as the
system synchronization can be maintained. There is exten-
sive literature on the subject of systolic array processing,
and the reader is referred to 6] and the references therein.

One problem, however, is that the data movements in a
systolic array are controlled by global timing-reference
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Figure 1—1  Top-down Design lnteqrdtxon In ‘:.tr'wmg far
a cohesive exploration of the overall implications of VLSI,
cross-disciplinary discussion on application, algorithm,
and architecture is necessary. In fact, integration will be
the keyward in VLSl This means that innovations will
be needed in a very broad spectrum of disciplines, includ-
ing algorithm analyses, parallelism extractions, array
architectures, programming techniques, functional primi-

tives, structural primitives, and numencal perfnrmance of
nse algomthms

“beats.” tn order to synchronize the activites in a systolic .
array, extra delays are often used to ensure correct timing.
More critically, the burden of having to synchronize the
entire computing network will eventually hecome intoler-
able for very-large-scale or ulira-large-scale arrays.

2.3. Wavefront Array

A simple solution to the above-mentioned problems is
to take advantage of the control-flow locality, in addition
to the data-flow locality, inherently possessed by most
algorithms of interest. This permits a data-driven, self-
timed approach to array processing.. Conceptually, this
approach substitutes the requirement of cosrect “timing”
by correct “sequencing.” This concept is used extensively
in dataflow computers and wavefront arrays.



Figure 122,
at least by «, due to the fact that the channel length is decreased by a factor . (b) Scating of a8 conductor by a

factor «: Since the cross-sectional area of the conductor is decreased by a factor o, the resistance per unit length
. will increase by a similar factor. If the length of the conductor is scaled by « (as simple scaling implies), then the

netincrease of resistance is in proportion to e. However, scaling down also implies that the capacitance of a fixed
.interconnection scales down by «. The scaling up of resistance and the scaling down of capacitance cancel exactly,

leaving the RC time constant and the interconnect delay unchanged. Since gate delays decrease while interconnect

delays remain constant with scaling, the speed at which a circuit can operate is eventually dominated by inter- .

. .

connect delays rather than device delays,

< fa) Sca'iing of 8 MOSFET Transistor by a factor a. The switching delay uf a 'tran's'islfoii is scaled down %
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Figure 2-1.

i1" - ] Segment 1

Segment 2

Array processors derive @ massive concurrency from both paraliel and pipeline processing schemes
[B]. (&) Paralle! processing means that all the processes defined in terms of the data (D) and the instructions i) —
may directly access the m processing in parallel and keep alt the processors busy. (b) Pipeline processors means
that a process is decomposed into many subprocesses, which are pipelined thraugh m processors, i.e., m segments
aligned in a chain, and rach subprocess will be processed in succession. For each subprocess coming out of the
array, there will be a processor vagant and ready to receive and handle a new subprocess immediately. Therefor‘e
all the m processars can again be kept husy ali the r.1me by the pnpehne t:echmque

A dataflow multiprocessor [3] is an asynchronous, data-
driven multiprocessor that runs programs expressed in
data-flow graph form. Since the execution of its instruc-
tions is “data driven,” i.e., the triggering of instructions
depends only upon the availability of operands and re-
sources required, unrelated instructions can be executed
concurrently without interference. The principal advan-
tages of data-flow multiprocessors are simple represen-
tation of concurrent activity, relative independence of
" individual PE's, greater use of pipelining, and reduced use
of centralized control and global memory.

However, for a general-purpose dataflow multiproces-
sor, the interconnection and memory conflict problems
remain very critical. Such problems can be greatly allevi-
ated if modularity and locality are incorporated into data-
flow multiprocessors. This motivates the concept of the
Wavefront Array Processors (WAP).

The derivation of a wavefront process consists of three
steps: (i) the algerithms are expressed in terms of a se-
quence of recursions; (ii) each of the recursions is
mapped to a correspanding computational wavefront;
and (iii) the wavefronts are successively pipelined through

8
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the processor array. (A simple matrix multiplication ex-
ample is discussed in BOX 1.) :

As a justification for the name “wavefront array,” we
note that the computational wavefronts are similar to elec-
tromagnetic wavefronts, since each processor acts as a
secondary source and is responsible for the propagation
of the wavefront. The pipelining is feasible because the

-wavefronts of two successive recursions will never inter-

sect (by Huygen's’ wavefront principle), thus avoiding any
contention problems. it is even possible to have wave-
fronts propagating in several different fashions. For ex-
ample, in the extreme case of non-uniform clocking, the
wavefronts are actually crooked. What is necessary and
sufficient is that the order of task sequencing be correctly
followed. The correctness of the sequencing of the tasks
is ensured by the wavefront principle [11].

The wavefront processing utilizes both the localities of
data flow and control flow inherent in many signal proces-
sing algorithms. Since there is no need for synchronizing
the entire array, a wavefront array is truly architecturally
scalable. In fact, it may be stated that a wavefront array is
a systolic array in combination with the dataflow principle.




ARRAY PROCESSORS FOR MATRIX MULTIPLICATIONS

In this BOX, a simple matrix multiplication example
is used to illustrate SFG, systolic, and wavefront array
Processors.

Let A = {ay}, B = {by}, and C = A x B = {cy} all be
N > N matrices. The matrix A can be decomposed into

columns A; and matrix B into rows B, and therefore,-
C:A1*Bi+Ag*Bz‘* +AN*BN (1)

where the product A » By is termed “outer product.” The
matrix muitiplication can then be carried out in N recur-
sions (each executing one outer product).

€% = €4 + Ay » B

.....

(@

There will be N sets of computational "wavefronts in-
volved, one for each recursion. More exphcntly,

o = ¢ + afb®
N. For simplicity, let
H} = 3 and bik) = b;q - :

fork=1,2,...,

SFG Array Processing -

The notion of SFG array processing allows an extensive
use of broadcasting, since a node or a zero-delay edge is
considered to be delay-free. As a result, a very straight-
forward SFG array for the matrix multiplication algorithm
is derived in Figure 2-3.

Systolic Array Processing

For the matrix multiplication algorithm, a square systolic
array and the corresponding data arrangement can be pro-
posed, as shown in Figure 2-4. The question now is: How
does such a scheme actually produce the desired multi-
plication results? A popular way to give a demonstration is
to display the space-time activities in the first few con-
secutive “beats,” like those displayed in Figure 2-4. If the
desdign is correct, the pre-arranged data will meet the des-
[ ignated pariners, perform the appropriate operations, and m
yield desired “products.” The complete activities, as well
as the general ruls, can then be derived by induction. A

illustrated by the example of the matrix multiplication
algorithm. The topology of the matrix multiplication algo-
rithm can be mapped naturally onto the square, orthog-
onal N X N matrix array of the Wavefront Array Processor
(WAP), as in Figure 2-5. To create a smooth data move-
ment in a localized communication network, we propose
the notion of the computational wavefront. A wavefront in
a processsor array corresponds to a mathematical recur-
sion in the algorithm. Successive pipelining of the wave-
fronts through the computational array will accompl:sh
the computation of all recursions.

The computational wavefront for the first recursion in
~matrix multiplication is now examined more elaborately.
‘Suppose that the registers of all the processing e!emems
(PE's) are mtt:ally set to zero:

(0) -
iy =~

6 . for al! (l ;)

The entries of A are stored in the memory module:. to the
left (in columns), and those of B in the memory modules
on the top (in rows). The process starts with PE (1 1) and

<Py = ¢, »
is computed. The computational activity then propagates

to the neighboring PE's (1,2) and (2,1), which w:l!
execute:

+ an *bn

{1

P =Py + an= bu:

and

c(‘l) = C(O + aZI * b" )

The next front of activity w;l! be at PE's (3, 1), (2 2) and
(1,3), thus creating a computation wavefront traveling
down the processor array. Once the wavefront sweeps
through all the cells, the first recursion is complete. As the
first wave propagates, we can execute an identical second
recursion in parallel by pipelining a second wavefront im-

mediately after the first one. For example, the (1,1) pro-
cessor will execute :

; : A A . Cﬂ! (1) + ap * bn
simple (and possibly automatic) conversion from an SFG
array into a systolic array, which may aileviate the burden :
of verification, is discussed later in this section. . . T N
Wavefront Array Processing : ' c y = an * b?} + a;z * bz; ceetanrby
The notion of a computational wavefront is also well and 50 on. o '
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INPUT (1)

OUTPUT (1)

OUTPUT (2)

INPUT (2)

a}

Figure 2—-2. Examples of Signal Flow Gra
() An BEdge as a Delay Operator. In g

edge, on the other hand, denotes either a function or a de

Ietter O (or O°,
Figure 2--2[B1).

processing SFG's, the following conventions are adopted
203, etc.), it represents a time-delay operator with delay-time J {ar O,

X{n)

X(n-1)

oY

b}

ph notatior: {a) An Operation Node with two inputs and two outputs;
eneral, a node is often

function such as multiply, add, etc. performed with zero de
delay-free, unless atherwise specified. in fact, the SFG represen
the computations in the node are delay free, warranting simpler
part. Consequently, the task of tracing the detailed space

denoted by a circle representing an arithmetic or logic
lay, {see Figure 2--2(a)). A node is considered ta be
tation derives its power from the assumption that
snapshot descriptions than the systolic counter-
-time activities associated with pipelining is simplified. An
lay. Unless otherwise specified, for a large class of signat
far convenience. When an edge is labzled with a capital

20, ete.) (see

3. MAPPING ALGORITHMS ONTO ARRAYS
3.1. Systolization of SFG Compuling Networks

A Cut-sef Systalization Procedure [9)

A cut-set incan SFG is a minimal set of edges that par-
titions the SFG into two parts. The systolization procedure
is based on two simple rules:

Rule (). Time-scaiing: All delays D may be scaled, ie.,
D — aD, by a single positive integer a. Correspondingly,
the input and output rates also have to be scaled down by
a factor «. The time-scaling factor (or, equivalently, the
slow-down factor) « is determined by the slowest (i.e.
maximum} loop delay in the SFG array.

Rule (). Delay-Transfer: Given any cut-set of the SFG,
we can group the edges of the cut-setinto in-bound edges
and oui-bound edges, depending upon the directions as-
signed to the edges. Rule (i) allows advancing k time-units
on 2l the out-hound edges and delaying k time-units on
Ihe in-nound edges. 1t is clear that, for a (time-invariant)
SEG, the general system behavior is not affected because
the effects of 12gs and advances cancel each other in the
overall timing. Note that the input-input and input-output
tining relaiionships will also remain exactly the same only
if they are located on the same side Otherwise, they
should be adjusted by a lag of +k time-units or an advance
of —k time-units.

10
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As an illustration, with reference to the BOYX, Figure 2-3,
the dashed lines indicate a set of possible cuts. A simple
procedure involving delay-transfer of one time-unit (D}
yields the systolic array shown in Figure 2-4.

Example: Multiplication of a Banded Matrix
and a Full Rectangular Matrix

Let us look at a slightly different but commonly encoun-
tered type of matrix multiplication problem. This involves
a banded Matrix A that has nonzero elements only on a
finite “band” along the diagonal. Consider the product of
a banded Matrix A, of size N x N, and bandwidth P, and a
rectangular Matrix B of size N x Q:

X X X XXX XX
XX XX d) KX XXX
AB= | XXXxx X X X X X
XX X X X X X X X X
XX XX XX X H X
XX XX || X% xxx
(Poowoo XKEXAXRX
IO 3 3 o008 oe
B sa e L_ooooo_J

(A banded Matrix A is one which has non-zero elements
only on a Finite “band” along the diagonal.)




This situation arises in many application domains, such
as DFT and time-varying (multi-channel) linear filtering. In
most applications, N >> P and N >> Q; therefore, it is
very uneconomical to use N X N arrays for computing
C=A X8

Fortunately, with a slight modification to the SFG in Fig-
ure 2-3, the same speed-up performance can be achieved

with only a P x Q rectangular array (as opposed to an
N X N array). This is shown in Figure 3-1{a}.

A Systolization Example

If local interconnection is preferred, the proposed pro-
cedure can then be used to systolize the SFG array in Fig-
ure 3-1(a) and yield the data array as depicted in Figure

B VR TR VL I p—
Uz4 Q23 937 °21-|
|
1
|
| 1
|
G34 933 937 93 T
]
N
T4
I /p
%ha Y3 942

(
O _H_r—
i

Figure 2-3: -~ An SFG Array for Matrix Multiplication: A straightforward SFG array design is to broadcast the
columns A; and rows B, (cf. Eqns. {2) and (3)) instantly alang a square array, such as the 4 X 4 array shown in the
figure. Multiply the two data meeting at node (i, ) and add the product to ci’, the data value currently residing in
a register in node (i, ). Finally, the new result will update the register via a Inop with a defay D and get ready to
interact with the new arriving operands. As all the column and row input data continue to arrive at the nodes, all
the outer products will be sequentially summed. Although this design is not directly suitable for a VLSI circuit design
due to the use of global communication, it may be converted to a systdlic array, as shown in Figure 2—4, ar a
wavefront array, shown in Figure 2--5. A simple conversion strategy will be provided in Section 3.

(N

JULY 1885 IEEE ASSP MAGAZINE



3-1(b}). The systolization procedure is detailed below:

(i) Time-scaling: According to Rule (i} above, the slow-
down factor e is determined by the maximum loop delay
in the SFG array. Referring to Figure 3-1(a), any loop con-
sisting of one up-going and one down-going edges yields
a (maximum) delay of two. This is why the final pipelined

systolic array has to bear a slow-down factor a = 2. The
pipelining rate is 0.5 word per unit-time for each channel,

(it) Delay Transfer: Apply Rule (i) above to the cut-sets
shown in Figure 3-1(a). The systolized SFG will have one
delay assigned to each edge and thus represents a local-
ized network. Also based on Rule (it), the inputs from

O Gz G Oy

Ugs O3 G Oy O O

|
1
3
f—

Op Uy Opp Gy O — = -] ="

Qas Caa Qaz Gy O O O

natural topology for the matrix multiplication
ziements (PE's). All the PE's (¢
time-unit. In terms of ane "sna
and top parts of the figure} a
and will be pumped out from o
from different columns of B a
the array. This is why same
to try it out with several co
systolic arrays are (91 (i1 sy
the network; (i) reguiarity,
pipelinability.

Figure 2--4: A systolic array for matrix multiplication. For this exam

problem The figure specifically shows 2 4 x 4 array of processing
spresented by the square boxes) uniformly consume and produce data in one single
pshot” of the activities-— the input data (from matrices A and 8, appearing at the left
re pre-arranged in an arderly sequence. The € data stay temporarily within the PE's
ne side of the array. Due to the systolization rules discussed in Section 3. the inputs
nd rows of A will have to be adjusted by a certain number of delays before arriving at
extra zeros are introduced here, (To become more convinced, the reader might want.
nsecutive shapshots of the data movements.) In general, the major characteristics of
nchrony: the data is rhythmically computed (timed by a global clock) and pumped through
modularity and spatial locality of interconnections; Gil) temporal locality, and (iv) effective

ple, a two-dimensional square array forms a
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MEMORY MODULES

MEMQCRY MODULES

FIRST WAVE — ——— *

'SECOND WAVE ------~-
A=UNIT TIME OF DATA TRANSFER .
T=UNIT TIME OF ARITHMETIC OPERATION

Figure 2-3. Wavefront processing for Matrix Multiplication. In this example, the wavefront array consists of
N x N processing elements with regular and local intercannéctions, The figure shows the first 4 % 4 processing
elements of the array. The computing network serves as a (datal wave propagating medium. Hence the hardware
will have to support pipefining of the computational wavefronts as fast as resource and data availability allow, which
can often be accomplished simply by means of a handshaking protocol, such as that proposed in [11). The (average)
time interval {T) between two separate wavefronts is determined by the availability of the operands and operatars.
In this case, T is equal to the time needed for the arithmetic operations: multiply-and-add. The speed of wavefront
propagation is determined by the time interval A, whichin this case is equivalent to the data transfer time. In.general,
the major characteristics of wavefront arrays are (i) seff-timed, data-driven computation, meaning that no globat
clock is needed; (i} regularity, modularity and spatial locality of interconnections; and i) effective pipelinability,
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(8) An SFG Array for matrix muitiplication involving a banded matrix. The left memary module will store
the matrix A along the band-direction, {see Figure 2—3) and the upper-module will store B the same as before.
Note that the major modification to the array is that, between the recursions of outer products, there should be
an upward shift of the partial sums. This is because the input matrix A is loaded in a skewed fashion, The final result’
{€) will be output from the /0 parts of the top-row PE's.

(b} The systolic array design as a result of applying the systolization procedure to the Figure 3--1fa). Note that the
pipefining rate is proportional to « ', and that a = 2 in thi~ exampie.
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different columns of B and rows of A will have to be ad-
justed by a certain number of delays before arriving at the
array. By counting the cut-sets involved in Figure 3-1(a), it
is clear that the first column of B needs no extra delay, the
second column needs one delay, the third needs two
(attributed to the two cut-sets.separating the third column
input and the adjacent top-row processor), etc. Therefore,
the B matrix will be skewed, as shown in Figure 3-1(b). A
stmilar arrangement can be applied to the input matrix A.
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3.2. Converting am SFG Array into a Waveironi Array

The wavefront propagation is very similar to the pre-
vious case. Since in wavefront processing the (average)
time interval (T) between two separale wavefronts is deter-
mined by the availability of the operands and operators. In
this case, there is a feedback loop involved, shown by the
edge-pairs (an up-going arrow and a down-going arrow} in
Figure 3-1. For example, in the node (1,1 the second
front has to wait till the first front completes all the follow-
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Figure 3-2: (a) Another SFG Array for bande

and-matrix multiplication. Note that the additio

fication to Figure 3—1(a)is that the input B matrix is now
loaded from the bottom and travels upwards, instead of

from the top and traveling downwards.

{b) The systolic array as a result of app[yihg the systol-

ization procedure to the Figure 3-2(a). As the

rate is proportional to « ', and since « is now reduced to

1, this systolic array can run twice faster than t
design of Figure 3--1(h}. : :

d-matrix-
nal modi-

pipelining
hea = 2

ing steps: (i) propagate data downwards (processing time:
4), i) perform the arithmetic operations at node 1N
{processing time: Tya), and (iii) return the result upwards
to PE(T, 1) (processing time: A). Once the result is re-
turned to PE(1,1), the second front can be immediately
activated. The activations of all the later fronts follow ex.
actly the same procedure; therefore, the {average) time
separating two consecutive fronts is T = Taa + 2A.

In fact, every regular and modular SFG array can be
converted into a wavefront array. In a self-timed systemn,
the exact timing reference is ignored; instead, the central
issue is sequencing. Getting a data token in a seli-timed
system is equivalent to incrementing the clock by one ~
time-unit in a synchronous system. Therefore, the con-
version of an SFG into a data-driven system involves sub-
stituting the delay operators D by “handshaked delay”
registers. (A “handshaked delay” register is a device that
prevents any incoming data from directly passing through
untif the handshaking flag signals a “pass.” For example,
applying this conversion process to the SFG array in’
Figure 2-3 for matrix multiplication yields the wavefront
array shown in Figure 2-5 [9]. The conversion process is
equally applicable to the SFG array of Figure 3-1(a).

3.3 How to improve the pipelining rate?

In the above case, the maximum loop delay is 2. Thus,
the slow-down factor @ equals 2 and the pipelining rate is
reduced by one half. Now the question is: What is the best
pipelining rate achievable for the algorithm? To improve
the rate, we would like to reduce the slow-down factor
downto e = 1. This is possible only when all the loops are
eliminated. For the banded-matrix-and-matrix multipli-
cation problem, one has to resort to a major modification
on the SFG array. The trick is to load the input B matrix
from the bottom and travel upwards, as illustrated in
FHgure 3-2(a), instead of from the top and traveling down-
wards, as in Figure 3-1(a). Here it is a valid change,
because as long as broadcasting is assumed in the SFG
model, it does not matter whether the (same) data are
loaded top-down or bottom-up. But the effects on a, and
therefore the achievable pipelining rates, are totally differ-
ent. Note that in the modified SFG array there are no
loops. This implies that o = 1. Consequently, the cuts as
shown in Figure 3-2(a) do not cal! for any time rescaling,
but only need a delay transfer of D. After the cut-set delay
transfer procedure, the resultant systolic array is depicted
in Figure 3-2(b). Note that this new version offers a
throughput-rate of 1 word per unit-time for each channel,
which is twice faster than the previous systolic design,

3.4. Spiral Systolic Arrays

There are many systolic arrays and algorithms that are
mare complicated than the ones for the matrix rmultiphi-
cation example discussed above. These include systolic
algorithms for convolution, correlation, FIR, IR, and lat-
tice filtering for one- or two-dimensional signals. Also
worth mentioning are a number of important matrix
operations, such as linear system solution, least square
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solution, Toeplitz system solution, and eigenvalue and sin-
pular value decompositions,

Due to limited space, it is impossible to cover all the
algorithms in this article. Instead, the author will focus
upon a very interesting class of algorithms that can he
regarded as a generalization of the matrix multiplication
and LU decamposition problems, These algorithms share
a cemmon recursive formulation:

G = O e G (Gl CET

’

where +, -, and * denote certain algebraic operators
defined by the specific application. This formulation
covers a broad and useful application domain that in-
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Figure 331 Mapping algorithms onto a spiral systolic
array involves a careful bookkeeping of recursion indices.
A complicated mapping is exemplified by the mathematical
formulation shown in Eq. (4), which embraces many im-
portant applications, To cope with the index change, it is
a common practice to move the whole data-array north-
westwards slong the diagonal direction after esch recur-
sion. As g resuit, the first row and first column PE's will
require special operations, whiie the remaining PE's will all
be the same. If N is the array size, such a diagonal move-
ment can be expressed mathematically as:

(i,)) element — [(i ~ 1) mod N, (j — 1) mod N] cell,

after each recursion. To support this data movement, we
need diagonal as weli as wrap-around cannections {(for
boundary PE's). Since the data propagate only to the right
or downwards, it is straightforward to incorporate pipe-
lining into the array. Note that (CX")* should be sent; to
every PE; we choose to send it down along the first column
(and perform (Cic 1* - C& '), The result is then sent along
each respective row of PE's, where the remaining
multiply-and-add operations are performed.
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cludes transitive closure, shortest path, LU decomposi-
tion, and many other problems. As an example, for LU-
decomposition problem, the operation (CEM* is in-
version, i.e. (Cl 1)1,

A systolic array for this class of algorithms is proposed in
Fig. 3-3. We call this configuration a spiral systofic array,
since this array configuration is basically an iliac IV spiral
configuration used in liliac IV, augmented by diagonal
connections [13].

4. ALGORITHM DESIGN CRITERIA

An effective design of algorithms for array processing
hinges upon a full understanding of the problem specifica-
tion, mathematical analysis, parallelism analysis, and the
practicality of mapping the algorithms onto real machines.

Paralle! array algorithm design is a new area of research
study that has profited from the theory of signals and 5ys-
tems and has been influenced by linear algebraic numer-
ical methods. In a conventional algorithm analysis, the
complexity of an algorithm depends on the computation
and storage required. The modern concurrent com-
putation criteria should include one more key factor:
communication. In the design of array algorithms, the
major factors therefore are computation, communication,
and memory.

The key aspects of paraliel algorithms under VLS! archi-
tectural constraints are presented below:

1. Maximum Concurreney: The aluorithm should be

structured to achieve maximum concurrency
and/or maximum throughput. (Two algorithms
with equivalent performance in a sequential com-
puter may fare very differently in paraliel process-
ing environments.) An algorithr will be favored if
it expresses a higher parailelism that is exploitable
by the computing arrays.
Example: A very good example is the problem of
solving Toeplitz systems, for which the major algo-
rithms proposed in the literature are the Schur al-
gorithm and the Levinson algorithm [12]. The latter
is by far more popular in many spectrum esti-
mation techniques, such as the maximum eritropy
method [1} or maximum likelihoad methed 2. In
terms of sequential processing, both the algo-
rithms require the same number of operations.
However, in te:ms of the achievable concurrency
when executed in a linear array processor, the
Schur algorithm displays a clear-cut advantage over
the Levinson algorithm. More precisely, using a
linear array of N processing elements, the Schur
algorithm will need only O(N) computation time,
compared with O(NlogN) required for the
Levinson algorithm. Here N represents the dimen-
sion of the Toeplitz matrix involved. For a detailed
discussion, see [12].

2. Maximum pipelinability and the balancing of com-
putation and 1/O: Most signal processing algorithms
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Figure 4--1: Array Processor Architectures for (a) FFT Algorithm; and (b} DFT Algorithm. Note that, in terms of
total processing times, the ratio is log N vs. N in favor of FFT. On the other hand, the FFT array requires a global
(Perfect-Shufflel communication network. In contrast, the OFT array can be easily systolized and implemented in

a madular processor array with iocal communication. Note that the weighting factors W* are time-varying; and the .
Feurier transfaorm output {X.} stays in the node and will eventually be pumped out. - . .

demand very high throughput and are computation-
intensive compared with the input/output (1/0) re-
quirement. Pipelining is essential to the throughput
of array processors. The exploitation of the pipeline
technique is often very natural in regular and locally-
connected networks; therefore, a major part of con-
currency in array processing will be derived from
pipelining. tn general, the pipelining rate is deter-
mined by the “maximum” loop delay in the SFG array.
To maximize the rate, one must select the best
among all possible SFG arrays for any algorithm. The
pipeline techniques are especially suitable for bal-
ancing computation and 1/0 because the data tend to
engage as many processors as possible before they
lcave the array. This helps reduce /O bandwidth for
outside communication. .

Example: Note that, for the banded-matrix-and-matrix
multiplication algorithm, the systolic array shown in
Figure 3-2(b) offers a throughput-rate twice as fast as
the design in Tigure 3-1(b).

. Frade-off between communication and computation
costs: To make the interconnection network prac-
tical, efficient and affordable, regular communica-

tion should be encouraged. Key issues affecting the
regularity include local vs. global, static vs. dynamic,
and data-independent vs. data-dependent inter-
connection modules. The criterion should maximize
the tradeoff between interconnection cost and
throughput. For example, to conform with the com-
munication constraints imposed by VLSI, a lot of em-
phasis has recently been placed on a special class of
local and recursive algorithms.

Example: A comparison between the costs of DFT and
FFT algorithms will be discussed momentarily in
Example 1.

. Numerical performance, quantization effects, and data

dependency: Numerical behavior depends on many
factors, such as the word-length of the computer and
the algorithms used. Unpredictable data dependency
may severely jeopardize the processing efficiency of
a highly regular and structured array algorithm. Effec-
tive VLS arrays are inherently highly pipelined, and
therefore require well structured algorithms with
predictable data movements. Iterative methods with
dynamic branching, which are dependent on data
produced in the middie of the process, are less suited
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for pipelined architecture. A comparison between
several major linear system solvers will be discussed
in Example 2.

Example 1: Trade-off between computation and
communication costs

When the communication in VLS) systems is empha-
sized, the trade-off between compulation and commu-
nication becomes a central issue. (cf. Figure 4-1.) The
preference on regularity and locality will have a major
impact in designing parallel and/or pipelined algorithms.
Comparing the two Fourier transforming techniques, DFT
and FFT, the computations are O(N?) vs. O(NlogN) in favor
of FFT. However, the DFT enjoys a simple and local com-
munication, while the FFT involves a global inter-
connection, i.e. the nodes retrieve their data from far
away elements. In the trade-off of computation vs. com-
munication costs, the choice is no longer obvious.

Fxample 2: Comparison of Linear System Solvers

it is well known that there are three major numerical
algorithms for solving a linear system of equations; name-
ly, the LU decampasition, the Householder QR (HQR) and
the Givens QR (GQR) decomposition algorithms {19].
From a numerical performance point of view, a HQR or a
GQR decomposition is often preferred over an LU decom-
position for solving linear systems. As far the maximum
concurrency achievable by array processing, the GQR al-
gotithm achieves the same 2-D concurrency as the LU
decomposition with the same complexity in a modular,
strezmlined fashion. They both hold a decisive advantage
over the HQR method in terms of maximum concurrency
achievable. Therefore, the Givens QR method is superior
to the LU decomposition and the Householder QR
method when both numerical performance and massive
parallelism are considered. Note that the price, how-
ever, is that the GQR methad is computationally more
costly than the other two methods, (cf. the third column
of Table 1))

TABLE 1@ Comparison of linear system solvers. The key
issues are data dependency, numerical performance, maxi-
mum concurrency. and total number of computations. (*The
numerical performance of LU decompaosition may be im-
proved by using a pivoting scheme [19]; but this necessitates
controf on the magnitude of a pivot, jeopardizing the other-
wise smooth data flow in the array).

- Maximum - .

, : Numerical | Concurrency | Number of
Algzorithm Performance | Achievable | Operations
Ly Bad* 2-D array (N?/3)
Decompaosition . : -

HQR Good 1-D array (ZN?/3)
Decomposition :

GQR Good 2-D array (4N?/3)
Decomposition
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Figure 5—1: An example of Array Processing System
Configuration: An array processor is often used as an
attached processar linked with a hest. thraugh an inter-
face system. .

Host Computer: The host computer should provide batch
data storage, management, and formatting;, determine
the schedule program thag conkrols the interface system
and connection network, and genesrate and load ohject
codes to the PE's. A very challenging task to the systen
designer is to identify a suitable host machine for inter-
facing with high-speed array processor units.

Interface System: The interface system, connectad to
the host via the host bus, has the functions of down-
lvading and up-loading data, Based on the schedule pro-
gram, the controller monitors the interface system and
array processor. The interface system should alsa furnish
an adequate hardware support for many common data
management operations, Other challenging tasks for the
system designer are managing blocks of data and making
sure the memory (buffer) unit is able ta balance the low
bandwidth of system 1/0 and the high bandwidth pf array
processors

Connection Network: Connection networks provide a cet
af mappings between processors and memory modules to
accommodate certain common glebal communication

-needs. Incorparating certain structured interconnectians

may sigritficantly enhance the speed performance of the
processor arrays.

Processor Arrays: Far simplicity, only ane prOCesSSor
array is physicaily depicted in the figure. However, the
concept of netwarking several processoar arrays has now
attracted a good deal of attention. Far exampie, when a
prodlem is reducible to several subproblems that can be
executed one after the other, it will be usefu! to have sach
subproblem executed in its own processor array, while
utilizing the network to facilitate the data pipelining be-
tween the arrays. This suggests a pipelining scheme at
the array-level, which may increase the processing speed-
up by ane more order of magnitude.
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5. IMPLEMENTATION CONSIDERATIONS OF ARRAY
PROCESSOR SYSTEMS

5.1. Design of Array Processor Systems
The major components of an array processor system are:

1) the host computer 2) the interface system,
including buffer memory and control unit 3) the connec-
tion networks {for PE-to-PE and PE-to-memory corinec
tions) 4) the processor array, comprising a number of
processor elements with local memory.

A possible overall system configuration is depicted in
Figure 5-1, where the design considerations for the four
major components are further elaborated. In general, in
an overall array processing system, one seeks to maximize
the following performance indicators: computing power
using multiple devices; commmunication support, to
enhance the performance; flexibility, to cope with the
partitioning problems; reliability, to cope with the fault-
tolerance problem; and practicality and cost-effectiveness.

5.2. DSP-Oriented Array Processor Chips

The implementation of VLSI chips and the structure of
array compuiing systems depend largely on the estab-
lished switching technologies. Another important design
consideration is the appropriate level of granularity of
the processor elements (PE's} composing the array, (cf.
Figure 5-21a)). '

For some jow-precision digital and image processing
applications, it is advisable to consider very simple pro-
cessing primitives. A good example of a commercial VLSI
chip is NCR's Geometric Arithmetic Parallel Processor, or
GAPP, which is composed of a 6-by-12 arrangement of
single bit processor cells. Each of the 72 processor cells in
the NCRASCG72 device contains ant ALU, 128 bits of RAM,
and bi-directional communication lines connected to its
four nearest neighbors: one each to the North, East,
South, and West {4]. Each instruction is broadcast to all the
Pt’s, causing the array to perform like a SIMD (single-
instruction-multipie-data) machine. The GAPF array,
however, is mostly programmed in a low-level (macro-
assembly-level) language, posing some programming dif-
ficulties for general users.

Many DSP applications require the PE's to include more
complex primitives, such as multiply-and-add modules.
An example of a commercial chip with a larger granularity
is INMOS’ Transputer [21]. Transputer is an Occamr-
language based design, which provides hardware support
for both concurrency and communication—the heart
of array computing 1t has a 32-hit processor capable of
10 MIPS, 4 Kbytes of 50 ns static RAM, and a variety of
communications interfaces. It adopts the now popular
RISC {reduced-instruction-set-computer) architecture de-
sign. The INMOS links, with built-in handshaking circuits,
are the hardware representation of the channels for com-
munications. Furthermore, its programming language,
Occam, is very suitable for programming wavefront-type
array processing. Therefore, the transputer can be readily
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Figure 9-2: Different levels of granularity of the pro-
cessor element (PE} in array systems, adapted from 1181
An example of smaller PE granularity is NCR's GAPP. The
GAPP array lies in the intersection domain between the
logic-enhanced-memory group and the computational
array group shown in the figure. Such kinds - of simple
processor primitives are often preferred in low-precision
image processing applications. An example of a larger PE
granularity is INMOS' Transputer, Many DSP applications
require fast multiply/accumulate, high-speed RAM, fast
coefficient table addressing; a possible choice appears to
be an enhanced version of the transputer discussed in the
text. In the figure, a transputer array bejongs largely ta
the micro-computer array domain. Because of built-in
asynchronous communication hardware, transputers are
very suitable for the implementation of wavefront arrays.

adapted. for the construction of (asynchronous) wave-
front arrays.

Other examples of commercially available VISt chips
worthy of consideration for array processor implementa.
tions are NEC's data flow chip pupd7281 {31, Ti's program-
mable DSP chip TMS320, and recent 32-bit processors
such as AMD 29325, Motolora 68020, and Weitek’s 32-hit
(or the new 64-bit) floating-point chips [20}. Many DSP
applications require very special features ‘such as fast
multiply/accumulate, high-speed RAM, fast coefficient
table addressing, and others. Therefore, the development
of a series of customized special-purpose chips for DSP
array processors should be given a high priority by the
VLS| and DSP research community.

5.3. Comparisons between Systolic and Wavefront Arrays

The main difference between the two array processing
schemes is that the wavefront arrays operate asynchro-
nously (at the price of handshaking hardware), while the
systolic arrays pulse globally in synchronization with a
global clock.

The systolic array features the very important advan-
tages of modularity, regularity, focal interconnection,
highly pipelined multiprocessing, and continuous flow of
data between the PF’s. it has a good number of DSP appli-
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cations. However, the wavefront design offers some addi-
tional useful advantages:

Maximum Pipelining: A major thrust of the wavefront
array derives from its maximizing the pipelinability by ex-
ploring the data-driven nature inherent in many parallel
algorithms. This becomes especially useful in the case of
uncertain processing times used in individual PE's. As re-
ported in [16], wavefront pipelining may yield a significant
speed-up, compared with pure systolic pipelining. {In the
special simulation example used in {16, the improvement
is a factor of almost two.)

Architectural Extendibility: The wavefront array also
highlights the extendibility of the array size, since it can
get around the global synchronization requirements.
Whereas the asynchronous model in the wavefront arrays
incurs a fixed time delay overhead due to the handshaking
processes, the synchronization time delay in the systolic
arrays is primarily due to the clock skew which changes
dramatically with the size of the array. This latter phenome-
non will be a potential barrier in the design of ultra-large-
scale synchronous computing systems.

Programming Simplicity: The notion of computational
wavefront also facilitates the programmability of array pro-
cessors. By tracing the wavefronts, the description of the
space-time activities in the array may be significantly
simplified. The previously mentioned paralle! processing
language, Occam, is very suitable for programming wave-
front arrays.

Fault-Tolerance of Array Processors: To enhance the re-
liability of computing systems, real-time signal processing
architectures demand a special attention in run-time fault
tolerance. However, 2-D systolic arrays are in general not
teasible for run-time fault tolerance design, since it re-
quires a global stoppage of PE's when any failure occurs.
't is known that certain fault tolerance issues (roli-back,
suspension of execution, etc.) are simpler to handle in
data-flow architecture than in other multi-processors [5].
Since wavefront arrays incorporate the data-driven feature
into the arrays, they pose similar advantages in dealing
with time uncertainties in the fault tolerance environment.
For example, once a fault is detected, further propagation
of the wavefront will be automatically suspended, accord-
ing to the wavefront principle. More specifically, due to its
asynchronous nature, one only needs to stop the faulty PE,
and all subsequent PE’s will automatically stop as a ripple.
Systolic arrays, by comparison, would probably require
a global “error-halt” signal to be broadcast, and the
corresponding roll-back problem would be far more
curabersome.

In summary, a systolic array is useful when the PE's are
simple primitive modules, since the handshaking hard-
ware in awavefront array would represent a non-negligible
overhead for such applications. On the other hand, a
wavefront array is more favored when the PE’s involve
more complex modules (such as multiply-and-add and lat-
tice or rotation operations), or when a robust and reliable

computing environment (such as fault-tolerance) is
essential.
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6. APPLICATION TQO ADAPTIVE NOISE CANCELLATION

From the applicational system perspective, an illustra-
tive problem is the upgrading of modern passive sonar
systems by introducing high-speed array processors for

front-end signal processing and spectrum estimation com-

putations. The new systems are expected to possess real.
time- and high-performance-processing capabilities. This
article will use the specific signal processing example of
adaptive noise cancellation. More specifically, the author
will discuss the McWhirter's algorithm based on least
square minimization using QR decomposition [15].
Given any N X p matrix X with N > p and an N-element

vector y, find the p-element vector of weights w which
minimizes |lef, where

e=Xw+y

and [ denotes the usual Euclidean norm. The problem
may be solved by the method of orthogonal trian-
gularization (QR decomposition), which is numerically
well-conditioned and described below. An orthogonal
matrix Q is generated such that

o= (3] o ar- 2]

where R is a p X p upper trianghular matrix and u is a
p-element vector. It follows that the least squares weight
vector w must satisfy the equation

Rw+u=0

which may readily be solved by back-subsiitution.

The processor of recursive least-squares minimization
may be carried out using a triangular wavefront processor,
based on pipelining a sequence of Givens rotations,

resulting in an elementary orthogonal transformation of
the form:

[c sHo...o,r.n..rk...] B [o...n,r:..-rg..-]‘
-5 C 0...0,X|...Xk... 0.,.0,()"..)(;...
“)

The elements c and s may be regarded as the cosine and
sine, respectively, of a rotation angle that is chosen to
eliminate the leading element of the lower vector. This is
illustrated in Figure 6-1 for the case p = 4, (cf. [16)).

The Givens rotation method is recursive in the sense
that the data from the matrix X is introduced row by row,
and as soon as each row x}, has been absorbed into the
computation, the resulting triangular matrix R(n) repre-
sents an exact QR decomposition for all data processed up
to that stage.

The boundary cell in each row (indicated by a large
circle in Figure 6-1) computes the rotation parameters ¢
and s appropriate to the internally stored components and
the vertically propagating data vector. These rotation
parameters are then passed horizontaliy to the right. The
internal cells (indicated by squares) are subsequently used
to apply the same transformation to all other elements of
the received data vector. Note that when the triangular
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Figure 6-~1: Wavefront array for recursive least-
squares mirnimization, adapted from [16). As a least-
square solver array. each of the non-diagonal PE's
performs a basic Givens rotation as shown in (4), Nota
that the diagonal {circle) PC's are respoensible for gener-
ating the rotation angle parameters ¢ and s. The parame-
ters are then propagated rightwards to all the PE's along
the same row to be used for the rotation operations.
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array illustrated in Figure 6-1is operated in the wavefront
processor mode, the operation of PE is no longer con-
troll=d by a globally distributed clock signal. Instead, each
PE receives its input data from the specified directions,
performs the specitied functions, and delivers the appro-
priate output values to neighboring PE's. The operation of
each cell is controlled locally and depends on the neces-
sary input being available, and on its previous outputs
having been accepted by the appropriate nearest neigh-
bors. As a result, it is not necessary to impose a temporal
skew on the input data matrix. For example, let us con-
sider the top processor in the right hand column of the
figure. In the wavefront case, this will not operate on its
first input data sample y until the required rotation pa-
rameters ¢ and s are available from the neighboring pro-
cessor on the left.

'

As each row x; of the matrix X moves down through the
array, it interacts with the previously stored triangular ma-
trix R{n —~ 1) and is eliminated by the sequence of Givens
rotations. As each element y, moves down through the
right hand column of processors, it undergoes the same
sequence of Givens rotations, interacting with the pre-
viously stored vector u(n — 1) and generating the updated
vector u(n} in the process. It follows that the exact least-
squares solution could be derived at every stage of the
process by solving the corresponding triangular linear sys-
tem for w(n) [7].

In many least-squares applications, the primary objec-
tive is to compute the sequence of residuals

e, = xaw(n) +y,

while the associated weight vectors w(n) are not of direct
interest, It has recently been shown [15] how the residual
e, at each stage of the computation may be generated
quite simply by using the array in Figure 6-1, eliminating
the need to solve the associated triangular linear system
for w(n). The parameter X, produced by the bottom
processor in the right hand column of cells is simply
multiplied by the parameter y,. that emerges from the
final boundary processor. This produces the residual di-
rectly [16].

PRSI S

‘We have witnessed the rapid growth of signal process-
ing and computing technology that followed the inven-
tions of the transistor in the 1940's and integrated circuits
in the late 1950's. The emergence of new VLSi technology,
along with modern engineering workstations, CAD tools,
and other hardware and software advances in computer
technology, virtually assure a revolutionary information
processing era in the near future. The signal processing
community will very soon face a prevailing impact of mod-
ern VLS technologies regarding future integration of
computers, communications, control, command, intel-
ligence and information.

VLSt technology, starting as a device research area, pro-
vides opportunities and constraints that will open up new
areas of research in computer architecture. From a scien-
tific research perspective, a close interaction between
VLSI and array architecture research areas will be essen-
tial. This paper has identified several novel architectures
that maximize the strength of VLS! in terms of intensive
and pipelined computing, and yet circumvent its main
limitations in reliability and communication. In the au-
thor’s opinion, research and developmentin the array pro-
cessors will not only benefit from the revolutionary VLSI
technology; it will also play a central role in shaping the
course of algorithmic, architectural, and applicational
trends of future supercomputer technology.
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