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PREFACE

The research presented in this thesis has three points of focus. The first is the
development of algorithms for solving systems of linear equations with a maximum
degree of parallelism and pipelining. The second is the development of partitioning stra-
tegies for the design of systolic arrays with the number of processor elements indepen-
dent of the size of the problem. And the last is the synthesis of a concrete systolic array,

with a fixed number of processor elements, for the algorithms developed.

The thesis has the following outline. Chapter 1 is introductory. It is divided in two
main sections. Section 1.1 starts by summarizing the conventional direct methods for
solving systems of linear equations. It is shown that a systolic implementation of feed
forward direct methods such as Faddeev’s execute almost twice as fast than a systolic
implementation of direct methods with backsubstitution. The backsubstitution is
identified as the bottleneck in such systolic implementations. Unfortunately, Faddeev’s
feed forward direct method needs pivoting to be numerically stable, while pivoting is
hard to implement on a systolic array. The.problems discussed in this section form the
motivation for the development of the feed forward direct methods of Chapter 2. Sec-
tion 1.2 starts by summarizing the basic concepts of mapping a regular recurrent algo-
rithm on a full size systolic array. That is, an array with the number of processor ele-
ments proportional to the size of the problem. Next, it continues with the introduction of
partitioning strategies for full size systolic arrays. Application of these strategies results
in reduced size systolic arrays. That is, systolic arrays with a fixed number of processor

elements, independent of the size of the problem.

Chapter 2 presents a class of feed forward direct methods for solving non singular

systems of linear equations. These methods obtain the solution x of Ax=b, A RV,

be RN through combination of an LU, LQ or LL' factorization of the matrix A and
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an updating or downdating of the Cholesky factorization of the matrix LL' + bb’ or
LL' — bb', respectively, or an LU factorization of the matrix [L —b]’. The matrix L is the
lower triangular factor in either of the three factorizations of the matrix A. Section 2.1
explains how the solution x is computed from the up- or downdating of the Cholesky fac-
torization or from the LU factorization of the matrix {L —b]’. Section 2.2 shows how an
LU, QR or LL' factorization of the coefficient matrix is combined with the methods in
Section 2.1, so that a class of feed forward direct methods is obtained. These methods
compute the solution of a non singular system of linear equations by a single factoriza-
tion. Thus the baéksubstitution bottleneck is avoided in systolic implementations. The
class contains a feed forward direct method which uses only orthogonal transformations
as elementary operations. Hence, the method is stable for the general class of non singu-
lar systems of linear equations, unlike Faddeev’s feed forward direct method (without
(partial) pivoting). Section 2.3 presents a numerical analysis of the feed forward methods
of Section 2.2. Section 2.4 shows that the method which combines an LL® factorization
of the coefficient matrix with a downdating of a Cholesky factorization is in fact a semi-
direct method. Section 2.5 explains how the_methods of Section 2.2 can be generalized to
perform computations of the kind CA~'B + D, where the matrices A, B, C and D are of
proper dimensions and value. This generalization is similar to the extension of Faddeev’s

feed forward direct method.

Chapter 3 presents the LPGP and LSGP partitioning strategies to partition a full size
systolic array into a reduced size systolic array. In an LPGP (local-parallel-global-
pipelined) partitioning of a full size array the array is tessellated into congruent tiles of,
say, p processor elements each. The computations of different tiles are executed in pipe-
line on the reduced size array, which has p processor elements and the same interconnec-
tion topology as the full size array. In an LSGP (local-sequential-global-parallel) parti-
tioning of a full size systolic array the array is again tessellated into congruent tiles of p
processor elements each. But, in this case the processor elements in a tile are replaced by
a single processor element in the reduced size array. This processor element executes the
tasks of the p processor elements in sequence. In general the reduced size systolic array

has a different interconnection topology than the full size array. Section 3.1 presents the




tessellation of a full size systolic array. Section 3.2 presents the LPGP partitioning stra-

tegy and Section 3.3 presents the LSGP partitioning strategy.

Chapter 4 presents the design of a reduced size systolic array for two of the feed for-
ward direct methods of Section 2.2. The purpose of this chapter is to illustrate the design
of a practical reduced size systolic array for these two methods. Section 4.1 introduces
the design constraints. Section 4.2 summarizes the two methods in terms of orthogonal
and hyperbolic Householder transformations. Section 4.3 illustrates the design of full size
systolic arrays for these methods. Section 4.4 illustrates the LPGP partitioning of the full
size systolic arrays of Section 4.3 and their unification into a single reduced size array.
Section 4.5 presents the architecture of a Householder processor element of the reduced
size array. The architecture is that of an innerproduct-step processor, which serializes the

computation of a Householder transformation of a vector.
Finally, Chapter 5 contains the conclusions of the thesis :

1. systolic implementations of the feed forward direct methods execute roughly twice
as fast as systolic implementations of the direct methods with factorization and

backsubstitution;

2. the class of feed forward direct methods contains a method which is numerically
robust and stable without (partial) pivoting, for the complete set of non singular

systems of linear equations;

3. it is possible to design systolic arrays for which the I/O bandwidth is closely
matched to that of devices attached to the inputs and outputs of the systolic array
or for which the number of processor elements is independent of the size of the

problem that has to be executed on the array or both;

4. systolic arrays can be designed which execute more than one algorithm, with a

minimum of control overhead.
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SUMMARY

SYSTEMS OF LINEAR EQUATIONS

Conventional direct methods for solving systems of linear equations consist of either
a factorization of the coefficient matrix followed by a backsubstitution [Golu1983), or of
a factorization of an augmented matrix [Fadd1959]. None of the two classes provide
good solutions for implementations on systolic arrays. Methods of the first class are
sequential in nature. l.e., the factorization of the coefficient matrix has to be completed
before the backsubstitution can be done. This obstructs the acceleration of such direct

methods when implemented on a systolic array.

A method of the second class is due to Faddeev [Fadd1959]. It computes the solution
from a single LU factorization of an augmented matrix. This method, and feed forward
direct methods in general, do not require a backsubstitution step. Therefore, highly paral-
lel implementations on systolic arrays are possible. However, the LU factorization
without (partial) pivoting is in general not numerically stable. Unfortunately, (partial)
pivoting is hard to implement on an array where the length of interconnections between
processors is independent of the size of the array, as is the case for systolic arrays. In this
thesis feed forward direct methods are studied which rephrase the backsubstitution in
terms of an updating or downdating of a Cholesky factorization, or in terms of an LU
factorization. Combining this with an LU, LQ or LL* factorization of the coefficient
matrix A yields a whole class of feed forward direct methods, which do not suffer from
the backsubstitution bottleneck. One of these algorithms uses only orthogonal transfor-
mations as elementary operations and is therefore numerically stable for the general class
of non singular systems of linear equations. The feed forward direct methods that are

presented here have simple and highly parallel systolic implementations.
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SYSTOLIC IMPLEMENTATION

A systolic array is defined here (see also [Rao1985] or [Rao1988]) to be an array of
synchronously operating processor elements which are interconnected in a regular mesh
with interconnections of length independent of the size of the array. Their regular topol-
ogy is a desirable feature for area-efficient VLSI implementations and the absence of
interconnections of arbitrary length eliminates communication delays which depend on
the size of the array. Due to the massive parallelism of systolic arrays, systolic imple-
mentations of computationally intensive algorithms are given much attention. Most
matrix-based signal processing algorithms, including the ones presented in this thesis,
can be expressed as regular recurrent algorithms (see for instance [Ungel958],
[McCl11959], [Ahme1982], [Depr1982], [Fort1985], [Delo1986], [Jain1986a]). Such
algorithms can be automatically mapped to full size systolic arrays ([Mold1983],
[Rao1985], {Fris1986], [Rao1988]). However, since the number of processor elements in
a full size systolic array increases whenever the size of the problem grows, it is important
to know how to partition large problems so that they can be executed on a systolic array
with a small number of processor elements [Hell1985], [Mold1986], [Hori1987],
[Neli1988].

Two strategies are developed in this thesis to partition a full size systolic array into a
reduced size systolic array. The LPGP (local-parallel-global-pipelined) partitioning stra-
tegy tessellates the full size systolic array into congruent tiles of, say, p processor ele-
ments each. The computations of different tiles are executed in pipeline on a reduced
size systolic array of p processor elements which has the same interconnection topology
as the full size systolic array. The LSGP (local-sequential-global-parallel) partitioning
strategy also tessellates the full size array into congruent tiles of, say, p processor ele-
ments each. The processor elements in a tile are replaced by a single processor element
" which executes the tasks of these processor elements in sequence. In this case the topol-
ogy of the reduced size array is different from that of the full size systolic array. The
LPGP partitioning keeps all memory for intermediate results outside the reduced size

array. The LSGP partitioning causes local memory to increase, and reduces the /O
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bandwidth of the processor elements. Combining the two strategies results in array
designs in which the number of processor elements is independent of the size of the prob-
lem and which have an I/O communication bandwidth which matches that of attached

peripheral devices (such as disks, a host computer, etc.) as close as possible.

. SYSTOLIC ARRAY DESIGN

The partitioning theory is applied to the design of a reduced size systolic array for
two feed forward methods; 1) the method consisting of a combination of an LQ factori-
zation of the coefficient matrix A and an updating of a Cholesky factorization and 2) the
method consisting of an LL* factorization of the coefficient matrix A and a downdating
of a Cholesky factorization. This application illustrates the practical use of the partition-
ing theory for designing reduced size systolic arrays. The two methods are stated in terms
of orthogonal and hyperbolic Householder transformations, respectively. A processor ele-
ment of the reduced size array is implemented as an innerproduct-step processor, which

serializes the computation of a Householder transformation of a vector.



1. INTRODUCTION

1.1 SOLVING SYSTEMS OF LINEAR EQUATIONS : DIRECT METHODS AND
SYSTOLIC IMPLEMENTATIONS

Non singular systems of linear equations A x =b can be solved by iterative, direct or
semi-direct methods. The iterative methods, like the Jacobi and the Gauss-Seidel method
{Golu1983], improve iteratively on an initial guess Xq of the solution vector. The direct
methods, on the other hand, use matrix factorization (and backsubstitution) to obtain the
solution directly. Semi-direct methods, like the conjugate gradient method [Golul983],
obtain the solution by computing the minimum of the quadratic functional
f (x)=Y2x!Ax — x*b, which is reached for x = A ~!b. Theoretically the conjugate gradient
method computes the minimum in a finite number of steps. However, the method is itera-
tive in practice, due to roundoff errors and an error criterion is needed to halt the solution

process.

The iterative and semi-direct methods do not change the coefficient matrix during the
iterations. If the matrix is sparse, no fill-ins are created and the data can be efficiently
stored in the (main) memory of the computer, even if the matrix is very large. Therefore,
these methods play an important role in the solution of very large and sparse systems of

linear equations.

- The direct methods do create fill-ins in a sparse coefficient matrix, since factors of a
sparse matrix are generally not sparse. These methods are more suited for solving dense
systems of linear equations and no error criterion is needed to terminate the solution pro-

Ccess.
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1.1.1 DIRECT METHODS

The direct methods for solving non-singular systems of linear equations, Ax=Db
(A € RN pe RN), can be divided in two classes :

1. direct methods with backsubstitution;

2. feed forward direct methods.
We shall give a quick presentation of these two classes.

DIRECT METHODS WITH BACKSUBSTITUTION

These methods compute either an LU, QR or LL! (Cholesky) factorization of the
matrix A, followed by a backsubstitution step. Let us denote by X* either the lower tri-
angular factor in an LU factorization, the orthogonal factor @, in a QR factorization, or
the lower triangular factor L, in an LL‘ factorization and let us denote by Ry the
corresponding upper triangular factor for each of these cases. Then, we can summarize

the direct methods with backsubstitution as follows :

A =X'Ry, (1.1.a)
y=X-tb, (1.1.b)
x = Ryly. (.1c)

Computation of the factorizations is done by using either embeddings of elementary 2x2
transformations or Householder transformations [Golu1983]. The discussion of factoriza-
tions with Householder transformations is deferred to Chapter 4. In case of an LU factor-

ization the 2x2 transformations are of the form :
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;?],ae R.

In case of a QR factorization they are of the form :

cos () —sin (1)
sin (o) cos(oc)]' ae R.

And, in case of an LL* factorization they are of the form :

sinh(0) cosh(a)|> @€ R.

[cosh (o) sinh (a)}

Remark : The hyperbolic transformations are used in Schur-Cholesky LL? factorization
algorithms (see Section 2.2 and [Dewil981}, [Depr1982] and [Delo1984]). These algo-
rithms are less known than the Cholesky factorization algorithm as found in [Golu1983].
For the Schur-Cholesky LL* factorization algorithms it has been illustrated that they can
be mapped onto highly parallel systolic arrays of processor elements (see for instance
[Ahmcl982] and [Delo1986]).

The three types of elementary transformations can be represented by the following
parameterized form [Walt1971] :

cos(m”a) —m*sin(m%o)
m~%sin(m%o)  cos(m%a)

O@m;o) =[ , me {0,1~1}. (1.2)

Case m =0, m =1 and m =—1 are known as the so-called linear (Gauss), orthogonal
(Givens) and hyperbolic (Minkowsky) rotation, respectively. The matrix ©(m;0) is

orthogonal with respect to the following signature matrix :

S(m)=[(1) ,?1] (1.3)
That is,

& (m;)S (m)Om:;0) =S (m) - . (14.a)
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and for m = x1 we also have :
O(m ;)8 (m)®' (m ;o) = S (m). (1.4.b)

Property (1.4.a) is referred to as § (m)—orthogonality of ®(m ;a), or just orthogonality in

casem=1.

A QR or LU factorization is obtained by premultiplication of the matrix A by embed-
dings of the 2x2 orthogonal or linear rotations (=1 or 0, respectively) of the following

form :

i J
1 )
y 0 0
1 :
i cos (mv'oqj) ~~~~~~ —m*sin (m""a.'j) ceees
1 )
8;i(m) = o i S
il m™%sin(m%og) - - cos(m*oy) ------
1
0 : o} .
: 1

(1.5)

For the appropriate choice of a;;, premultiplication by ©;;(m) eliminates the entry a;; of
«

A. The product []©;;(0), where the pairs (i,j) are such that all elements in the strictly
ij

lower triangular part of the matrix A are eliminated, is a lower triangular matrix which is

the inverse of the lower triangular factor L in the LU factorization of the matrix A. The

-
product H@,-j(l), where the pairs (i,j) are the same as in the case of the LU
ij ,
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factorization, is an orthogonal matrix which is the inverse of the orthogonal factor Q in
the QR factorization of the matrix A. The LU factorization of indefinite matrices is
numerically unstable without (partial) pivoting [Golul983]. A small entry on the diago-
nal of the matrix A will blow up certain coefficients a;; in (1.5). This is impossible for
the OR factorization, since the absolute value of the sine and cosine function is bounded
by 1.

The use of hyperbolic rotations is restricted to the case where an LL? factorization of
the matrix A is computed. That is, in case A is symmetric positive definite. We defer the

discussion of computing Cholesky factors by means of hyperbolic rotations to Chapter 2.

FEED FORWARD DIRECT METHODS

A not too well known feed forward direct method is due to Faddeev [Fadd1959]. This
method avoids an explicit backsubstitution step and obtains the solution from a single
LU factorization of an augmented matrix. In fact, it was this method that motivated the
search for the algorithms that will be considered in Chapter 2. Faddeev’s method is stated

in the following proposition.

Proposition 1.1 :

Let A € RNV be g non singular matrix and be RN Let L € RWXV pe the
inverse of the lower triangular factor of the LU factorization of the augmented matrix
[A' | =IN) andlet [R' | O] be the corresponding upper triangular factor, R € RNV
Then, the solution X of the system of linear equations A x = b satisfies the following equa-

tion :

L

—-f]‘N 8:' = [lg :] . - (1.6.a)

Proof :
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Partition the 2Nx2N matrix IL as follows :

Ly Ln], with Lyy L1z, L1, Loy € RV, (1.6.b)

Substituting (1.6.b) in (1.6.a) gives :

Ly =LypA7l ' (1.7)
Thus,

Lyb=LypA 'b=Lyx. (1.8)
And by observing that Ly, = Iy, it follows that :

Lyb=x (1.9)
and (1.6.a) follows.

O

Faddeev’s method is not only capable of solving Ax =b, but it can also compute the
Schur complement of a matrix. This is easily understood by applying Faddeev’s method

to a block matrix :

A B
Licp

R *
0 ] (1.10)

with appropriate L. Using (1.6.b) in this equation gives :
E=({D-CA™'B), (1.11)

A B

which is the Schur complement of the augmented matrix C D}' Choosing the dimen-

sions and values of the matrices A, B, C and D appropriately we can :

1. solve for multiple right hand sides, i.e., AX =B, where B € RNM,
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2. compute innerproduct accumulations, i.e., d — ¢'b;
3. compute matrix-vector product accumulations, i.e., d — ¢'B;

4. compute matrix-matrix product accumulations, i.e., D — CB.

The LU factorization in Faddeev’s method is numerically stable only when the matrix A
is positive definite. In case the matrix A is indefinite, pivoting strategies must be used to
guarantee numerical stability. In {Nash1988] it is shown how the numerical stability of
Faddeev’s method can be improved, by using Givens rotations to compute the upper tri-
angularization of the matrix A, after which linear rotations are applied to eliminate the
matrix C, using the diagonal elements of the upper triangular factor of the matrix A as
pivots. This method is not completely stable, since the linear rotations may still explode
if the matrix A has a large condition number. A different approach is given in Chapter 2
of this thesis, see also {Jain1986b], where a numerically robust feed forward direct

method is described which uses only Givens rotations.

1.1.2 SYSTOLIC ARRAYS

DEFINITION

Systolic arrays are defined to be arrays of synchronously operating processor ele-
ments, connected in a regular mesh with interconnections of length independent of the -
size of the array. This definition is the same one given in [Ra01985]. The first introduc-
tion of systolic arrays dates back to 1958 [Unge1958], [McCl1958]. With the maturing
of VLSI technology they were re-introduced and their potential for compact integration
was recognized [Kungl979a], [Leis1981]. Since then, many authors have illustrated.
how different numerical (see for instance [Kung1979b], [Kungl982], [McWh1983],
[Kung1988], [Chual985], [Schr1985], [Delo1986], [Naval986], [Jain1986b] and

[Krek1988]) as well as combinatorial algorithms, such as sorting and transitive closure



8 1. INTRODUCTION

algorithms (see for instance [Lipt1986], and [Kung1988]), can be executed on systolic

arrays.

SYSTOLIC ARRAYS FOR SOLVING SYSTEMS OF LINEAR EQUATIONS

Systolic arrays for the LU and QR factorization of matrices have been presented by
different authors [Gent1981], [Leis1981], [Ahmel982 ]. Linear arrays for the back-
substitution were presented in [Leis1981], [Gent1981]. In Figure 1.1(a) a systolic array
is shown for the QR factorization of a 4x4 matrix A = [a;]1= OR, with R ={r;;]. At the
same time the array also computes y = Q'b, as requested in (1.1.b), with y =[y; - - - y4)
and b=[b, - - - bs}. Since the processor elements of the array operate synchronously,
the input data at the inputs at the left of the top two processor elements must be delayed

non

one and two time steps, denoted by "-" and "- -", respectively. The squares denote proces-
sor elements, which are assumed to have zero processing delay. An interconnection with
a delay is denoted by an arrow through a rectangle. An unnumbered rectangle denotes a
single delay unit. Otherwise, the number denotes the number of delay units associated

with the interconnection.

Each processor element computes the angle needed to zero out an entry in the compu-
tation of the upper triangular factor of the coefficient matrix, and applies rotations over
this angle on the rest of its input data. The angles o are stored locally at the processor
elements, while the computation of the upper triangular matrix factor progresses upwards
in the array. The entries of the upper triangular factor R and the vector y, leaving at the
top of the array, must be stored and re-ordered for backsubstitution on the bidirectional -

linear array in Figure 1.1(b).

The entries y; of the vector y = Q’b are propagating to the right, while the computed
entries x; of the solution vector x propagate to the left. Notice that the arrays in
Figure 1.1(a) and 1.1(b) are completely different. Not only in terms of processor ele-
ments but also in terms of data flow. Also notice that the backsubstitution array starts its
computations with y4 and r44. These are the last elements produced by the factorization

array of Figure 1.1(a), so that there is no concurrency between the computations in the
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rn

r2 rn
ri3 s 733
ria roa T4 Taa
Y1 Y2 Y3 Ya
ba,a44.043.802,041, -
] y
b3,834,433.831, R
a
y ,
b2,824,323,022,021 :
0
x
b1,414,213,812,011
: x| _|cos(a) —sin(a)[ [ x
0 Y| Tisin(e) cos(a)||y

Figure 1.1. (a) Systolic array for the QR factorization.

two arrays. This lack of concurrency is a serious bottleneck in systolic implementations

of the direct methods with backsubstitution.

A systolic array for Faddeev’s method is shown in Figure 1.2 for an example where
A € R*4 Each processor element computes a coefficient o needed to zero out an ele-
ment in the computation of the LU factorization of the matrix [A! | —/]*. Once this
coefficient is computed, the processor element applies linear rotations with this

coefficient on the rest of its input data.

Comparing the combination of the factorization and backsubstitution array to the
array for Faddeev’s method, the simplicity of the last one is striking. But, more impor-
tant, as shall be illustrated next by a calculation of the number of time steps needed to
compute the solution of Ax =b by the arrays for both methods, the backsubstitution is a
bottleneck in a systolic implementation. From a generalization of Figure 1.1(a) it follows
that the QR factorization of an N xN matrix takes 3N -2 time steps to compute the upper
triangular factor and the transformation of the right hand side vector. And from a gen-

eralization of Figure 1.1(b) it follows that the backsubstitution requires 4N —3 time steps
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LIRS SR SRR
7 0..0
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- 724 - ra
ria - r23

r3 - rn

T2 -

y = = rx+y y 9// |~
X - le=— x ri(x+y) =< %<— x

~

Figure 1.1. (b) Systolic array for the backsubstitution.

to be completed on the linear array (V-1 steps to load the array with the elements of the
transformed right hand side, 2N —1 time steps to compute all elements of the solution
vector and N -1 time steps to shift the last computed element of the solution vector out of
the array). Due to lack of parallelism or pipelining between the computations of the OR
factorization and the backsubstitution, the total number of time steps to compute the
solution is the addition of the number of time steps for each of them. Hence, the total
number of time steps is 7N —5 in this case. On the other hand, from a generalization of
the array in Figure 1.2, we find that only 3N time steps are required to compute the solu-
tion in this case. This is roughly equal to the number of time steps required for the QR
factorization. And Faddeev’s array computes the solution roughly twice as fast as the
combination of the OR factorization and backsubstitution array. Unfortunately, the Fad-

deev array is only useful for solving positive definite systems of linear equations, because
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Figure 1.2. The Faddeev array for solving systems of linear equations.

pivoting, which is not straight forwardly done on such arrays due to lack of global com-

munication paths, is not needed in such cases'. In Chapter 2 we derive a class of feed

1. In [Royc1988] it was shown that one can devise LU factorization algorithms with partial
pivoting, which can be mapped to systolic arrays. However, the sacrifice being made in these
algorithms is that the rows of the upper triangular factor are not naturally ordered at the
outputs of the array. Thus, the output at which an entry of the solution vector appears will be
depending on the coefficient matrix A . This property implies additional overhead for locating
the entries of the solution vector at the outputs of the array in practical implementations.
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forward direct methods of which some do not suffer from such pivoting problems. It will
appear that the methods of this class can be mapped onto a triangular array, similar to the

one in Figure 1.1(a), which is smaller than the array for Faddeev’s method.

1.2 MAPPING REGULAR RECURRENT ALGORITHMS TO SYSTOLIC
ARRAYS

Matrix operations, such as matrix-matrix multiplication and matrix factorization,
have a highly regular computational structure. These operations are expressed in the form
of multi-dimensional recurrence equations (which will be referred to as regular recurrent
algorithms) [Kung1979b], [Mead1980]. The dependencies among the computations in
these algorithms are, or can be forced to be regular. This regularity simplifies the analysis
of the algorithms in the context of parallel execution of their computations [Karp1967]
and it facilitates simple mappings of the algorithms on systolic arrays [Mold1983],
[Rao1985], [Fris1986], [Rao1986). The techniques used in this thesis for scheduling
and mapping of the algorithms of Chapter 2 on systolic arrays are to be found in
{Rao1985]. For convenience of the reader we shall give a brief review of these tech-

niques in Section 1.2.1.

The synthesis techniques for systolic arrays, presented in [Rao1985] and [Fris1986],
yield systolic arrays which are scaled to the size of the problem. Such arrays are called
full size systolic arrays (FSA’s). However, in practice we cannot go on adding or deleting
processor elements in a systolic array when the size of the problem changes. Instead, the
systolic array must be embedded in an environment which handles fluctuations of the
problem size. Different strategies can be followed to partition a large problem on a small
size array. Most notable are the strategies described in [Mold1986], [Horil987],
[Neli1988]. :

Unfortunately, the partitioning solutions described there have certain shortcomings.

The partitioning strategy described in [Mold1986]-divides the problem in parts which are
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solved in sequence on the small size array. Each processor element of the array is
assigned a sequence of computations, for each part. However, although a processor ele-
ment may have finished its computations for a part, it has yet to wait until the rest of the
processor elements of the array have completed their computations for the part, before it
can start with the computations of the next part. This implies inefficient use of computa-

tional resources.

The partitioning strategy described in [Nelil988] clusters groups of, say, p processor
elements on a single processor. The p processor elements in a group are scheduled in
sequence and may therefore, be replaced by a single processor element. The analysis of
this strategy was carried out only for 1-D groups of processor elements. Independently, in
[Hori1987] the 1-D results were generalized for the clustering of 2-D groups of processor
elements. However, questions were left open such as how the groups are positioned rela-
tively to each other and under which conditions such 2-D groups do exist. In Sec-
tion 1.2.2 the two types of partitioning strategies are reviewed and in Chapter 3 it is
shown how to eliminate the shortcomings of the strategies described in [Mold1986],
[Hori1987], [Nelil988).

1.2.1 SYNTHESIZING SYSTOLIC ARRAYS FROM REGULAR RECURRENT
ALGORITHMS '

REGULAR RECURRENT ALGORITHMS AND DEPENDENCY GRAPHS

A regular recurrent algorithm has the following definition?.

2. In {Mold1983], [Rajo1987), (Bu1988), [Dong1988], [Royc1988] and [Wong1988] syétemalic
procedures are presented for the derivation of such algorithms from code written in a von
Neumann high level programming language.
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Definition 1.1 : a regular recurrent algorithm is defined to be a T-tuple
{I".V.C,Fy .Fc,s D}, where :

1. 1" is the index set of the algorithm, which is a lexicographically ordered collection
of tuples (i,....in), where the iy to i, assume values in (a sub set of) Z. A tuple
(i1,...,in) is called an index point and to each index point there is associated an

index vectori=1[i,---i,).

2. Vs a set of indexed variables that are defined at every point in the index set. A

variable a at index point i will be denoted by a (i) or a;.

3. Cis a set of control variables, which are defined with the same denotational con-

ventions as the variables in V.

4. Fy is a set of functional relations among the variables of V, restricted to be such
that, if a (i) is computed using a (i — d), then d is a constant vector, called displace-
ment vector, independent of i and the extent of the index space (if (i— d) falls out-

side I", then a (i — d) is an input variable of the algorithm).

5. Fc is a set of functions, which define functional relations between the variables of

C in a way similar to Fy .

6. s is a selector which selects functions from Fy, depending on the value of the vari-
ables in C.

7. D is the set of displacement vectors in the algorithm.

Definition 1.2 : The index set 1" and the set of displacement vectors D define a depen-
dency graph G={1",D } of the algorithm, where 1" is the set of vertices and D is the set of

directed edges.

The algorithm is said to be regular since the dependencies among the variables are con-
stant. Let B = {(i Ligd3y | 1< SN, (i) SipSui), I(ini2) SizSus(i,iz)} be a

lexicographically ordered index set and D={(d,,...,d,}. Let-C={a,,..qa},
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V={a,1,...an}, Fy ={F1,...F,}, where F;(a,,(i)...a, (@) = (a4 (i+d;)...a, (i+dy,)).
LetFe = {Fq+l}, where Fg . (a l(i)...ap )= (@ (i+dy)...a, (i+d,)). And let s be a selec-
tor function from V¢ to Fy. The regular recurrent algorithm defined by the above is
given in Figure 1.3. The selector function is implemented by the case statement and the
statement "initializations" refers to the set of input variables of the algorithm. The algo-
rithm is said to be in inpur standard form, because all variables in the domains of the

functions F;, i=1,...,g+1, are at the same index point.

MAPPING REGULAR RECURRENT ALGORITHMS ON FULL SIZE SYSTOLIC ARRAYS

From the dependency graph of the algorithm we can determine a schedule for the
computations at the index points. One possible schedule S is the lexicographical order of
the index points. This schedule corresponds to the sequential order in which the algo-
rithm in Figure 1.3 is defined. Of all possible schedules we restrict ourselves to linear
schedules [Rao1985]. This means that we identify an ordered set of parallel hyperplanes
in the index space, which contain only index points in which computations can be
scheduled simultaneously. Hyperplane k is characterized by the equation s'i = py, where
Px is a constant and s is the normal of the plane. In order to make this vector unique, we
choose it to be a vector which is such that there is at least one coprime pair of entries.
This vector is referred to as the schedule vector and the hyperplane is referred to as the
schedule plane. The sequence {py,- - .p.}, where p;4; > p;, is a new sequence of
schedule events for the computations of the algorithm. The fact that all points in a
schedule plane are independent (i.e., they can be scheduled in parallel) means that there
are no displacement vectors in a schedule plane. Hence, the innerproducts of the schedule
vector s and any displacement vector in the dependency graph is non-zero. Moreover, in
order to have causality it is further required that these innerproducts are positive. This

leads to the inequality :
s(dy ---d,]12[1 --- 1] (1.12)

So far the index points in the dependency graph have been partitioned into sets of

points which are scheduled in parallel. By mapping index points, scheduled at different
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initializations;
fori;=1toN
forio=1,(i1) tou (i)
for iz =1,(i1,iq) tous(iy,io)
case[a (i) -+ ap(i)]
[eviy - ovipli@u(i+dpy) - a,(i+dy,)=F @) - a, @)

[qul to qup] : (ap+1(i+dp+l) T aw(i+dw))=Fq(ap+1(i) g (@)

endcase
(ai(i+dy) - a,(i+dy)) = Fgua1() - a,(i));
endfor
endfor
endfor

Figure 1.3. A regular recurrent algorithm with three nested loops.

time Steps ..., Pi, Pi+1» - O @ single processor element we can minimize the number of
processor elements needed for the execution of the algorithm. Let the integer vector t
define a linei+vt,ie I" and v € Z, on which all index points are not simultaneously
scheduled. The vector t is made unique requiring that it has at least one coprime pair of
entries. Then, with an (n—1)xn transformation matrix 7, Tt =0, we can map all such
index points i + vt to a single processor element at location i= T(i+vt)=Ti. This pro-
cessor elefnent executes the computations for all the points (i + vt) e I, forv e Z. We
refer to t as the projection vector. The collection *~1={i | i=T (i +vt),ie I",v € Z}
is referred to as the processor space and is envisualized as the set of processor elements
in the full size array (FSA). A processor element i= T(i+vt) is scheduled at events
{ss@+vt)lve Z}). The set of interconnections in the FSA is given by
D= (& t d=Td, d € D} and the number of delay units along an interconnection d=Td
is given by a =s'd. (Note that if s’t =0 we would map index points, at which computa-

tions are scheduled simultaneously, on the same processor element. This is not allowed
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and therefore, it is required that s’t # 0).

Summarizing, a procedure for synthesizing full size systolic arrays from regular

recurrent algorithms is as follows :

1.

Find a solution s of the inequality :
sidy - d,1201---1L
Select a direction of projection t, such that s't = 0.

Transform the index set of the algorithm according to the rule :

)

Transform the dependencies of the dependency graph according to the rule :

Jaan- ERE) w19

Identify the set of processor elements of the FSA as the image 171 = {i} of the
index set I* under the map T . Identify the set of the interconnections between the

processor elements as the image D= { (_ij } of the set D under transformation T .

Identify the schedule sequence S (T) of a processor element i = Ti+vt,ve Z,as
the sequence S (T) = {py I py=s(i+vt), i+vt)e I* and v € Z}, which is
sorted on the values p,,.

7. Identify the delay along an interconnection E, =Td;,as a; =s'd;.

In this procedure the order of steps 1) and 2) may be reversed. Steps 1) and 2) define a

space-time partitioning of the algorithm, since the transformation 7'(i + v t) specifies the

spatial coordinates of the processor elements in the FSA and s’ (i + vt) specifies the time

coordinates at which processor elements are scheduled. Steps 1) to 7) have been imple-
mented in SYSTARS [Omtz1987], [Omiz1988], a CAD tool for designing systolic



18 1. INTRODUCTION

arrays from regular recurrent algorithms.

To illustrate the above procedure, we give an example of designing an FSA for the
matrix-matrix multiplication FX =X, where F = [fij}, X =[x;;] and X= [};j] are NxN
matrices. The matrix-matrix multiplication is written as a regular recurrent algorithm as

shown in Figure 1.4.

The index set I3 of this algorithm is the subset I3 = {(i,j,k) | 1<i,j ,k <N} and the
set of displacement vectors is D= {[0 1 0]*, [1 00}, [0 0 1}*}. The dependency graph
DG = (I3,D} is depicted in Figure 1.5, for N =4. At a vertex (i,j,k) the variables
fij+14s Xi+1,j & and X; j x4 are computed and communicated to nodes at relative position
[010],[100) and [0 0 1)%, respectively.

Let us make the choice s=[11 1] for the schedule vector and t=[00 1]* for the

projection vector. Then, we may choose for the transformation T :
100
r= [0 1 o] :
By applying the transformation [T’ | s]' to the index vectors of I3 and the displacement
vectors of D we obtain a 4x4 systolic array for matrix-matrix multiplication as shown in

Figure 1.6. The orientation of the interconnections and the number of delays per inter-

connection are found from (1.14).

At the inputs at the bottom of the array we find the columns of the matrix X and at
the inputs at the left we find the rows of the matrix F. The elements of the matrix X are “
computed iteratively according to Figure 1.4 and stored in the delays of the loops. Note
that variations in the projection vector t cause variations in the topology of the systolic
array. Similarly, variations in the schedule vector s cause variations in the number of

delay units along the interconnections of the systolic array.
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fiox = fi; /¥ initialization */
X0,k =Xgj; [* initialization */
%;.j.0=0; /* initialization */

fori =1toN
forj=1wN
fork=1wN

fijnk=fijk
Xit1,j.k = Xij ks
Xijker =X j g+ FijuaXijh
endfor
endfor

endfor

Figure 1.4. Regular recurrent algorithm for matrix-matrix multiplication.

1.2.2 MAPPING LARGE PROBLEMS TO SMALL SYSTOLIC ARRAYS

A systolic array designed by the procedure outlined in the previous section, has a size
which is proportional to the "accidental” size of the problem. Execution of the problem
with a different size requires a re-scaling of the array. Here we face a difficulty with ever
growing sizes of the problem. In practical situations there is a limit to the up-scaling of a
systolic array, due to technological and economic reasons. Hence, it is important to look
for partitioning strategies which can solve this scaling problem, so that once the array has

been designed it does not have to be re-scaled for a particular problem size.

The partitioning strategies introduced here, act directly on the full size array. The
number of processor elements of this array is directly proportional to the size of the prob-
lem at hand®. The FSA is reduced to a desirable size, yielding a so-called reduced size
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Figure 1.5. Dependency graph of matrix-matrix multiplication for N = 4.

array (RSA). It correctly executes the problem partitions and is again systolic.

Common to partitioning strategies is the tessellation of the FSA in tiles of, say, p pro-
cessor elements each. The way in which the computations in these tiles are scheduled -

will determine the RSA and how the problem partitions are scheduled on the RSA. The

3. Partitioning of the problem itself [Hell1985] is equivalent to the partitioning of the full size
array, since problem and array are equivalent with respect to the dependency graph. This
equivalence is due to the fact that the transformation matrix in (1.13) is non-singular.
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Figure 1.6. A full size systolic array for 4x4 matrix-matrix multiplication.

various ways in which an FSA can be partitioned can be traced to either of the following

three cases (or combinations of these) of scheduling the computations of the tiles on a
(yet to be designed) RSA.

1.

All computations in a tile of the FSA are executed by a single processor element of
the RSA. Thus the RSA has as many processor elements as there are tiles in the
FSA. In general the processor elements and the topology of the RSA are different
from those of the FSA.

The computations of all tiles in the FSA are executed in pipeline on an RSA. The
RSA has the same number of processor elements as a tile and the same intercon-
nections as the FSA. Pipelining among the computations of a single tile, if existing

in the FSA, as well as the sequence of computations in a tile is preserved in the
A
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RSA.

3. The same as the previous case, except that there is no pipelining among the com-

putations of different tiles.
We shall briefly discuss these three cases in sequence.

Casel:

As an example of the first case we partition the 4x4 matrix-matrix multiplication exam-
ple. Choosing schedule vector s =[1 2 4)%, we obtain a pattern of activity as shown by the
snap shots in Figure 1.7. The self-loops are omitted for the sake of clarity and the active
processor elements are hatched. In this pattern we can distinguish tiles of 4 processor

elements each. In a tile one and only one processor element is scheduled at any time.

Hence, the 4 processor elements in a tile may be replaced by a single one, a so-called
cluster processor. In this way the full size array of 16 processor elements is reduced to an
array of only 5 processor elements. This method of partitioning is referred to as the
local-sequential-global-parallel (LSGP) partitioning strategy. The name refers to the fact
that the processor elements in a tile are scheduled sequentially, while processor elements
in different tiles may be scheduled in parallel. A tile is referred to as cluster. The proces-
sor elements in a cluster are called virtual processor elements. The processor elements in

the RSA are the cluster processors.

The cluster processors have selectors which select the correct input (a feed back from
the processor element itself, or an output of another cluster processor) at the right time. .
These selectors require control information which is derived from the sequencing of
activities in a tile. The cluster processors also have state registers which store the inter-

mediate results.

Observe that there is always one and only one processor element active at a schedule
time step when shifting the pattern of tiles across the FSA. For instance, we can shift the

pattern over a distance of one column of processor elements to the right and still there is
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Figure 1.7. Snapshots of the tiles in the FSA for schedule vector s* =[12 4)*.

one and only one processor element active in a tile, at a schedule time step. Depending
on the shape of the FSA the pattern of tiles may be shifted in a position where the FSA is
covered by a minimum of tiles. For instance, the positioning of the pattern of tiles in Fig-
ure 1.7 requires 5 tiles to cover the complete FSA. Shifting the pattern over a distance of
one row up needs 8 tiles to cover the complete FSA. And since the number of tiles is
equal to the number of cluster processors in the RSA, it follows that the positioning in
Figure 1.7 results in only 5 cluster processors, compared to the 8 processors of the second

positioning.

The LSGP partitioning strategy was considered in [Neli1988] for 1-D clusters, and in
[Hori1987] for 2-D clusters. The analysis given in [Hori1987] does only find a set of
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processor elements which may be clustered, but leaves open questions such as how the
clusters are positioned relatively to each other and under what conditions which type of
2-D clusters can be proven to exist. As can be seen from Figure 1.7 (s =[1 2 4]) and
Figure 1.8 (s* =2 3 6]) the clusters can form different patterns, due to different relative
positions. Moreover, the relative positions seem to be predetermined by the choice of
schedule vector. For example, the relative positions of clusters in Figure 1.8 are not pos-
sible for schedule vector s’ =[1 2 4] in Figure 1.7. In Chapter 3 an analysis is given to
show under what circumstances which 2-D (and 1-D) clusters with certain relative posi-

tions exist.

Case2:
As an illustration of the second case of partitioning we tessellate the matrix-matrix multi-

plication array of Figure 1.6 in 4 tiles, as shown in Figure 1.9.

In this partitioning strategy the RSA is identical to a single tile of processor elements
in the FSA. The computations of a tile are scheduled on the RSA in the same way as they
are scheduled in the tile itself, whereas the computations of different tiles are pipelined
on the RSA. This partitioning method is referred to as the local-parallel-global-pipelined
(LPGP) partitioning strategy. The name refers to the fact that the processor elements in a

tile are scheduled in parallel, while the tiles are scheduled in pipeline on the RSA.

Let us denote (in clockwise direction, starting at the bottom left tile) the tiles in Fig-
ure 1.9 by (1,1), (1,2), (2,2) and (2,1), respectively. Now, since all computations inside
tile (1,1) precede the computations in the other tiles, the computations for this tile are the -
first ones to be scheduled on the RSA. The initialization data for the computations of tile
(2,1) are collected in the buffers connected to the horizontally oriented outputs of the
RSA (see Figure 1.10). Similarly, the initialization data for the computations of tile (1,2)

are collected in the buffers connected to the vertically oriented outputs of the RSA.

After the last computation of the bottom left processor element of tile (1,1) has been
scheduled on the bottom left processor element of the RSA, the computations in either

tile (1,2) or tile (2,1) may be scheduled on this processor element. In this way the
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Figure 1.8. Same as Figure 1.7, but for schedule vector s’ =[2 3 6].

Bt

computations of different tiles are pipelined on the RSA. We may arbitrarily select the

next tile, for instance tile (2,1). Now the data collected in the buffers at the vertically
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Figure 1.9. Tessellation of the matrix-matrix multiplication array.

oriented outputs of the RSA are part of the initializations of the computations of tile
(2,2). After the last computation of the bottom left processor element of tile (2,1) has
been scheduled on the RSA, the computations of tile (1,2) are scheduled. The data which
is collected in the buffers at the horizontally oriented outputs of the RSA are the rest of
the initializations for the computations of tile (2,2). Finally, the computations of tile (2,2)
are scheduled on the RSA, after the last computation of the bottom left processor element
of tile (1,2) has been scheduled.

Case3:

The third case is identical to the second one, except that the computations of the next tile
are scheduled only after the RSA has finished all the computations of the previous tile.
That is, the computations in different tiles are executed sequentially on the RSA. The
disadvantage of this case, compared to the previous one, is obvious. This partitioning
method is referred to as the local-parallel-global-sequential (LPGS) partitioning stra-
tegy. The name refers to the fact that the processor elements in a tile are scheduled in
parallel, while the tiles themselves are scheduled sequentially on the RSA. Partitioning
strategies with such schedules are found in [Fort1985], [Hell1985] [Mold1986].
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Figure 1.10. Snapshots for the contents of the buffers of the RSA.

The LSGP and the LPGP strategies are two partitioning methods which offer impor-
tant advantages in the design of practical systolic arrays of fixed dimensions. These
advantages are the following. In general the processor elements operate at a much higher
I/O bandwidth than busses which supply data to and receive data from the processor ele-
ments. If clusters are large enough in an LSGP partitioning, there will be a considerable
number of processor elements in each cluster; which do nét communicate with processor
elements outside the cluster. Since the LSGP partitioning has the effect of serializing the
computations in the clusters, the [/O bandwidth of the cluster processors is reduced by a
certain factor. Careful choices of cluster sizes may lead to a close match of the I/O
bandwidths of the cluster processors and the busses, be it at the expense of increased

local memory.

In the LPGP partitioning strategy the I/O bandwidth of the processor elements is

unaffected by the partitioning. Moreover all memory to hold the initialization data for the



28 1. INTRODUCTION

computations of the tiles is kept outside the RSA itself. This means that the number of
processor elements of the RSA and the amount of local memory of a processor element is
independent of the size of the instance of the problem. Thus, a combination of the two
partitioning strategies may well serve the purpose of solving such important design issues
such as I/O bandwidth matching and problem size independency. In Chapter 3 of this
thesis a detailed analysis is given of both partitioning strategies. Additional problems,

that appear at the boundaries of an FSA when tessellated, are also discussed® there.

4. These are problems caused by an incomplete number of processor elements in tiles that may
extend across the boundaries of a tessellated FSA. See e.g., Figure 1.7 and Figure 1.8.
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2. A CLASS OF HIGHLY STRUCTURED ALGORITHMS
FOR SOLVING SYSTEMS OF LINEAR EQUATIONS

In this chapter a class of feed forward rﬁethods is presented for solving non singular
.systems of linear equations Ax=b, A € R™®" and be R". The presentation has the
following outline. First, in Section 2.1 it will be assumed that the lower triangular factor
L and the inverse X ! of the remainder X in the factorization A = LX are given. It is then

explained how the solution x is obtained from the augmented matrix :

b 0 1

Lt x™ 0]

by applying a series of either linear, orthogonal or hyperbolic rotations to this matrix.

Next, in Section 2.2 it is shown how the factors L* and X~ are properly generated
and combined with the result of Section 2.1, to give simple feed forward methods for
solving Ax =b. In Section 2.3 the numerical stability of the methods is discussed and in
Section 2.4 it is shown that one of the methods is in fact a semi-direct method, in contrast
to the rest, which are all direct methods. Finally, in Section 2.5 it is shown how the
methods of Section 2.2 can be géneralized to perform computations of the kind
CA™'B +D. This generalization is similar to the generalization of Faddeev’s method
[Fadd1959].

2.1 FEED FORWARD COMPUTATION OF x=4"!b

LetAe RV bea non-singular matrix and let be R™ be a column vector. The

solution of the equation :
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Ax=b @0
may be expressed in terms of a given lower triangular factorization :
A=LX (2.2.0)
where L is a lower triangular matrix and the matrix X is one of the following :
1. X =Uis upper triangular (LU factorization of A);
2. X=Q is orthogonal (QQ* = Q'Q =1) (LQ factorization of A);
3. X=L' is the upper triangular Cholesky factor of the matrix A in case it is sym-

metric positive definite (LL' factorization of A).

Hence, denoting

Ly=Db, (2.2.b)
Equation (2.1) becomes
Xx=y. 2.2.0)

Equations (2.2.b) and (2.2.c) can be rewritten as follows :

e

1 0=0 (2.3.2)
'X—t

by 1), =X (2:3.b)

The computation of x in (2.3.b) is based on the following observation. The matrix
[L | =b]" in (2.3.a) is a rectangular (N +1)xN matrix, so that it can be reduced to an upper

triangular form, with zero last row, by applying a proper sequence of rotations to the

Ll
matrix. Then, since the last row, say r, of this product of rotations satisfies r [ b’] =0,it

must be proportional to [y* 1], given that A is non-singular. Therefore, when this row is
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substituted for [y’ 1] in (2.3.b), the result will be a vector proportional to the solution

vector x'

Thus, let the sequence of rotations applied to [L | —b]' be denoted by the
(N+1)x(N+1) matrix O(m), withm e {0,1,—-1} :

-

N
O(m) = [1©;(m), (2.4.2)
i=1 :

with :

I

cos (m x/‘oc,') —m %sin (m V‘oc,-)
B;(m) = Inoi (2.4.b)

m™%sin (mv‘oc;) cos (m%a;)
and such that :

O(m)

Lt R (m)
=] o | | @5)
where R (m) is upper triangular. That is, the angles o; are chosen such that an upper tri-

angularization of the matrix [L | —b]" is obtained in the recursion :

Li} i L'
_bf =. lel(m) kK i=1,2,..,N, (2.6.2)
j:

where :

bi=1[0" -0 bsi) . b;\l’)—l] (2.6.b)

t
The matrix ©(m) is Z(m)-orthogonal, i.e.,

O (m)Z(m)B(m) = Z(m), @7
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with :
Iy
T(m)= [ ol (2.8)

For m =£1, we also have that :
O(m)Z(m)®' (m) = Z(m). 2.9)

As yet we have to prove that the angles o; exist for given lower triangular matrix
L= [I‘-j] and vector b = [b;] in either of the cases m € {0,1,-1}. Form =0, o; =—bTEf)—
(allowing pivoting in case of zero pivots). Using linear rotations, m =0, amounts to an
LU factorization in (2.5), with U=[R'(0) | 0]. For m=1, tan (a,-)=—££—) always
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exists, since the function tan (o) has image R. Using orthogonal rotations, m =1,

amounts to a QR factorization in (2.5), with R = [R*(1) | O]‘.

The use of hyperbolic rotations, m =—1, is restricted to special cases. Namely, to

those cases where the elements of the matrix L and the vector b are such that
b
I tanh (o) = l—l—l < 1. Only then do the hyperbolic rotations exist. The following

i

proposition states for which case @(-1) in (2.5) exists.

Proposition 2.1 :
Let L € RY¥ be a lower triangular matrix andbe R N a vector, such that :
LL' —bb' > 0. _ (2.10)

Then, there exists a matrix ©(-1) as defined in (2.4.a) and (2.4.b) for m =-1, such that :
Lt R(-1)
_bl = 1 (2 1 1)

0(-1) o
where R (—1) is upper triangular.
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Proof :
For a proof we refer to Appendix A.
0

The case m =~1 may seem superfluous since it puts a restriction on the vector b (see
(2.10)). But, as we shall see in Section 2.4, this case is important for computation of max-

imum entropy approximations of the solution vector.

The proportionality constant between the last row of the matrix ©(m) and [y* 1] can
be found from the properties of the matrix ®(m), as follows. Write for the (N +1)x(N+1)
matrix O(m) :

©11(m) 812(m)

O(m) = [ , ®11(m) e RV, (2.12)

0% (m) k(m)

where k (m) is the proportionality constant. For m = 0 it follows from (2.4.a) and (2.4.b)
that & (0) = 1. Hence, 0,1(0) = y and, consequently :

(2.13)

0! xl .

Lt x
6(0) ‘:_bt 0!

R (0) *}

This equation expresses an LU factorization of the matrix [L | —bJ’. For m=1 or
m = -1 we substitute (2.12) in (2.9). This gives :

mk (m) + 0%, (m)By; (m) = m.

Hence, with y = k™! (m)B3, (m) it follows that :

k(m)=(1+my'y)™. (2.14)
Thus:
Lt x*ol [Rem) * * )
O(m) B ¢ 1T 0 ke k)| ™€ {1, -1}. (2.15)
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Using the Z(m)-orthogonality of ®(m), we get from (2.15) LL’ + mbb’ =R*(m)R (m), so
that (2.15) expresses an updating and a downdating of a Cholesky factorization for m = 1

and m = -1, respectively.

A numerically important property of the case m =~—1, for LL’ — bb’ > 0, is stated in

the following theorem.

Theorem 2.1 :

Let L € RYY be a lower triangular matrix and b € RY, such that the matrix :

1 -b*
-b LL'[

is positive definite with all its main diagonal entries equal to 1 (this is accomplished by a

’

trivial normalization). Then, the magnitude of all entries of the matrices L; and the vec-

tors b; in the recursion (2.6.a)-(2.6.b), for m = -1, is bounded by 1.

Proof :

The proof is deferred to Section 2.2.3.

2.2 THE CLASS OF FEED FORWARD ALGORITHMS

In this section it is shown how the results in (2.13) and (2.15) are combined with the

lower triangular factorization of the matrix A, to obtain feed forward methods for solving
Ax=Db.
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2.2.1 LUFACTORIZATION

Let A =LU be an LU factorization of the matrix A. Then, an LU factorization of the

augmented matrix [A* | Iy] will give :
TUIA* VIN)=[LF ' U], (2.16)

where U = U™. L' and U™ are the matrix factors appearing in (2.3.2) and (2.3.b). Le.,
X=U" in (2.3.b). Next, we show how either of the possible factorizations in (2.13)
and (2.15) are combined with the LU factorization in (2.16), such that a feed forward

method is obtained for solving Ax =b. Put:

U,‘j= I;_; , Lj=1,.,N-1. 2.17)

[ U

The entries of the first column of the strictly lower triangular part of the matrix [A* | Iy]
N1
are eliminated by premultiplication with []U;,, with appropriate «;;. Hence, the first
i=1
row of the resulting matrix will be the first row of the matrix [L* | U™*]. Next the first
rotation ©;(mn), in the product ©(m) in (2.4.a) is applied to this row and the vector
[—b’ 1 0/}, such that the first entry of —b’ is eliminated. Secondly, we eliminate the ele-
ments of the second column of the strictly lower triangular part of the matrix
N1 N-1
(TTU:IA® | Iy], by premultiplication with I1 Uiz, with appropriate o; . Thus, obtain-
i=1 i=2
ing the second row of the matrix [L’ | U™]. Next, the second rotation ®,(m), in the pro-
duct ©(m) in (2.4.a) is applied to this row and the vector that resulted from the applica-
tion of the rotation ®; (m) on [-b’ 1. 0°]. ®,(m) is chosen such that the second element of
this vector is eliminated. The above procedure is repeated until all the elements of the

vector —b’ are eliminated against the pivots of the matrix L’.
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Thus, we get the following feed forward computational scheme for Ax=b :

, N-1 N1 A Iy 0
9N(m)(eN—l(m)UN._.l_N_l) te (@2(m)n U"Z)(@l(m)HUil) O -
i=2 i=1
O k(@)X k(m) . (2.18)

(m e {0,1,—1}). Note, that allowing m=-1 is constrained to the condition that
LL' -bb’ > O;Iwherc L is the lower triangular factor of the LU factorization of the matrix
A. ‘ ‘

Observe that (2.18) expresses an LU factorization of the matrix [A | —b)’ in case we

use linear rotations for the ©;(m) (m =0). Le., :

©

No1 N-1 A'l (R
ONO)ON-1(OUN-1N-1) - OO T U )OO TTUi) | 4| = o | (2.19)
i=2 i=1

bt
Since the LU factorization of a matrix is unique, it follows that different orderings of
linear rotations can be applied to obtain the result in (2.18). For instance, the following
order of linear rotations (indicated by combinations (i,j) of row i and row j) gives the
same result as in (2.18) :
(NV,N+1), N-1,N), ..., (1,2) followed by (V,N+1), (N-1,N), ..., (2,3), etc.

A possible regular, systolic processor array which uses the scheme of linear rotations
in (2.19) is shown in Figure 2.1 for N =4. This array is identical to the one in -
Figure 1.1(a), except that now the processor elements perform linear rotations and there
is an extra row of linear rotors for the elimination of the elements of the vector
b=1[b; by b3 b4
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0000-b, —bs-by—b; --- l—s X4..X; 0.0

5 Pyt

100044 a4 a43 841 - - t o
0
0100as3 as ay - Doy
£l 6 )
0 ,
00104y axnapay — y ¥

0001aya3aay,

gk

Figure 2.1. Systolic array for the feed forward LU method.

2.2.2 QR FACTORIZATION

Let A = LQ be the LQ factorization of the matrix A. Then, a QR factorization of the
matrix [A’ | Iy] will give :

Q[A' 1 Iy]=[L" 1 0], (2.20)

where —Q- =Q. L' and Q are the matrix factors appearing in (2.3.a) and (2.3.b). Le,,
X' =Qin (2.3.b). The factorizations in (2.13) and (2.15) are combined with the factori-
zation in (2.20) in the same way as was explained for the LU factorization of [Af 1 Iy),

but using circular rotations for the QR factorization of {A* | Iy]. That is, putting :
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I

cos ((l,'j) —sin (a,-j)
Qij= Ii_j , Q21
sin ((l,'j) cos ((X,'j)

I

we get the following feed forward computational scheme for Ax=b:

-

N1 N1 A' Iy O
ON(m)ON-1(m)ON-1.n-1) -+ @2(m) ] Qi) @1 (M) [T Qi) |, o1l
i=1

i=2

R(m) * *
o k@m)Xx k@m) (2.22)

(m € {0,1,-1}). Note, that allowing m =-1 is constrained to the condition that
LL' —bb* > 0, where L is the lower triangular factor of the LQ factorization of the matrix
A.

Observe that (2.22) expresses a QR factorization of the matrix [A | -b]’ in case we
use orthogonal rotations for the ®;(m) (m = 1). Le., :

NT1 N1 Al R (1)
ON(D(Oy_1(1)ONn-1,n-1) - O2NTIQi2)O1(VHTT Ci1) = o | (223) -
i=2 i=1 R

Since the QR factorization of a matrix is unique, it follows that different orderings of
orthogonal rotations may be found by which the result in (2.23) is obtained. For instance,
the following order of orthogonal rotations (indicated by combinations (i, ) of row i and
row j) gives the same result as in (2.22) :

(N,N+1), (N—-1,N), ..., (1,2) followed by (N,N +1), (N-1,N), ..., (2,3), etc.

A regular, systolic processor array which uses the scheme of rotations in (2.23) is



2.2. The class of feed forward algorithms 39

identical to the one in Figure 2.1, except that the processor elements perform Givens

rotations.
2.2.3 SCHUR-CHOLESKY FACTORIZATION

If the coefficient matrix A is a symmetric positive definite matrix, a fast Cholesky
factorization of the matrix is possible with the so-called Generalized Schur algorithm
[Depr1982)], [Delo1984]. This algorithm is a generalization of the Schur algorithm for
the Cholesky factorization of a symmetric and positive definite Toeplitz or close to Toe-
plitz matrix [Dewil978), [Lev1984]. First we shall present the generalized Schur algo-
rithm and its properties, after which it is shown how to combine this algorithm with the

factorizations in (2.13) and (2.15), in order to obtain feed forward algorithms.
The Generalized Schur algorithm

Theorem 2.2 :

Let A =[a;] € RY¥ bea symmetric positive definite matrix, normalized such that

we can write
A=R; +Iy+R}, 2.249)
where Ry =[a;j], i > J, is the strictly lower triangular part of A. Put :

U=Rp +Iy (2.25.2)

Y=R;. | (2.25.b)

Then, there exists a matrix product ® € R WX .
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N-IN-1
o= H H(D,'j, (2.26.a)

=i

of embedded plane hyperbolic rotations :

I; _

cosh (o) sinh (0y;)
;= Inojo1 , (2.26.b)
sinh (o) cosh(o;j)

Ingj-ia1

such that the Cholesky factor L' of the matrix A satisfies :

Ll Ul
ol= () vl 2.27)
Proof :
We refer to Appendix B for the proof.
]

The hyperbolic rotations Py, Pg41 4, -..» Py-1k in the planes (k+1,N+1), (k+2,N+2),
..., (N, 2N k), respectively, eliminate the elements on the (V—k+1)st diagonal of the

matrix :
k<IN-1 Ut
H H (bif Y
j=1 i:j
The matrix @ is J-orthogonal, i.e. :
S ID=DJP =, (2.28)

with :
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J=Iy ©-y. : (2.29)

The product form in (2.26.a) implies a diagonal-recursive form for the computation of
the Cholesky factor of the matrix A :

Up=U, Yo=Y
7 Ut

=0
Y

J Y;'_l' y J= 1:-"$N—1 (2.30)

Uva=L, ¥y,=0,
where
N-1
;= I1;. 2.31)
l‘—‘j

From Theorem 2.2 the factor L’ is obtained as required in (2.3.a). It remains to show how
the factor X" = L™, is obtained for use in (2.3.b). For this purpose we need the follow-

ing corollary as it follows from Theorem 2.2.

Corollary 2.1:

The J-orthogonal matrix @ in (2.26.a} is of the global form :

L' ollu -
o= ol |y gyl (2.32)

where
A =LL'=RR' (2.33)

(L is lower triangular and R is upper triangular).

Proof :
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Let < be partitioned in 4 Nx/ sub matrices :
® D D
TP Pnaf

Then, it follows from (2.27) that :

G U + DY =L} (2.34)
and

@, U+ DY =0 (2.35)
With :

S=Uly=yuL (2.36)

(as follows directly from (2.25.a) and (2.25.b)), Equation (2.35) becomes :

Dy, =D S’ 2.37)
Since @ is J-orthogonal, it follows that :

@y, = Oy ) B35 =D, S. . (2.38)
Substituting this in (2.34) gives :

@, U (UU -YHUT =L'U™,
with :

Uu'-yy'=A=LL', (2.39)
as follows from (2.25.a) and (2.25.b). Thus,

@, =L"'U (2.40)

and, consequently :
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®,, =-L7y. : (2.41)
From the J-orthogonality of @ it follows that :

Dy ®Y; — D Doy =1Iy.
Using (2.35) and (2.34), this becomes :

(@nUHA(@pU ™Y =Iy. . (2.42)

But, from (2.26.2) and (2.26.b) it follows that ®,; is upper triangular and hence, ®p, U™
is upper triangular. From the uniqueness of the upper-lower triangular factorization of a

square matrix it follows that :
®pU~ =R, (2.43)
O

From the global form of the matrix ® it immediately follows that the factor L7} is found

L-l

Remark : Using (2.25.a) and (2.25.b), a simple calculation shows that the upper triangu-

from :

Iy '
-0 M. (2.44)

lar factor R is obtained from :

0
RI

Y

=(DU

’

where @ is the same matrix as in (2.27).

Feed forward direct methods with Schur-Cholesky factorization

In the preceding it was shown how to obtain the Cholesky factor L’ and its inverse
L7 as required in (2.3.a) and (2.3.b). Next it will be shown how either of the possible

factorizations in (2.13) and (2.15) are combined with the generalized Schur algorithm,
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such that a feed forward algorithm is obtained.

The first row of [U' | Iy] (U is as given in (2.25.a) is the first row of the matrix
[L' 1 L] (L is the Cholesky factor of the matrix A). Application of ®; () to this row
and the vector [-b' | 0') eliminates the first element of —b’ for a proper choice of the
angle o;. Next, the rotations @y, @), ..., Oy_;.1 are applied to the matrix [U Y ]*. The
result being that the Nth lower subdiagonal of this matrix is eliminated and the second

row of the matrix :

Nt Ut Iy
H‘D'l t

i=1 : Y ]N
is equal to the second row of [L' | L™']. Now a rotation ©,(m) is applied to this row and
the vector that resulted from the application of ©;(m) to [-b* | ). This procedure is
repeated until all elements of the vector —b' are eliminated. With the following embed-
ding of the matrices ®;(m) in (2.4.b) :

[ ‘ ]
/i1

cos (m 1’5(!;) -m"sin (m l/‘ct,-)

[8i(m)] = , (2.45)

T

=1 - 1
m™%sin (m Aa,-) cos (ml/’a,-)

we get the following feed forward computational scheme forAx=b:
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N1 N-1
[ONM)I([On -1 (M)} ( Py n-1 ©1) - - ([O2(m)] [T (Di2 @ )[O (M ] (Pi1 D))
i=2 i=1 .

U Iy 0 R(m) * *
Yt ]N 0 = O * * (2.46)
-b' O 1 0" k(m)x' k(m)

(me {0,1,-1}). Note that, allowing m=-1 1is constrained to the condition
LL! —bb > 0. In this case (2.46) expresses the Cholesky factorization of the positive
definite matrix A —bb’. Indeed, since the product of hyperbolic rotations in (2.46) is
orthogonal with respect to the signature matrix J =(Iy ©-Iy,1), we deduce that
A —bbf =R'(~1)R (~1). And since the Cholesky factorization of a symmetric positive
definite matrix is unique it follows that R'(=1) is the Cholesky factor of the matrix
A —bb’. A systolic processor array for the execution of the above scheme of rotations is

given in Figure 2.2 for N=4 and m = ~1.

The processor elements on the first diagonal of the lower 3x3 triangular part that pro-
cess the entries of the matrix A, eliminate the Nith lower subdiagonal of the matrix
[U Y —bY'. The processor elements in the ith (i >1) diagonal of this lower 3x3 triangular
part eliminate the (N ~i+1)sz lower subdiagonal of the matrix that results after i ~1 steps
in (2.46). The processor element at the top of the ith column of this lower 3x3 triangular
part produces the (i+1)th row of L' and LY. These rows are used in the upper row of 4

rotors, which compute k (—~1)x’ and k (-1).

Lemma 2.1 :

Let the following be given. A € R NN is a symmerric positive definite matrix with its
diagonal entries equal to 1. be R is such that A ~bb' > 0. B ¢ RWIW+D g e

positive definite matrix ;
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10000-b,-b3-b, b,

& i)

| o k(=1) k(=1)x,..k(~1)x, 0.0

00001a,ay3a), ——
00010ayay > ¥
9 o
00100as, ~ =y y
1 1 1 x
a, an as, 0
a; ay 0 0 X' cosh (o) sinh(o)] [x
‘1114 (1) (1> ? v |~ |sink(a) cosh(@)| |y
0 0 0 0
0 0 0
0 0
0

Figure 2.2. Systolic array for the feed forward Cholesky method.

1 -b
B = b Al
U is the upper triangular part of the matrix B :

1 -b

b=
UB 0uf

]

and Y% is the strictly upper triangular part of the matrix B :

g 0 -b'
B= 1o y'y
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(247)

(2.48.a)

(2.48.b)

where U* and Y' are the upper and strictly upper triangular part, respectively, of the
matrix A. Let @ be the sequence of hyperbolic rotations as in (2.26.a)-(2.26.b), with N
substituted by N +1, that obtains the Cholesky factor of the matrix B by premultiplication

of [Ug Ygl* with ®. Then, the solution x of Ax = b satisfies the equation :
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.
b R(-1) | x
0 U I Iy, i
Q|l— — + = + . (2.49)
0 b | 0 1 k(=1) k(-D)x!
0 Y I Iy, o | x

Proof :

The proof follows immediately by noticing that the arrangement of the rows in
[Up Yg]* and the choice of the sequence of rotations in ® gives rise to the same angles

and accumulation of product terms of the product sequence in (2.46).

Contractivity

The use of hyperbolic rotations deserves special care. When applying a hyperbolic

plane rotation to a vector [x, x;] :

cosh(a) sinh (o)
fx1 x2] sinh () cosh (o) =[y; y2l,

the square of the length of the vector [x, x,] is preserved when measured with respect to
the metric =1 ©-1. Le., x} — x} =y% ~y%. However, the elements y1 and y, may be
very large in this equation, even when x| and x, happen to be small. Such behavior leads
to numerical problems. Therefore, it is important that we guarantee in the generalized
Schur algorithm that excessive element growth does not occur. This is indeed the case,

as stated by the following theorem.

Theorem 2.3 :

Let Ug=Upg and Yo =Yg in recursion (2.30). Then, since the absolute value of the
elements of Up and Yp is bounded by 1 in (2.48.a) and (2.48.b), respectively, the
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absolute value of the elements of U; and Y; in (2.30) is also bounded by 1.

Proof :
We refer to Appendix C for the proof.
O

Referring back to Theorem 2.1 in Section 2.1, we observe that the recursion stated there
is contained in the recursion on U% and Y} in (2.48.a) and (2.48.b). Hence, the proof of

Theorem 2.1 follows directly from Lemma 2.1 and Theorem 2.3.

Economized Schur-Cholesky factorization

In case the coefficient matrix is a  Toeplitz  matrix, e.g.,
A=lajlaj=a,nle RM¥ or a close to Toeplitz, symmetric positive definite
matrix, the amount of computations involved in the generalized Schur algorithm can be
drastically reduced as is shown by the results in [Lev1984]. Let the matrix Z be the lower
shift matrix :

Z=| .. (2.50)

and define the so-called box operator on the matrix A as follows [Kail1979] :

OA =A —ZAZ". (2.51)
Then, [JA can always be decomposed as follows [Kail1979] :

A4 =GSG', (2.52)

where the signature matrix S is of the form § =1, ®-I, with p + g =r <N. The matrix

G' € R™¥ is such that there exists an S-orthogonal matrix P, such that :



2.2. The class of feed forward algorithms 49

(GP)Y = , (2.53)

where 8' =[8; -+ Syland=[y;) e RW-Dx-D),
Remark : In case the matrix A is a Toeplitz matrix, we have S =1 ®-1 and G is the fol-
lowing matrix (assuming that the matrix A is normalized such that a; = 1) [Dewil978] :

G'= (2.54)

lap *** aw }

Oajz ** ayna

In [Lev1984] it is explained how the rows of the Cholesky factor L! of the matrix A are
computed through elimination of the columns of the matrix I'* in (GP)', with S-
orthogonal rotations. The entries of the first column of I¥ can be eliminated by shifting I
one column to the left and applying (p—1) circular rotations in the planes (1,2), (1,3), ...,
(1,p), such that the first p—1 entries of the first column of I' are eliminated. Next, the
remaining entries can be eliminated by applying (r—p+1) hyperbolic rotations in the
planes (1,p+1), (1,p+2), ..., (1,r). The first row of the Cholesky factor L* of the matrix A
is equal to the modification of the row & after the sequence of rotations. Next, the new
matrix T can be shifted one column to the left and again such a sequence of appropriate
(p—1) circular and (r—p +1) hyperbolic rotations can be apf)lied, such that the elements in
the second column of IV are eliminated. The second row of the Cholesky factor is now
equal to the modification of the row vector &, which results after this second sequence of
rotations. The shift and rotate procedure is repeated until all columns of I have been
eliminated. The inverse Cholesky factor L™ of the matrix A is found by applying the

rotations to the column vector [10---0 1. The number of operations is reduced to
r-2

O@N 2), compared to the O (N 3) operations of the generalized Schur algorithm.
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Combining these economized Schur-Cholesky factorizations with the possible factori-
zations in (2.13) and (2.15) results in efficient solvers as shown in Figure 2.3. The rectan-
gles denote the rotors and the squares marked by "D" denote a unit delay. The entries of
the factors L* and L™ appear at the taps after the delays. An example of such a solver
can be found in [Jain1986a] for an application in speech coding. Note that the number
of rotors in Figure 2.3 for the elimination of a column of I is equal to r—1, where r may
range from 2 to N. The case r=2 corresponds to the Toeplitz case and r=N leads to the

full complexity of the generalized Schur algorithm.
2.3 NUMERICAL STABILITY OF THE ALGORITHMS

In the numerical stability analysis of the feed forward direct methods of Section 2.2
the central issue is the study of the propagation of roundoff errors due to finite precision.
Detailed numerical stability analyses of the LU factorization with linear rotations, the OR
factorization with circular rotations and the LL' factorization with hyperbolic rotations
can be found in, for instance, [Golul983], [Gent1975] and [Bult1981], respectively.
Since the methods of Section 2.2 can all be deduced to either of these three types of fac-
torizations, a detailed analysis of the numerical properties of the methods shall not be

given here. Instead, an intuitive explanation shall be given.

The result of an operation f applied to a vector u in finite precision arithmetic will be
denoted as f1(f (u)). The relation between the finite precision and exact result is the fol-

lowing :
AF W) =1 +n)f (u), (2.55)

where 1} is bounded by the machine precision. Notice that (2.55) is a generalization of the
case where f denotes either a scalar addition, subtraction, multiplication or division, as
found in [Golul983]. Let f;, i,j=1,2 be the functions that determine the ij-entries of a
plane rotation © from a vector u. Let the matrix © denote the matrix that results when the

entries are computed in finite precision arithmetic. Then, Qis represented as follows :
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- . - - 0 Yir o Y 1
— 02 .. W2 0
Ovi1...W:1 0
G\—e.... 3 E 8]52...6N1
k(-1)x', k(=1) I 0by by..byl
Figure 2.3. Solver with economized Cholesky factorization.
5 () fif2(w)) (1)) (14M32)f12(u)
= 2@ AER@)| ™ [(1ma)fa10) (4n)fn@ ) (2.56)

where the m;;, i,j=1,2, are bounded by the machine precision. Putting
N=max (1M1 !,IM21, M2 1,1M221) we find the following upper bound for the Fro-

benius norm of the matrix © :

Y
[1©11p < (14+7) [22; )Z:f,?j(u)] = (1+m)1 1011 5. .57)

i=1j=1

Now, suppose _ék = [éf}‘) 1, k=1,..,n, are plane rotations computed in finite precision arith-

metic. Then, applying (:)1 in finite precision arithmetic to a vector x =[x; x,]’ gives for

some error numbers bounded by machine precision, €;; and ¥;, i,j=1,2:

[00x1(1+€11) + 88 xo(1+€12))(1411)

8x)= |- _
O = B0 (1) + B x2 (14e2)](1+)

[(1+71) (1+€,1)8%Y (1+€12)887
Tl M (ey)BS) (14e2)BSY

Putting My =max(ley 1,101, 1€1,1€1,i71,1721) and using the inequalities
IHIAB 113 < 11AI511B 11y, [IAXIIg<11A NIl IxEly, HIAVIE211ATl,, we
obtain the following bound for the /,-norm of fI (5, X):



52 2. A CLASS OF HIGHLY STRUCTURED ALGORITHMS

HA®@ X)) 12 A4+m)22% 110, 1 11 1x1 1.
Using the result in (2.57), with &; = max (0, N1), we obtain :
HA®x) 15 < (1+8,)°2% 110, 1121 1x11,. (2.58)

By induction we can proof that :

A @ @%)..)1 12 22 (14€,)% [fp 1©;1 |F]| Ix! 1y, n=1,2,...

i=1

§n = max(nm ﬁn—ly n), éo =0Q.

Indeed, assume that the induction hypothesis :

n-1 _
HA®p-1 .. AO1X).)1 152 2 (14E,_1)%"D [rfl 16; |F]| Ix11,

i=1

En1 =maxMp_1, €,2, M)
is valid. Then,

(1+€11)8(P (1+€1,)6(P

(1+72)] (1+65,)05) (14€99)05) f1(Op-1..1(©1X)...).

_ - (1+1)
AO,.. A(©x)..)=

Putting 1, = max(le;; |, lg1a !, leg 1, lex !, 171, 12 1) and using the inequalities, we

obtain :

HA®,..A®x)..)1 13 24141, 118, 151 1A (©p_y.. AO1%)..)1 1,

n - -1
<22 (148, D14, )21 10,1 | ¢ ["rp 16; |p]| Ix1 1.

i=1

Using the result in (2.57), with £, = max (1, &,_;, n), we obtain :
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NA@,.. A (O;%)..)1 15 22 (148,

16 \p}| 1x115

i=1

<22 (143nk,) [ﬁl 16 |F]| Ix1 15 +O(E2)

i=1

n

l‘[llegllp]llxll2+e,,,

i=1

n
<22

where :

i=1

e, <22 3nk, [ﬁl 19, |F]| Ix1 15 +0(E2).

And from the inequality 114 11z SN% |14 11, =N"%A(A), where A(A) is the spectral
radius of the matrix A € RN"N, we find :

‘A

en <2"3nk, [nx(ei)] Hx1l, + O ED). (2.59)
i=]

This expression shows that the propagation of the roundoff error is amplified by the

spectral radius of the rotations ®;. In case the ®; are orthogonal the spectral radii are

equal to 1 and there is no amplification of roundoff errors due to the ;. Hence, the feed

forward direct method in (2.23) is numerically robus't.

However, in case the ©; are either linear or hyperbolic rotations, the spectral radii
are, respectively, [(1+ %o 12) + (1 + Y%l 12)2 = 1D%) and
(1 + ltanh (o) 1)(1 — tanh?(c;)) ™. In case of linear rotations the }o; | become large, if
the diagonal elements of the matrix A are small relatively to the off-diagonal elements. In
such cases the spectral radius of ©; is approximately equal to lo;12. And this already
happens for relatively small o;’s, because of the quadratic term (1 + %2l a; 12)2. On the
other hand, if the matrix A = [a;;] is positive definite, then the Jo;} < 1 due to the fact

that a; > | g;;1, and the amplification of roundoff errors is less.
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From Section 2.2.3 we know that the hyperbolic rotations can only be used when the
matrix B in (2.47) is positive definite. In that case |zanh (o)) < 1 for all i. From (2.59)

the amplification of the roundoff error due to the hyperbolic rotations is given by :

d 20y WY

TTQ1 + tanh (0))(1 — tanh® (o)) ™.

i=1
From (2.26.a), (2.26.b) and (2.44) it follows that the ith diagonal entry of the inverse
Cholesky factor Lj', of the matrix Be R¥XN+D 45 (247) is equal to

i~1
T1( - tanhz(aj))“"“, for i=2,3,..., and equal to 1, for i=1. Hence, the determinant of B is
Jj=1
N+li-2
equal to [T JI(1- ta.nhz(aj)) and it follows that the closer to singularity the matrix is,
i=2j=1

the closer to £1 one of the factors fanh (o) is. Therefore, the amplification of the round-

off error increases as the matrix approaches singularity.
2.4 SEMI-DIRECT NATURE OF THE GENERALIZED SCHUR ALGORITHM

The generalized Schur algorithm of Section 2.2 can be shown to be a semi-direct
method for solving positive definite systems of linear equations. (This was shown in
[Neho1983] for the Levinson algorithm [Orfal985]). Hence, we may prematurely abort
the recursion in (2.30) and still obtain an approximation for the solution. Let A € RNV
be a symmetric positive definite matrix with its diagonal entries equal to 1. And let
be RY be such that A —bb’ > 0, and p; is the ith row of the inverse of the Cholesky
factor L of the matrix A. Then, the computations in (2.30), with Uy =Up and Yo =Y¥3,

can also be stated in terms of the following recursion.
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x0=0

fori=0to N-1do
compute P; 4y such that pl1Ap;=8i41,j J=1,..,i+1 (2.60)
ri=Ax;-b (2.61)
Qi1 = Piaik; (2.62)
Xi+1 =X + 041 Pisy 2.63)

endfor

This recursion is very similar to the conjugate gradient method [Golul983]. The
difference being that the vectors p; are linear combinations of the Lanczos vectors of the
matrix A in case of the conjugate gradient method. Notice that the above recursion can
be terminated when r; =0. This may happen before i = N—1, if the solution x lies in a
subspace of the space spanned by the columns of the inverse of the Cholesky factor of A.
For instance, if x lies in the space spanned by p;, then the residuals r;, i=1,...,N~1, are

zero and the recursion can stop at i=1.

To show that the computations in recursion (2.60)-(2.63) are indeed those of recur-
sion (2.30) with Uy = Up and Yo = Y3, the following approach is taken. First we show
that a;,; in (2.62) is really tanh (o) in (2.4.b), for m =~1, by showing that recursion
(2.61)-(2.63) can be embedded in recursion (2.6.2)-(2.6.b), for m =—1. And since we
compute the p;., by recursion (2.30) it follows that the computations in (2.60)-(2.63) are
similar to the computations in recursion (2.30) when Uy = UB and Yo = Y. From this we
will be able to conclude that recursion (2.30) expresses a semi-direct method for solving

symmetric positive definite systems of linear equations.

 Embedding of residual Equation (2.61) in a vector-matrix product gives :

4
1 xj [—b A]=[(1—be) I (2.64)

1 b
B= [—b A ] =LpgL}, where Lg is the Cholesky factor of the matrix B). At the end of
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recursion (2.60)-(2.63) we have :

[1 1 x1B=[1-xb) | 0.0]=[(1-1IxI1%) | 0.0)], (2.65)
where

Ix113 =x'Ax. (2.66)
Since the matrix B is positive definite, it follows that (1 — | ix11%) > 0. Hence, dividing

both sides of (2.65) by (1— | 1x11%)* is allowed and gives :

[(a-tixti$)™ 1 fB=[a-11x115H% 1 0..0], (2.67.a)
and
X =(1-11xl13)%x, i (2.67.b)

Equation (2.67.a) can be solved using a Levinson recursion on B [Orfa1985] as follows.

Normalize (2.64) through division by (1 - x!b)* :

[(a—xw)™ 1 xB=[1-xib)% | F], (2.68.2)
where

X} = (1 -x!b)%x! (2.68.b)
and

Fi =1 -x!b)%rl (2.68.c)

For the moment assume that

[(a-xb)y™ | x1=[y | 0.0l (2.69.a)
with

yi=Wio Y1 = yiil (2.69.b)
and

¥i0o=(1-xib)™. (2.69.¢)

Also assume that
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Iyt | O;V-jO]B=[(l—x{-b)% I 0+ 0F(1) (N~ (2.70)

It will follow next, by induction, that both assumptions are true.

Surely (2.70) holds for i=0 (i.e., putting xg=0). Now, let p;; denote the (i +1)st row

of L™1, without the zero elements of p;,;. Then, y; is updated by the rule :

Yia =@ | 01+pinl0 | Pl —ph)™. @71)

The value of p;,; then follows from the residual equation :

{[yf 01 ON.—.iLIO] +Pi10piyy | ON'_};10]]B =

[(-xib)* 1 0 07(1) - HOW-I +

Pisil¥ia 0 0Ly () - [N =D)] =

[A-xinb)* 10 o 07 (1) i (V=i-1)]. (2.72)

The elements J;.; (k) are the non-zero elements of the (i+1)st row of L’, From (2.72) it
then follows that :

o Fx(l) (2 73)
Pt =T ‘
And from the positivity of the matrix B it follows that
Ipinl <1 2.74)

A flow graph representation of the Levinson recursion in (2.72) is depicted in Figure 2.4,

for an initial guess of xg = 0.
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Ll

I

DA i b <

PN P3 P2 1

Figure 2.4. Graphical representation of the Levinson recursion in (2.72).

denotes the 2x2 hyperbolic rotation with p; = tanh (¢;) in (1.6) (m =—1). This sequence

The symbol

of hyperbolic rotations is exactly the same as the one in recursion (2.6.a)-(2.6.b). But

since (2.64) is an embedding of the residual Equation (2.61) and (2.70) is equal to (2.64),

it must be that the update rule for x;,; in (2.63) is equivalent to (2.71), with p;41 = 041,

Xt =01 vii | 0. 01+ pisi[Piy 10 -~ 0, Xi=Dia e yii 10 0],

Pi+1 =[Pis1 | ON- . -10] and ri=[0 o 07;51(1) - -7,y (N—=i—1)]. And because recur-
- i+

i

sion (2.30) combines the computations of recursion (2.6.a)-(2.6.b) and the computations
of the rows of L and L™, for Uy = Up and Y = Y, it follows that the computations in
recursion (2.30) are equivalent to those of recursion (2.60)-(2.63). And we conclude that

recursion (2.30) is in fact a semi-direct method.

As was noticed before, the recursion in (2.60)-(2.63) expresses the conjugate gradient

method, when the p; are chosen to be linear combinations of the Lanczos vectors of the
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matrix A. If the Lanczos procedure is prematurely terminated the resulting tridiagonal
matrix T has extreme eigenvalues which approximate the extreme eigenvalues of the
matrix A and the obtained solution vector is an approximation to the exact solution vector
(Golu1983].

In contrast, premature termination of the generalized Schur recursion results in a
maximum entropy extension approximation of the inverse of the coefficient matrix A (see
[Dewil981] for the Toeplitz case and [Dewi1987] for the general case). In fact, the
approximative inverse is banded, such that its inverse coincides with the matrix A within
the band [Dym1981]. Hence, early termination of (2.60)-(2.63) results in a solution of a
system of linear equations, which coincides in the band with the original set of linear

equations.
2.5 GENERALIZATIONS OF THE FEED FORWARD METHODS

The algorithms in Section 2.2 can be straight forwardly generalized to handle more
general matrix arithmetic. Straightforward generalizations can be given for the following

computations :

1. computing an unknown matrix X from the matrix equation AX =B, where
Ae RV X e RM9and B e RV,

2. computing an inner product/accumulation b’c + d;
3. computing a vector-matrix product/accumulation Cb + d;
4 compuiing a matrix-matrix product/accumulation CA™!B + D.
We shall consider two cases. The first case presents a generalization based on an LU or

LQ factorization of the matrix A. The second case presents a generalization based on an

LL! factorization of the matrix A.
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CASE1

Suppose we have a non singular matrix A € R¥¥ and matrices B e RN"‘?,
Ce R and De R™9. Let by, .., b, and d;, .., d, denote the columns of the
matrices B and D, respectively. Let m be a vector m=[m; -+ m,)', m; € {0,1,-1},

=1,...,q. We show that sequences of rotations as in (2.18) and (2.22) can be applied to
the matrices :

Al ¢! Al C
W= ey W=
! [-b‘l d‘l]’ W {—b; a;}’

such that we can combine the results into a matrix E p,

En =diag ki(my) -+ kq(mq))(B‘A“C‘ +DY. 2.75)
x1 o
The sequences of rotations in (2.18) and (2.22) can be re-ordered to ®(m) o 1l

-

where O(m) = ]I'V[@,-(m) (see (2.4.a)-(2.4.b)) and
i=1

X1 0] N1
o |-

or

1 o] ~N-wva
o 1|= OIIQ:
J=lis)

respectively. U;; and Q;; are as given in (2.17) and (2.21), respectively. Let us denote by

X710
©(m;) the matrix &(m) in the product O(m) o I],when applied to W; :
x~! o] [a* ¢ [Ri *
O o 1| |-t @t |0 et

where [R! | OF, with R; € R™M¥ is the upper triangular factor of [A | —b;]. Writing the
(N+1)x(N+1) matrix O@(m;) as :
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©1(m;) 6120m;)

N = K NxN
Om)= [6‘21(”1;') ki(mi):l’ On(m) & R,

we find :

041 () = ki(m)bIA X,
and

e} = 0% (m)X1C* + ki(m;)d.
Hence, it follows that :

e; = ki(m)(b{A~C" +d}).

Thus, for i = 1,...,g we can combine the results ef, ..., efl as the rows of the matrix E, in
(2.75).

CASEIl

A similar result can be obtained for a Schur-Cholesky factorization of the matrix A (in
case A is symmetric positive definite). Let the following be given. A € R¥ is a posi-
tive definite matrix, B € RN is a matrix with columns by, ..., by, such that
A-bbi>0,i=1,..,q, Ce R is the following augmented matrix : C=[CIC]
with Ce R™ and D e R™ is a matrix with columns d, ..., d;. Moreover, let
G =[U Y], where U and Y are the lower and strictly lower triangular part of the matrix
A, respectively. We show that sequences of rotations as in (2.46) can be applied to the
matrices :

G' c'
~bg dq

G' C'

)

ey W=

such that we can combine the results into a matrix E , as given in (2.75).

® 0
The sequence of rotations in (2.46) can be reordered to [®(m)] [0, ], where
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-

N

[©(m)] = [1[O;(m)] (see (2.45)) and @ is as given in (2.26.a)-(2.26.b). Let us denote by
i=1

D0

[©(m;)] the matrix [©(m)] in the product [@(m)] o ljl, when applied to W; :

®o][c* C'l |Ri *
0 1]|-bt di|™ [0 e

where R; = [R; 1 01 € R™¥ and R; € RM¥ being the Cholesky factor of the matrix
A —b;b}. Writing the (2N +1)x(2N +1) matrix [©(m;)] as :

[©(m))]

O11(m;) O 012(m)
@m)l=| 0 Iy 0 | Oy(m)e RM¥,
051(m) O ki(m)

we find :
0%, (m)L* = ki(m;)b}

and because :

L ollu -
0o R1'|-v' U’

(see Corollary 2.1) we get :

e} =05 (m)L™'C' + k;(m))d!.
Hence, it follows that :
el =k(m)®AIC! +d)).

Thus, fori = 1,...,q, we can combine the results e, ..., ef, as the rows of the matrix E , in
{(2.75). Hence, with the appropriate choice of the matrices A, B, C and D we can realize

each of the four above listed computations.
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An example of a systolic implementation for the computation of (2.75), for m=0, is
shown in Figure 2.5.
The rows of processing elements in the rectangular part transmit the data coming from
the triangular part unchanged, along the vertical interconnections to their upper neighbor.

This has been indicated by the arrows across a processing element.

rows of —-B* and D' ﬁ : rowsof E,

Tows of A’ and C'

Figure 2.5. Systolic array for expressions (CA™'B + D).
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3. MAPPING REGULAR RECURRENT ALGORITHMS TO
FIXED SIZE SYSTOLIC ARRAYS

In this chapter the LPGP and the LSGP partitioning strategies are presented. The
presentation will be restricted to the partitioning of 2-D systolic arrays. In Section 3.1
the tessellation of a systolic array into tiles of processor elements is characterized. This
tessellation is common to the LPGP and the LSGP partitioning strategy. In Section 3.2
the LPGP partitioning strategy is presented. A full size systolic array is first tessellated
after which a dependency graph for the tessellated FSA is derived. From this dependency
graph the order is determined in which the computations of different tiles must be exe-
cuted on a reduced size array. A model for the LPGP partitioned FSA is presented, which
consists of the RSA, buffers to store intermediate data, a controller which issues the read
and write addresses for the buffers and an interconnection network which routes the out-
puts of the RSA to the inputs. It is shown how the addresses are derived from the
scheduling of the processor elements in the FSA and the dependency graph of the tessel-
lated FSA.

In Section 3.3 the LSGP partitioning strategy is prescnfcd. The existence is proved of
clusters which have the shape of either a parallelogram, trapezoid, or triangle and it is
shown how the clusters are positioned relatively to each other in the FSA. The clusters
and their positioning can be characterized by the tessellation of an FSA, as explained in
Section 3.1. From the dependency graph of the tessellated FSA the control is derived for

a cluster processor.
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3.1 TESSELLATION OF FULL SIZE ARRAYS

A 2-D full size systolic array is regularly tessellated into congruent tiles of equal size,
The tessellation is done by repeating a tile across the FSA, without overlapping. The
repetition is done only b)" translations. Tessellation of an FSA is common to the LSGP
and the LPGP partitioning strategy. With respect to its local frame of reference, a tile P
is characterized by two linearly independent integer vectors by =[by by ) and

b, =[by; b2,] and an integer support region F :
P={x | Bn=x, ne F}, 3.1)

where B =[b; | b,] and F ¢ Z2 has finite cardinality. The integer support region F is
such that P is homogeneous (see CONVENTIONS, SYMBOLS AND DEFINITIONS,
Definition III) in the space spanned by b, and b,. To each value of n in F corresponds a

processor element in P.

Let us define an integer displacement matrix U =[u; | uy], where the columns u,
and u, are such that translations of tile P, by linear combinations of these two vectors,

uniquely assigns a processor element per value of n to a tile Pj :
Pi={x | Bn+Ui+r=x,ne F}, 3.2)

for some translation vector i and offset vector r. For a given size of the FSA we have
- 1€ H, where H is the domain for the repetition of tile P, such that each processor element
of the FSA is uniquely assigned to a tile. The offset vector r determines the point at -
which the repetition starts. Thus, we can characterize the tessellation of an FSA by the

following S—tuple T of parameters :
T={U,H,B,F,r}. (3.3)

At this point we would like to remark that the choice of the matrix U is not unique, given
B, F and r. Similarly, the choice of r is not unique, given U, B and F. For examples of

different tessellations of a 2-D FSA we refer to Figure 3.1.
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In order to denote which processor elements belong to a tile, dotted squares have
been drawn around the processor elements. In the sequel we shall use the convention that
delays at an output of a processor element belong to the same tile as the processor ele-
ment itself. In Figure 3.1(a) the following choices for the parameters of the tessellation T

have been made :

0

ot (B bt )

0

.

In Figure 3.1(b) these are chosen to be :




68 3. MAPPING REGULAR RECURRENT ALGORITHMS

Figure 3.1. Two different tessellations, with square tiles.

r=0

0

i

0

1
1

SRR

Notice that for given B, F and U the number of elements in H, i.e., the number of tiles,

dcpends on the vector r. For instance, putting r = [2 2]' in Figure 3.1(b), gives :

LB LR
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That is, 11 tiles compared to 9 tiles forr = 0.

3.2 STRATEGY I: LOCAL PARALLEL, GLOBAL PIPELINED PARTITION-
ING

The different steps that are involved in the LPGP partitioning strategy are the follow-

ing.

1. Tessellate the FSA such that there are no reverse interconnections across an edge
of a tile and such that the number of tiles is minimal. Reverse interconnections
across the same edge of a tile are not allowed, because computations of the next
tile are scheduled on the RSA only when a processor element has finished all its
computations for the currently scheduled tile. Notice that reverse interconnections

give rise 1o a loop in the dependency relations between two tiles.

2. If necessary, extend the FSA with dummy processor elements, such that it can be
tessellated in tiles of, say, p processor elements each, for a particular choice of the
offset vector r and the displacement matrix U. A dummy processor element just

performs an identity I/O map.

3. Find an admissable order of the tiles. The order is admissible when the dependency
constraints between the tiles are not violated and when the order is such that no

two or more tiles are assigned to the same position in the order.

4. Identify the processor elements in a tile which communicate with processor ele-
ments in other tiles. The interconnection pattern between these processor elements
defines the buffered communication from the outputs to the inputs of the RSA. See
Figure 1.10. The RSA is defined to have card (F) processor elements and the same

interconnections as the FSA, between processor elements.
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3.2.1 TESSELLATION OF THE FULL SIZE ARRAY

Depending on the offset vector r and the displacement matrix U the tessellation of an
FSA may yield tiles with less than card (F) processor elements. See for instance
Figure 3.1(a). In this figure the tiles which cover the right most column of processor ele-
ments have each only 2 processor elements, instead of 4. Since the RSA will consist of 4
processor elements, an extra column of dummy processor elements must be added to the
FSA, so that each tile has exactly card (F) processor elements. By adding this extra
column of processor elements it suffices to have all communication between the RSA
and peripherals (like buffers and a host computer) to take place at the boundaries of the
RSA.

Since the computations of all tiles are going to be scheduled on the RSA, the func-
tionality of the processor elements of the RSA must include the identity /O map of a
dummy processor element. Moreover, control must be added to select between different
functionalities of a processor element. There are different ways to accomplish this, all
with their own drawbacks and merits. We shall present two obvious methods and discuss

their advantages and disadvantages.

Method 1. The first method consists of having control liries running through all pro-
cessor elements in the FSA. By means of a differentiation in the initialization of the con-
trol lines, a distinction can be made between dummy and real processor elements. For
instance, in Figure 3.1(a) we can run vertical control lines through all columns of proces-
sor elements and initialize the control line for the column of added processor elements to
1, in distinction to the rest of the control lines, which are initialized to 0. In this way the
control is propagating systolically, in the same way as the data. Similarly we may run
vertical and horizontal control lines through the extended FSA and initialize these prop-
erly. The advantage of this method is that the extended FSA remains regular and systolic.
However, at the cost of increased mesh complexity. An other disadvantage of this
method is that we may need more than 1 bit of information per control line to identify

dummy processor elements when their distribution is more complicated.
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Method 2. The second method consists of specifying a control structure on top of the
array. This control structure contains the information which tells a processor element in
the RSA when it is either a dummy or real processor element. In this method the control
structure resides outside the RSA, so that the mesh complexity of the RSA itself is unaf-
fected. The disadvantage is however, that this complexity is shifted to the complexity of
the communication network between the control structure and the RSA. In the worst case
the number of interconnections from the control structure to the RSA is equal to the
number of processor elements in the RSA. However, each control line carries just 1 bit of

information.

In these two methods of control specification we need to modify the instruction set of

a processor element in the RSA as follows :

case ¢
0 : I/O map for real processor element

1 : I/O map for dummy processor element

where the control variable ¢ is issued from the controller to the processor, in case of
method 2. In case of method 1 ¢ is a vector valued variable. The entries of the vector

being the values of the different control variables that were introduced in the FSA.

3.2.2 COMPUTING ORDERINGS OF THE TILES

Since the computations of the tiles in the full size array are going to be scheduled in
pipeline on the RSA, we have to determine an order for the tiles. This order does not
change the phase difference between the schedule time steps of the processor elements in
a tile. It merely tells which tile is next in the execution of its computations on the RSA.

An order is found as follows.

The dependencies between the processor elements of the FSA give rise to a depen-

dency graph G = {V, E}, of the tessellated FSA. The set V of vertices of this graph
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consists of the tiles. A vertex or tile is referred to by the coordinates of the lower left
corner of the tile. The set E of edges consists of the dependencies between tiles. These
are implied by the dependencies between processor elements in different tiles. The
dependencies are computed as follows. Let d be an interconnection in the FSA and let p,
and p; be two distinct tiles. If B! (p; + Bn +d — p,) € F with n€ F, then (p, — p;) is a
dependency in the dependency graph of the tessellated FSA. If there exists at least one
pair (p;, pj), p; #p; and p; #p1, p; # Py, such that (p; — p1) =—(p; — p1), then there
exists a loop in the dependency graph and the tessellation is not valid for an LPGP parti-
tioning of the FSA. For example, the tessellation in Figure 2.1(a) has vertex set V =
{Ui | i € H}, where the matrix U and the domain H are from the 5—tuple T of the tessel-
lation in Figure 2.1(a). Thus, V = {(0,0), (0,2), (0,4), (2,0), (2,2), (2,4), (4,0), 4,2),
(4,4)}. The interconnections are {1 0] and [0 1]*. Let p; =0. In this case we can restrict
the computations B! (p1 +Bn+d — p,) to the "neighborhood" N = {(2,0), (2,2), (0,2),
(-2,2), (-2,0), (-2,-2), (0,-2), (2,-2)} of p;, with pp € N. With B and F as given in the
S—tuple T of the tessellation in Figure 2.1(a), we find :

a. n=0,d=[10} gives ({10 —py) ¢ Fforallp, € N;

b. n=0,d=[01] gives ([0 1) —p,) ¢ Fforallp, € N;

c. n=[10Y,d=[10] gives ([2 0] — p3) € F for p, =[2 O};
d. n=[10),d=[01) gives ([1 1)’ ~p;) ¢ Fforallp, € N;
e. n=[01},d=[10] gives ([1 11"~ pp) ¢ Fforall p; € N;
f. n={01),d=1{0 1} gives ({02) - py) € Fforpy ={02};
g n=[111,d=[10) gives (2 1]’ — pp) € F for p, =[20];
h. n=[11},d=[0 1] gives ([t 2) - p) € F for p, =[02];

Hence, the set of dependencies is E = ({2 0}, [0 2}'}. the resulting dependency graph is
depicted in Figure 2.2(a). Similarly, the dependency graph of the tessellation in
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Figure 3.1(b) is shown in Figure 3.2(b).

At this point we should stress the fact that these dependency graphs do not contain
any scheduling information whatsoever, that relates to the scheduling of the processor
elements in the tiles. The only information that they contain is the plain fact that the
computations of a tile depend on those of other tiles. For this reason the delays in a tile

are not made explicit in these graphs.

We restrict ourselves to /inear orderings of the tiles. Le., orderings of which the ele-
ments are computed by a function of the form f (v) = p'v, where ve V and p is a con-

stant vector (the order vector), which is found from the following constraints :

p'le; - ep]2[1 -+ 1] (3.4.2)

p'v#p‘w, forv#w, (3.4.b)

where e; € E and v, we V. Constraint (3.4.a) is the familiar scheduling constraint as
given in (1.12), while constraint (3.4.b) expresses the fact that no two or more tiles may
be at the same position in the order. Unlike the scalar products §'i in Chapter 1, the
values f (v) do not denote time steps. They merely state precedences, in the sense that if
f (¥) > f (w), then the computations of tile w on the RSA are preceded by the computa-
tions of tile v. Examples of order vectors for Figure 3.2.(a) are p‘ = [3 1], p' ={2 3] and

p’ =[1 3]. These, respectively, lead to the following orderings of the tiles :
1. {(0,0), (0,2), (0,4), (2,0), (2,2), (2,4), (4,0), 4,2), (4,4)};
2. {(0,0), (2,0), (0,2), (4,0, (2,2), (0,4), (4,2), (2,4), 4,9}
3. {(0,0), (2,0), (4,0), (0,2), (2,2);(4,2), 0,4), (2,4), 4,4)}.

For each order we can keep track of the number of sets of intermediate results that are
to be stored at a certain schedule time step, for each output of the RSA. If we would
extend the graph in Figure 3.2(a) to a graph of 4x4 tiles, the order vector p‘=[3 4],

which enumerates the tiles along the diagonals of the graph, would cause a larger number
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()

Figure 3.2. Dependency graphs for the tessellations in Figure 3.1.

of sets of intermediate results to be stored temporarily, compared to order vectors which
enumerate the tiles along columns or rows. If our strategy were to minimize the total
amount of storage for intermediate results at each of the outputs of the array, then we

should choose among orderings which yield this minimum.

3.2.3 PIPELINING COMPUTATIONS OF THE TILES ON THE RSA

The model that we shall employ for the pipelining of the computations of the tiles on
the RSA is shown in Figure 3.3. It consists of the RSA, selectors (s;, i=1,...), buffers
(buffer;, i=1,...), a controller and an interconnection network. The controller operates a

selector s; via the control signal sc; :

1. to select either data produced by the RSA or initialization data from the environ-

ment (the host computer for example);

2. tore-route the selected input data to one of the two outputs of the selector.

Via the signal t¢; the controller instructs a processor element p; of the RSA to perform

either the identity or the default I/O map. Via the signals denoted by w; and r; the




~
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controller specifies, respectively, where data is written into and read from the buffer
buffer;. The interconnection network routes the outputs of the RSA (via the selectors and
the buffers) to the inputs of the RSA. The routing is determined by the tessellation of the
RSA (see Figure 3.2).

The organization of a buffer buffer;, is shown in Figure 3.3(b). The buffer consists of
a number of memory banks, TILE 1 to TILE_N and two decoders. A memory bank
stores either the data produced by an outpﬁt_ of the RSA or the input data of the FSA.
The decoders select a specific memory bank, depending on the value of the signals w;;
and r;,. The address in a memory bank is specified by the signals w;, and r;3. A memory
bank must be envisualized as divided in two separate sections to make simultaneous
reading and writing in a memory bank possible. Data from the memory section into
which data is written from a selector output is copied into the memory section from
which data is read by the RSA. In this model the number of memory banks per buffer has
been taken to be equal to the number of tiles in the tessellation of the FSA. Of course, in
practice it will suffice to have a smaller number of memory banks, because the contents
of a memory bank can be overwritten as soon as the data in this bank has been processed
by the RSA. However, such schemes require a more sophisticated memory management
algorithm for the controller, than will be the case for the model used here. Moreover, the
organization of a buffer, as shown in Figure 3.3(b), may be too general for specific tessel-
lations and order vectors. For instance, consider the tessellation in Figure 3.1(a) and its
dependency graph in Figure 3.2(a), with order vector p‘ =[3 1]. In this case each buffer
for the vertical outputs of the RSA can be a simple FIFO (first-in-first-out). And each
buffer for the horizontal outputs can be a concatenation of 3 FIFO’s. When the first tile in
the next column of tiles in Figure 3.2(a) is about to be scheduled, the left most FIFO con-
tains the data needed for the computations of the first tile in a column of the graph in
Figure 3.2(a) (counted from top to bottom), the middle FIFO contains the data needed for
the computations of the second tile in the column and the right most FIFO contains the
data for the computations of the third tile in the column. The algorithm of the controller
will be also simpler, because no memory bank selection (w;; and r;;) and address selec-

tion signals (w; 4 and r;,) are needed in this particular case. We would like to remark here
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Figure 3.3. (a) Model for an LPGP partitioned FSA. (b) Organization of buffer buffer;.

that the buffer organization in Figure 3.3(b) does not necessarily represent a hardware
implementation. The hardware implementation may be in the form of a disk, for instance,
in which case the organization in Figure 3.3(b) represents an algorithm for data storage

and access on the disk.

THE STRUCTURE OF THE CONTROLLER

For the model in Figure 3.3 we derive an algorithm that implements the controller.

Let the following be given. S_in_buffer; is the sequence of tiles receiving input data of
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the FSA which must be supplied to an input of the RSA via buffer;. For instance, if the
horizontal input of processor element (0,1) in a tile of Figure 3.1(a) is connected to
buffer |, then S_in_buffer | = {(0,0), (0,2), (0,4)}. S_out_s; is the sequence of tiles pro-
ducing output data of the FSA which leave via the output marked by out of selector s;.
For instance, if the horizontal output of processor element (1,1) in a tile of Figure 3.1(a)
is connected to selector s, then S_out_s; = {(4,0), (4,2), (4,4)}. S_tiles is the sequence
of tiles, ordered according to a specific order vector p. For instance S_tiles = {(0,0),
0,2), (0,9, 2,0), 2,2), 2,4), (4,0), 4,2), (4,4)}, for p*=[31] in Figure 3.2(a).
S_I/O_p is the sequence of tiles to which a processor element p had to be added in order
to achieve the required number of processor elements per tile (the co-ordinates of p are
specified relative to the local frame of reference of a tle). For instance,
S_1/0_(1,0) = {(4,0), (4,2), (4,4)} in Figure 3.1(a), for processor element (1,0) (relative
to the local frame of reference of a tile). S_added is the sequence of processor elements
that were added to tiles to achieve the required number of processor elements per tile.
For instance S_added = {(1,0), (1,1)} in Figure 3.1(a), where the coordinates of the pro-
cessor elements are with respect to the local frame of reference of a tile. "dependency_i"
is the edge in the dependency graph of the tessellated FSA which is associated with the
input of the RSA that connects to the buffer buffer;. Given these sets and dependencies,
the algorithms run by the controller for the signals sc;, tc;, w; and r; are as follows

(First(S) returns the first element of sequence S and Remainder(S) retumns the remainder
of the sequence S when its first element is deleted).
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/* Initialization of buffers with the input data of the FSA */
for (each buffer buffer; and selector s;)
set signal sc; of s; to select the input "init"
and the output connected to buffer buffer;;
/* select memory bank and reset address field w;o */
while (S_in_buffer; # &)
w;y < (First(S_in_buffer;) - dependency_i); /* select memory bank corresponding
to the tile from which input data will be read by the RSA for the
computations of the tile First(S_in_buffer;) */
wip « 0;
S_in_buffer; «— Remainder(S_in_buffer;);
/* point to address in selected memory bank, where data for the computations of a tile must be stored */
while (S_w; 1 _buffer; # @) /* S_w; _buffer; is the sequence of schedule
time steps of the processor element in tile w; 1, which
will receive its input data from buffer buffer; */
Wiz —wia + 1;
S_w; _buffer; « Remainder(S_w;_buffer;);
endwhile
endwhile

endfor
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/* Issue control signals w; = [w;5 w;;]’ to the buffers buffer; */
for (each buffer buffer; and selector s;)
t; 0 = 1st schedule time step of the processor element in
tile First(First(S_tiles)), for which input data is collected in buffer;;
do
no-operation;
until (schedule_time_step == f; o) /* do nothing until time step #; o */
[ startatt; o */ ' '
while (S_tiles # &)
w;1 < First(S_tiles); /* select memory banks to which the results
of the computations of tile First(S_tiles) will be written */
Wiy & 0; )
S_tiles < Remainder(S_tiles);
if (w;1 € S_out_s;)
set signal sc; to select the input of s; which is connected '
to the RSA and to select the output of s; which is labeled "out";
endif
else
set sigrial §¢; to select the input of 5; which is connected to the RSA
and to select the output of 5; which is connected to buffei‘,-;
endelse
while (S_w;1_buffer; # D) I* S_w;1_buffer; is the sequence of schedule
time steps of the processor element in tile (w;; + dependency_i)
for which the input data is being collected in buffer buffer; */
Wi —wip +1;
S_w;_buffer; « Remainder(S_w;_buffer;);
endwhile
endwhile
endfor
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/* Issue control signals r; = [r;5 r;1]" to the buffers buffer; */
for (each buffer buffer;)
t; 00 = 1st schedule time step of the processor element in the tile
First(S_tiles) which requests data from a buffer buffer;;
do
no-operation;
until (schedule_time_step == #; o) /* do nothing until schedule time step #;, oo */
[+ startat &; oo */
while (S_tiles # &)
r;1 « (First(S_tiles) - dependency_i); /* select memory bank which contains
the input data for the processor element which gets its input data
from buffer; and which starts with its computations for tile First(S_tiles) */
riz «0;
S_tiles < Remainder(S_tiles);
while (S_r;_buffer; # &) /* S_r; | _buffer; is the sequence of
schedule time steps of the processor element in tile (r;; + dependency_i)
which requests input data from buffer buffer; */
riperip+1;
S_r;1_buffer; < Remainder(S_w;, _buffer;);"
endwhile
endwhile
endfor
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/* Issue control signals ¢c; to the processor elements of the RSA */
for (each processor element p; of the RSA)
t; = 1st schedule time step of the processor element p; in First(S_tiles);
do
no-operation;
until (schedule_time_step == 1;) /* do nothing until schedule time step ¢; */
[* start at 1; */
while (S_tiles # @)
tile - First(S_tiles);
S_tiles & Remainder(S_tiles);
while (S_tile_p; # &) /* S_tile_p; is the sequence
of schedule time steps of processor element p; in tile "tile”;
if (p; € S_added & tile € S_I/O_p;)
tc; « identity_map; /* identity I/O map */
endif
else
tc; « default_map; /* default I/O map */
endelse
endwhile
endwhile
endfor

3.3 STRATEGY I1: LOCAL SEQUENTIAL, GLOBAL PARALLEL PARTI-
TIONING

The LSGP partitioning strategy divides the full size array into congruent clusters of p
processor elements each. The scheduling of processor elements in each cluster is serial-
ized and each cluster is replaced by a single cluster processor. In the thesis we restrict
ourselves to the LSGP partitioning of 2-D FSAs.

The different steps that are involved in the LSGP partitioning strategy are the follow-
ing.
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1. Find a schedule vector s, such that a processor element is scheduled once every pth
schedule time step in a cluster of p processor elements and one and only one pro-

cessor element in the cluster is scheduled at a schedule time step.

2. Generate the tessellation of the FSA from the shape of the clusters and, if neces-
sary, add dummy processor elements to tiles (clusters) which contain less than p

processor elements.

3. By tracing the sequence of activity in a cluster, determine the control sequences for
input selectors and the selection of the appropriate functionality of the cluster pro-
cessor. An input selector selects either the output of its own cluster processor or
that of a different cluster processor. Because, as we shall see, the source of input

data for an input of a cluster processor may depend on the schedule time step.

The outline of this section is as follows. We start developing the concepts of a cluster
number, cluster and cluster direction. Based on these concepts we formulate a lemma
which states the conditions for the existence of a 1-D cluster. The 1-D cluster is spanned
by a cluster direction. Based on linear combinations of two linearly independent cluster
directions we formulate three propositions for the existence of 2-D clusters. Each propo-
sition states the conditions for the existence of a certain cluster with its own characteris-
tic tessellation pattern. Next we show how the 5-tuple T in (3.3) is derived to characterize
the tessellation in case of each of the propositions. And finally, we illustrate how to

derive control sequences for the selectors of a cluster processor.

3.3.1 CLUSTER NUMBERS, CLUSTER DIRECTIONS AND CLUSTERS

Let the following be given. G=(I?, D} is the dependency graph of an FSA. From now

on we only consider index sets I? which contain (0,0,0)]. The vectors s and t are a
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schedule and a projection vector, respectively. The matrix T is a transformation matrix,
such that Tt = 0 and which maps index set I* to index set I2.
Definition 3.1 : A cluster P is defined to be any subset of 12, such that :

1. P has finite cardinality;

2. Pis homogeneous (see Definition III in CONVENTIONS, SYMBOLS AND DEFINI-
TIONS) in the vector space {i | i=Ti,ie Z°};

3. no two or more processor elements in P are simultaneously scheduled;

4. aprocessor element is scheduled once every card (P) time steps.
Definition 3.2 : The cluster number of a cluster P is equal to card (P).

Definition 3.3 : Let dy € Z2 be such that there are no processor elements between two
processor elements with relative position Ex in the processor space I2. If, for every p € I?
and for some integer k > 1, only processor elements at ..., —kd, + p, p. k&, +p,

2kax +p, ... are scheduled simultaneously, then a‘, is said to be a cluster direction.

Notice that it follows from the definition of a homogeneous set that a cluster number
is always greater than 1. Also notice that along a cluster direction we find 1-D clusters

with cluster number equal to £.

The following lemma is important for the derivation of 2-D clusters.

Lemma 3.1 :

1. If I does not contain (0,0,0) it can always be translated such that it does.
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Let the following be given.s € Z° is a schedule vector, t € Z7 is a projection vector
and T is a 23 transformation matrix such that Tt = 0. Let s and t be such that 1s't] > 1.
Letd, € Z3 be such that o, =s'd, is not a multiple of 1s't| and there are no processor
elements between two processor elements with relative position Td, = d—,. Then, E, isa

cluster direction with cluster number :

Is't
Cx=—"T— (3.5)
T ged(s't, o)
and
P={ili=kd,, 0<k<c,} (3.6)
is a cluster.
Proof :

Leti+ klax be a line in the processor space 12, for k, a free variable (ki€ Z). Let
ko€ Z be a free variable. The set of all points in index set I’ that are mapped by

transformation T to this line is given by :

M={jl j=i+kd, +kot, Ti=1, i,je I’}.

Two points i and j in M are simultaneously scheduled if s'i =§'j = s'(i + k1 d, + kot). Or, -
p

!

[ko k1] [ax} =0, o, =5'd;,.

For the coprime pair (kg, k;) and its multiples ..., (=2k¢, —2k,), (<kg, k1), (0, 0),

(2kg, 2ky), ... that satisfies this equation, it follows that the processor elements at ...,

—k1(_1x+f, o.&, +i, kla, +1, 2k16, +1, ... are simultaneously scheduled. Hence, since

there are no processor elements between two processor elements which have a difference

of position equal to E,, there are exactly |k | processor elements that can be clustered
Istl

between pklt_i, and (p+1)k,;d, (e Z). Putting lkj| =————— and
ged (s°t, o)
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log |

tkgl = —————
0 ged (s't, o)

, we have gcd(kg, k1) = 1. Hence, there are exactly |k, | = ¢, pro-

cessor elements between pklax and (p+1)kla, that can be clustered. And since
o, #k Is'tl, it follows that ¢, > 1. Consequently, (—lx is a cluster direction with cluster

number ¢, and P = ﬁ li= kax, 0 <k < ¢y} is a cluster.
a

Summarizing, given a certain cluster number ¢, and cluster direction d, a (set of)

schedule vector(s) is found from the following sets of constraints :

3
o= —st (3.8.2)
gcd (s't, o)
s'fdy --- d,]2[1 -+ 10 (3.8b)
(dy,...,d, are the dependencies of the dependency graph G). A lemma comparable to

Lemma 3.1 was also proved in [Nelil988]. However, there it was proven that, if
t3 0 -1,

Is't] > 1 and the transformation T is chosen of the special form T = [0 1

] where

t'=[t; 2, 3], then there is at least one cluster direction [t3 00]f, [0¢3 OF, or
[, -t OF. Lemma 3.1 is different in the sense that it characterizes all possible cluster
directions (which may be more than three) for given s and t, such that Is‘t] > 1, without

any assumptions made on the explicit form of the transformation T.

Given the result of Lemma 3.1 for 1-D clusters, a logical extension to 2-D clusters
can be based upon linear combinations of two linearly independent cluster directions d,
and E,. With this in mind we specialize Definition 3.1 in case of a 2-D cluster to the fol-

lowing definition.

Definition 3.4 : Given two linearly. independent cluster directions E,, and Ey which span
the processor space 1%2. le., the linear combinations k,i, + k,&,, with

kx.ky = ...,—1,0,1,... are in 2. Any subset P c P of processor elements is defined to be a
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2-D cluster if :
1. card(P)=Is'tl;
2. card(P) > 2 (we must have card (P) > 2 in order to define a plane);
3. Pis homogeneous in the vector space spanned by Ex and E, ; |
4. no two or more processor elements in P a;e simultaneously scheduled;' ’
5. aprocessor element in P is scheduled once every |s't| time steps.

Suppose d—,, and (_iy span a 2-D cluster. From Lemma 3.1 it follows that cluster
numbers ¢, and c, for cluster directions d, and a,, respectively, are divisors of Ist!.
That is :

Is't] = mycy,

I _
Is't] =mycy,

for some positive integers m, and m,. Notice that o, and a are the phase differences in
schedule time steps between two processor elements with relative position d, and a,,
respectively. If o, =a, it means that two processor elements with relative position
(Ex - 5,) are simultaneously scheduled. Provided that (dy - Ey) extents outside the clus-
ter, this is not in conflict with Definition 3.4. Only then m, =m, is allowed. Otherwise

the remaining possibilities for m, and m, are :
1. m,>1and my =1 (or vice versa);
2. my>1,my>1and my; #m,.
Definition 3.1 does not allow us to find the abundance of 2-D clusters that may exist
for Is't] > 2, without an extensive search procedure. However, provided that there exist

cluster directions d, and d, with cluster numbers c; and ¢y, respectively, we can prove

the existence of 2-D clusters which have the shape of a parallelogram, when either of the
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following two sets of constraints is satisfied :
1. ged(cx, ¢y)=1,cccy = Is'tl and ¢4, ¢, > 1, 01

2. ¢= Is't] =ncyand n, ¢, > 1;

and we can also prove the existence of 2-D clusters which have a trapezoidal or triangu-
lar shape when the following set of constraints is satisfied :

cy=Is'tl >2andc, > 1.

The sets 1) and 2) of constraints for clusters with the shape of a parallelogram imply
my > 1, my >1 and my > 1, my, =1, respectively. The set of constraints for the tra-
pezoidally or triangularly shaped clusters implies m, > 1 and m, = 1. Before presenting

the existence proofs for these types of clusters we need the following lemma.

Lemma 3.2 :
If ¢ = Is'tl/ged (s't, &) and o is not a multiple of 1s't), then ac =pIs't], for some

non zero integer p.

Proof :

If ¢ = Is'tl/ged (s't, &), then &= pq and Is't] = cq, for some non zero integers p and

q with ged (p,c) = 1. Hence, o¢ =pgc =p1s't).
]

In the following we denote by d and Ey two linearly independent cluster directions with
cluster numbers ¢, and c,. Ex and (_iy are assumed to span the processor space I?of a
dependency graph G={ P, D}. Ie., the linear combinations k,j, + k,ay, with
kxky = ...,~1,0,1,... belong to I2. Processor elements which have a difference in position
of a, or c_]y have a phase difference in schedule time steps of 0, or @, respectively. If T
is the 2x3 transformation matrix (Ti =0, for chosen projection vector t) which maps B to

12, then d, and d, are such that T'd, = d, and Tdy = d—y. Moreover, from now on we shall
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assume that d, and d, are such that o, =s'd, > 0 and o =s'd, > 0.

Proposition 3.1 :

Let a schedule vector s and a projection vector t be given for a dependency graph
G={13, D}. Let s and t be such that there exist two linearly independent cluster directions
E, and Zi, with cluster numbers ¢, and c,, respectively, such that gcd(cy,cy) =1,

¢xCy = IS'tl and cy,cy > 1. Then there exists a cluster :
P={(xy) | [xy) =ked; +kydy, 0<k; <y, 0Sky <y, (3.9

with cluster number 1s't| .

Proof :

The proof of this proposition is given in two steps. First we shall prove that no two or
more processor elements at k,,a, and k),ay are scheduled simultaneousiy, for 0 <k, < ¢,
and 0 <k, < ¢y ((k, ky) #(0,0)). Next, using this result we prove that no two or more
processor elements at kyidy + kyla, and kxza, + kyzd—y are scheduled simultaneously, for
0<ky <cyand 0<ky <cy ((ket, kyy1) # (ke2, ky2)), i=1,2. But first, from ¢,cy = Is'tl

we deduce :

L. ¢y =cxeylged(cxcy, 0y), so that ged(cycy, o) =c¢y and thus, o, =cyq,, where

ged (Cx, gx) =15
2. ¢y =cxeylged(cxcy, o), so that ged(cecy, Oy) =y and thus, o, =czqy, where -

ged (Cy, qy) =1

Step 1. We show that :

(ke ]ister = ko] 6t

if ky =vyc, and ky =vyc,, for some vy, vy € Z, and when ged(cy, ¢y) = 1, ¢xey = Is't

and ¢y, ¢y > 1, then
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[keo 15t = [ky 0116t

only if ky =vxcx and k, = vycy, for vy, v, € Z. The if part is easy to prove and follows
immediately from Lemma 3.2, after substitution of ky = vxcy and k, =vyc,, since in this
case kyo, and k,0 belong to the same equivalence class with respect to congruence

modulo |s't!. To prove the only if part, we write :
keOix = ky0y + nlstl.
o _ _ el _ L
Substitution of 0, = ¢yqy, Oty = Cxqy and IS t,l, = CxCy, gives :
kxGxcy = kyqyCy + ncxcy,.

Thus :

CX
A kyqy =kyqy . + ncy, or
y

Cy
b, kegy—=kyqy + nc,.
Cx

Now, since 4,q, in case a, or kyq, in case b, is an integer it must be that :

c
y . : .
L. kyqy =pycy, or k, =py-;1— for some integer py, since ged(cx,¢y)=1 and ¢, > 1;
y
but, since k, is an integer it must follow that p, = v,qy and thus, ky = vyc);

c
2. kyQx =PxCy, OF ky = p,,—qi for some integer p,, since ged(cx,cy) =1 and ¢, > 1;
X

but, since k, is integer it must follow that p, = v,q, and thus, k; = v,Cy;
Hence, it is proved that processor elements at k; d_x and kgay, for any 0 <k, <c, and
0<k,<cy with (k, k)#(0,0), are never simultaneously scheduled when

gcd (Cx, ¢y) =1, cxcy = Is'tl and ¢x, ¢y > 1.

Step 2. We show that :
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[Ckx10p + ky 1 ay)] Is'tl # [(kgo0t + ky2ay)] Is't]

for 0Sky < ¢y, 0<ky < cy, with (kyq # kxp and &y # ky2). The proof of this will be by

contradiction. Suppose
[(kx 10 + ky10n)] 51 = [(ke2 0 + Ky200)] 1/

for some 0 <kj; < ¢z, 0<ky; < ¢y (i=1,2), with kyy # kyo and kyy # kyg. Then,
k1 O + ky1 Oy = kyg O + kyp Oy + 1 ISt ‘

for some n € Z. Hence,
(k1 — kx2)0tx = (kyo —ky1)ot, +nls't],

Or, equivalently,
ke, = kyo, +nls'tl,

where 0 S ky=ky1—kx2 < ¢x, 0 < ky=kyy—ky) < ¢y and (&, ,k,) # (0,0). Hence,
lexoeig'tl = [kyoyis'ti -

But, in Step 1 we found that
(ko] st # [kyoy] sttt

for 0k, < ¢y, 0Sky <y with (ky, ky) # (0,0). Thus, we have a contradiction. And
since the: linear combinations k,d, +ky(—i:v reach all processor elements in the region

0 < ky < ¢x, 0 Sky < cy, there are exactly cycy = Is't] processor elements in this cluster.
O

Example 3.1 :

Take c; =3 and ¢y = 4. Hence, c;cy = 12. From ¢, = cxcy/ged(cecy, ), we could possi-
bly have 0, =4 and from cy = cxcy/ged(cxcy, @), we could possibly have o, = 3. With
0<k;<3, 0<ky<4 in (3.9), Table3.1 shows the phase differences between the

Schedule time steps of the processor element at (ky,ky) = (0,0) and the schedule time
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steps of the rest of the processor elements in the cluster. These phase differences are

given by : [ky0 + kyoy ]| 6't1 -

Proposition 3.2 :

Let a schedule vector s and a projection vector t be given for a dependency graph
G=({I°, D}. Let s and t be such that there exist two linearly independent cluster directions
d, and (—iy with cluster numbers cx and cy, respectively, such that ¢, = |s‘t| =nc, and
n, Cx > 1. Then there exists a cluster : '

P={(xy) | [xy) =ked, +k,d,, 0k, <y, 0Kk, <n}, (3.10)
|

with cluster number 1s't| .

Proof :

c
If we can prove that there are exactly 2 =c processor elements between (0,0) and
n

¢ydy, such that there exists a bijection between these ¢, processor elements and the c,
processor elements between (0,0) and c,,(_ix, in the sense that a processor element
between (0,0) and c,E, is related to one of the ¢, processor elements between (0,0) and
cyay if they are scheduled simultaneously, then the proposition is proved. Indeed, since
the phase difference between schedule time steps of two processor elements along a clus-
ter direction is independent of the absolute position of the processor elements, it will then
follow that no two or more processor elements between kd, and k(-ix + nH, are simul-
taneously scheduled (0<k <c¢,). And, consequently, for every k; and kg,
0 <ky.ky < ¢y, there will be no processor element between kyd, and klax + n&, which

is simultaneously scheduled with a processor element between kzax and kgt_i, + na,.
Thus, we must show that :
[kynayhslll = [kx0] st for 0 <k, ky < Cx.

But first we need the following. From ¢, = Is't| and ¢, = |s'tl/ged (s't, o) it follows
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TABLE 3.1. Phase differences between schedule time steps of processor elements in a

cluster with ¢, =3 and ¢, = 4.

that

ged(cy, &) =1. And from Is'tl =c, =nc, and ¢, = Is'tl/ged (s't, @) it follows that
ged (ncy, o) = n and, consequently, o, = nq with g 2 1 and ged (¢, g) = 1.

Along E, the phase difference- o, defines ¢, distinct equivalence classes [k’,a,]cy,
ie., [0],;y, [l]c,, s [y — l]cy, for the ¢, integer values of &’y in the interval [0, ¢y - 1],

since ged(cy, @) =1 and ged(cy, k)=1 for any £ in this interval. For a fixed value of
k’y the equivalence class [k’yay]cy is:

{k'yoy +pcy}, p=..,-1,0,1,....

Dividing all the elements of this class by n gives :

kl
{—& +pc), p=..,-1,0,1,..,
n
. . . . Kyoy
since ¢, = nc,. This class is an equivalence class of with respect to congruence
k/
modulo ¢,, only if Y2 isan integer. Since gcd (¢, @) =1 and since n is a divisor of
n

Kyoy

¢y, it follows that £’y must be a multiple of n if {
n

+pct,p=..-10,1,..,1is to be
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’

Kyoy
n

an equivalence class of with respect to congruence modulo c. That is, k’y = nky,

02k, < c,. Inthat case we have :
0<r=skyoy (mod c,) < ¢y, 05ky <y
From the fact that o, = nq (g = 1) we also have that :
0<r=kq (mod c;) < ¢y, 05k, <.

(This follows by dividing the elements of the equivalence class [k,(xx]C, = {ky 0, + pcy},

p =....,—1,0,1,..., by n). But this means that :
(keqle, = [kyoyle . O<keky <oy
and hence,
[k,,nq]cy = [k,,cnt,c]cy = [k,nay]cy, 0 < ky,ky <y

Thus, it follows that, for each k,, 0 <k, < c,, there are n processor elements between
k,a, and kxt—ix + nay which are never scheduled simultaneously. And for every k£, and
ky, 0<ky,ky < c, there is no processor element between klax and kla, + n&, simul-
taneously scheduled with a processor element between kza,, and kza,, + n&,‘ Therefore,

(3.10) is a cluster with cluster number |s't!,

Example 3.2 :

Take cx =3 and ¢, = 15t =9. From cylcx = nwe get n =3. From c; =9/ged (9, o), we
could possibly have o, =3 and from ¢y =9/gcd 9, o), we could possibly have o, = 4.
With 0<k, <3 & 0<k, <3 in (3.10), Table 3.2 shows the phase differences between
the schedule time steps of the processor element at (ky,k,) = (0,0) and the schedule time

steps of the rest of the processor elements in the cluster.
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TABLE 3.2. Phase differences between' schedule time steps in a cluster with

cy=Is'tl =9and ¢; =3.
Proposition 3.3 :

Let a schedule vector s and projection vector t be given for a dependency graph
G={13, D}. Let s and t be such that there exist two linearly independent cluster direc-
tions Hx vand <_i,, with cluster numbers cx > 1 and ¢y, = Is'tl > 2, respectively, and

o # . Then there exists a cluster :

P={(xy) | Xyl =kydy, ky =0,1,...,(m=1), [moyle, = [0l }

U {0LY) | (Y)Y = kydy + kedy, ky = 0,1,...,(cymm=1), ky =1} (3.11)

with cluster number 1s't!.

Proof :
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Since there are exactly ¢, equivalence classes [may]cy for 0<m < ¢y, surely for
some 0 <m < ¢, we have [0,]; y = [moyle,. Because the phase difference between the
schedule time steps of two processor elements with a difference in position of (_iy is
independent of the absolute positions of the processor elements, and o, # 0o, it follows
that the processor elements between (0,0) and m(_i), (the processor element at may
excluded) are never simultaneously scheduled with those between d, and
(_ix + (cy —;ﬁ)&, (the processor element “at Ex + (cy —m)Ey excluded). And since

cy = Is't!, there are exactly Ist| processor elements in the cluster. Hence, the proof.

Example 2.3 :

Take ¢, =3 and c, = Is't] =9. Hence, we could possibly have o =3 and o, =4. With
0<ky<3forky;=0& 0<k, <6 for ky=1in(2.11), Table 2.3 shows the phase differ-
ences berween the schedule time steps of the processor element at (k,,,k,) = (0,0) and the

schedule time steps of the rest of the processor elements in the cluster.

Since the nullspace of the transformation matrix T is spanned by t # 0, there may be
more than one pair (d,, dy) that maps to the same pair (E,, (_Jy). It remains to show that it
does not matter which pair (d, dy) we choose with regard to o, and o in the computa-

tion of the clusters (2.9)-(2.11). Suppose d, as well as d,” map to Ex. This means that :
d,=d,’ +kt,

for some integer k. Thus, with s'd, = o, and s'd,” = a,”, we get the relation :
o, = +ks't.

The question is now, whether ged (s't, o) = ged (s't, o,")? Assume that Is‘tl =pq and
o’ =pr, with ged (q,r) = 1. Hence, gcd (s't, o,") = p and o, = p (r + kq). Thus, we have
to show that gcd(q,r +kg)=1. Assuming that g=nm and r+kg=nl, with
ged(m,l)=1,leads to :
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TABLE 3.3. Phase differences in schedule time steps in a cluster with ¢, = Is't] =9 and

¢y =3.
1=L tkm.
n

But, since gecd(q.r)=1, it follows that n=1. Thus, showing that
ged (s't, o) = ged (s't, o). Moreover, it does not make any difference whether we use
o, or o,” to calculate the relative schedule time steps in the clusters, since

louhigt = 10w 1641 , as follows from the fact that o, = o, + ks't.
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3.3.2 TESSELLATION OF THE FSA

Each of the clusters defined by Proposition 3.1-3.3 can be characterized by a non
singular, integer matrix B and a support region F as in Section 3.1. Moreover, displace-
ment matrices can be derived for each of these clusters.

CLUSTERS OF TYPE (3.9)
“For clusters of this type we have that cluster :
P={x | Bn=x, ne F}
is spanned by the vectors Ex and E,. Hence, from (3.9) we have :

B=[d; | dy]
n=[k k)

- .
F= { M} k=0,1,....(c; = 1), k,=0,...,(cy~1).

Now, since [c 0 ]1s't] =0, it follows that there is a cluster at relative position c,d,.
Similarly, there is a cluster at relative position cy(—iy. Hence, the displacement matrix U is

of the form :
U =[cxdy | c,d].

The situation is sketched in Figure 3.4, where we have u; = cx(—ix andup = cyay.

Example 3.4 :

As an example, consider the matrix-matrix multiplication example in Figure 1.4, with
F and X 8x4 and 4x4 matrices, respectively. Projecting the dependency graph of this
algorithm along t =[00 1] results in a systolic array as shown in Figure 3.5 (only the
topology is shown for simplicity). Choose cluster directions d_x =[10]) and E, =[01Y,
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LS
27

U =C;0,

Figure 3.4. Resulting tessellation for tiles of the type in (3.9).

with cluster numbers ¢, =2 and cy, =3, respectively. From cycy = Is't] we must have
Is'tl =6. Withs={[s; 5, s3], we find that s5 = 6. From ¢, = 2 a possible choice for o,
could be o, =3, and from o, =s'{1007 it follows that s, =3. From ¢y =3 we can
choose o, =2, and from o, =s'[0 1 01 it follows that s, =2. Hence, we get s =[3 2 6}'.
And for the columns of the displacement matrix U of the tessellation we get uy =[2 0]
and uy = [0 3Y, so that :

20
U= 19 3|

The tessellation is shown in Figure 3.5. The numbers adjacent to the processor elements

(circles) denote the order in which they are scheduled in a tile.

CLUSTERS OF TYPE (3.10)

For clusters of this type we have ;
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Figure 3.5. Tessellation of the matrix-matrix multiplication array for s =[3 2 6].

B=[d, | d}]
n=[k; &1

ky
F= { [k,]} k=0, ..,(cx — 1), ky=0,..., (n-1).

Now, since [c,04]14t¢) =0, it follows that there is a cluster at relative position c,d,.
Similarly, there is a cluster at relative position kd, + nay, where 0 < k < ¢, is such that

[ko, + nay]cy = 0. Hence, the displacement matrix U is of the form :
U =[c,d, | kd, +nd,).

The situation is sketched in Figure 3.6, where we have u; = chx andu; = kax + nay.

Example 3.5 :

Consider again the matrix-matrix multiplication example, with t' =[00 1]. Choose
cluster directions d,=[10]' and d, = [0 11" with cluster numbers c; =2 ¢, = Is't| =6,
respectively. Possible choices of o, and o, are 3 and 5, respectively. Thus, s* =[3 5 6].
From [ko, + nay]cy =0, with 0, =3, 0y =5 and n=cylcy =3, it follows that k =1.

Hence, the displacement matrix of the tessellation is :
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ST

d, kd, u;=c,d,

Figure 3.6. Resulting tessellation for tiles of the type in (3.10).
21
U= |y 3|

The tessellation is shown in Figure 3.7.

CLUSTERS OF TYPE (3.11)
For clusters of this type we have :

B=[d, | d,]
n=(k k)

0 1
F=1l[tVili|pk=0Lmm=1, 1201 (e, =m=1)

where [may]cy = [ax]L‘y-

From (3.11) we see that adjacent clusters are at relative positions ((_ix + (cy—m)(_i,)

and (5, - ma,). Hence, the displacement matrix U is of the form :
U =[d, + (c,~m)d, | d; ~md,].

The situation is sketched in Figure 3.8, where we have u; =(5x+(cy—m)ay) and

Uy = (a, - ma,).
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Figure 3.7. Tessellation fors' =[3 5 6].

Example 3.6 :

Consider again the matrix-matrix multiplication example, with t' =[00 1]. Choose
cluster directions a,, =[10) and (_iy =[01} with cluster numbers c¢,=3 and
ey = Is't| =9, respectively. Possible choices for oy and o, are 3 and 2, respectively.
Thus, s' = [3 2 9]. From the equation [a.,] ¢ = [may]c, (see the proof of Proposition 3.3)

it follows that m = 6. This gives :

a

for the displacement matrix of the tessellation. The tessellation is shown in Figure 3.9.

3.3.3 THE DERIVATION OF CONTROL SEQUENCES FOR INPUT SELEC-
TORS

Similar to the LPGP case, we are able to construct a dependency graph for the LSGP
partitioned FSA. For examples we refer to Figure 3.2. In such a graph the nodes represent

the cluster processor. A cluster processor consists of :



102 3. MAPPING REGULAR RECURRENT ALGORITHMS

“u

” 0
-nid, -md,

(@) : m<cy—m b):m>c,~m -
Figure 3.8. Resulting tessellations for tiles of the type in Proposition 3.3.
1. the processing element;
2. selectors, which are used to control input selection;
3. first-in-first-out (FIFO) memory for intermediate results;
4. a controller which selects different functionalities of a processor element and

which controls the selector.

This model of the cluster processor is depicted in Figure 3.10.

There is a selector for each input of the processing element. Similarly, there is a feed

back loop with a FIFO buffer for each output of the processing element. The FIFO buffer
“at an output of the processing element has length equal to the number of delay units that

is associated with the interconnection in the FSA to which this output corresponds.

The issue that remains is the derivation of the control for the input selectors. This is
not a hard problem to tackle. The control is easily derived by tracing for each input of the

processing element in the cluster processor from which cluster processor input data is
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Figure 3.9. Tessellation fors’ = [329].
requested. Below we give a hint towards the implementation of such a trace procedure.
Let us define an indexing function 7 for a cluster :
I [0+ kyy b1ttt = (ke + kyd,y),

where &, ky are defined within the extend of the cluster. I.e., we use the relative schedule

time steps as indices for the processor elements in the cluster.

With D the set of interconnection primitives in the FSA, D(/) the domain of index
function 1 and E the set of dependencies in the graph of the tessellated FSA we can define

the following map :
M :DU)xD 5DUE

This map relates the input edges (which are members of the set D) of the processor ele-
ment in the cluster processor at each relative schedule time step (an element of D(7)) to
either an inter-cluster dependence (an element of E) or an intra-cluster dependence (an

element of 13).

At each schedule time step we can now specify a formal set of rules to extract the

control information of the selectors of a cluster processor :
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FIFO

\

controller

Figure 3.10. Model of a cluster processor.
Jorall (x;, y;)e P,withI(i)=(x;,y;)) & all (¢, u) e D:
1. (i, y)— (@ u)e P=>MCG, (r, )=, u)

2. (iy)—-(@ueP =>M(3G @ u)=w,w), (v, w)e E and (v, w)=-Ui,
whereiissuch that (x; —t,y;—u)e {x | x=y+Ui+r,ye P}.

In plain words : for a processor element (x;, ¥;) scheduled at time step i, relative to the
processor elements in the same cluster, we test for all its inputs (¢, ), whether the input
is coming from a processor element in the same cluster P, or whether it comes from a dif-
ferent cluster. If it comes from a different cluster, we have to determine from which one.
Since we know that (x; — 1, y; —u) belongs to some cluster {x | x=y+Ui+r, ye P},

we conclude that the input is originating from a cluster with relative position Ui.

The controller can control the /O map of the processing element of the cluster pro-
cessor by keeping track of the next virtual processor element in the cluster that has to be
simulated by the cluster processor. Notice that this is not necessary if systolically pro-
pagating control signals were already available in the FSA to select the proper I/O map °

for each of the processor elements in the FSA.
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4. DESIGN OF A SYSTOLIC ARRAY FOR SOLVING SYS-
TEMS OF LINEAR EQUATIONS

4.1 INTRODUCTION

In this chapter a fixed size systolic array is designed which executes the feed forward
OR factorization method as well as the feed forward Schur-Cholesky factorization
method of Section 2.2.2, Equation (2.23) and Section 2.2.3, Equation (2.46), respectively.
However, instead of performing orthogonal and hyperbolic rotations, the processor ele-
ments of this array will execute orthogonal and hyperbolic Householder transformations.
Thus we show that Householder transformations can be used in the feed forward direct
methods of Chapter 2. First, two full size arrays will be designed, each implementing
one of the two feed forward methods. These designs are done with the aid of SYSTARS,
a CAD system for the synthesis of systolic arrays [Omtz1987]. SYSTARS has a graph-
ics interface which displays a specified dependency graph and allows one to obtain from
it a full size systolic array interactively, by specifying a projection vector t and a

schedule vector s, as was explained in Chapter 1.

Next, reduced size arrays will be derived from the full size arrays, using the LPGP
partitioning strategy of Chapter 3. It will turn out that the RSAs for both feed forward
methods have identical interconnection topologies, so that a single RSA will be obtained
for both methods. This RSA will be designed such that the following constraints are

satisfied :

1. the size of the local memory of a processor element does not depend on the size of

the problem;
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2. the size of problems to be executed on the RSA can be arbitrary larger than the size

of the array itself;,
3. all I/O with peripherals are handled at the boundaries of the RSA;

4. the RSA is flexible with respect to communication speed requirements of different

peripherals (disks, host computer), attached to the array.

Constraints 1) and 2) will be satisfied by using the LPGP partitioning strategy of
Chapter 3. Constraint 3) will be satisfied by properly tessellating the FSAs and by adding
dummy processor elements where needed. Constraint 4) will be satisfied by implement-
ing the Householder transformations on innerproduct-step processor elements. An
innerproduct-step processor executes an innerproduct sequentially. The entries of a data
vector on which a Householder transformation is applied are multiplexed at a single input
of the processor element. Likewise, the entries of the resulting vector are multiplexed at
a single output. As we shall see, by defining the processor element as a sequentially
operating processing unit, we are able to control the 1/O bandwidth of the RSA by the
size of the input vectors. Thus, we obtain the effect of an LSGP partitioning (see Sec-
tion 3.3).

This chapter mainly illustrates the feasibility of the design of a systolic array, dedi-
cated to the feed forward QR and Schur-Cholesky factorization method, using the design
principles of Section 1.2 and Section 3.2. The architecture of the Householder
innerproduct-step processor is a conservative signal processor like architecture
[Bara1988], containing standard components such as a floating point multiply-add system
[Hwan1979], registers, FIFO memories, random access memory (RAM) and a micro-
controller with a micro-instruction read only memory (ROM) and a sequencer as its main
components. Hence, it can be expected that the design turn-around time of such a proces-

sor element will be short.

Note : the design of a systolic array which uses circular or hyperbolic rotations is not stu-

died here. The availability in the near future of standard, high throughput pipelined
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CORDIC (Coordinate Rotating Digital Computer) processor elements [Walt1971],
[Lang1988] for these operations will make the design of such systolic arrays feasible and

attractive.

The outline of this chapter is as follbws. In Section 4.2 the feed forward QR and
Schur-Cholesky factorization methods are restated in terms of Householder transforma-
tions. Regular recurrent algorithms are derived for these methods, from which depen-
dency graphs are deduced. In Section 4.3 full size arrays are synthesized from these
dependency graphs, using the principles of Section 1.2. In Section 4.4 these FSAs are
partitioned, using the LPGP partitioning strategy of Section 3.2. And finally, in Sec-
tion 4.5 the architecture of an innerproduct-step Householder processor element is

presented.

4.2 FEED FORWARD SOLVERS

4.2.1 THE QR AND SC SOLVERS

For convenience of the reader the feed forward OR and Schur-Cholesky factorization

methods of Chapter 2 are summarized here in the form of two theorems.

Theorem I (QR solver): Let A € R™ be a non singular matrix and be RV.

Then, there exists an (N +1)x(N+1) orthogonal matrix © :

N N
®=T1[19y. @.1)
j=tizj

where the ©;; are (N +1)x(N+1) orthogonal matrices of the form :
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~

j-1

cos (6; ;) sin (9,~j)
®ij = Ii—j s (4-2)
—sin (0;)) cos (8;})

In-i|

such that the solution x of the system of linear equations Ax =b obeys :

oA TR *
-b* 01|~ |0 kex' ke “-3)

where R is an NxN upper triangular matrix, satisfying R'R = AA' + bb’ and kg is equal

to:
ke=(1+x'x)""%. 4.4)
O

A matrix © which. satisfies Equation (4.3). will be referred to as the QR solver,

because Equation (4.3) expresses a OR factorization.

Theorem II (SC solver): Ler A € RV be a symmerric positive definite matrix

with diagonal elements a; = 1,i=1,....N,andbe R N, such that the matrix :
- 1 -b
A= b A 4.5)

is a positive definite matrix. Let U and Y be the lower, respectively, strictly lower tri-
angular part of the matrix A and let J be the signature matrix J =1y ©—Iy,,. Then,
there exists a 2(N+1)X2(N +1) matrix @ :

N N
j=li=j

where the <D,-j are 2(N+1)x2(N+1) J-orthogonal matrices of the form :
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— 1
—

cosh (;j) sinh (¢;;)
;= IN-ja . @7
sinh (¢;;) cosh(0;;)

Insj-in]

such that the solution X of the system of linear equations Ax =b obeys :

U’ IN+1 R * * N+1
= |0 kq,xl k¢. 1 , (48)
0 * * N

@ Yt Inyy

where R is an NXN upper triangular matrix, satisfying R'R = A and kg is equal to :
ko =(1-xAx)"%, x'Ax < 1. 4.9)
O

A matrix ® which satisfies Equation (4.8) will be referred to as the SC solver, because

Equation (4.8) expresses a Schur-Cholesky factorization.

4.2.2 ORTHOGONAL AND HYPERBOLIC HOUSEHOLDER TRANSFORMATIONS

Instead of defining the matrices ® and @ in (4.3) and (4.8) in terms of the orthogonal
and J-orthogonal rotations in (4.2) and (4.7), respectively, they can also be defined in

terms of orthogonal and hyperbolic Householder transformations, respectively.

ORTHOGONAL HOUSEHOLDER TRANSFORMATIONS [Hous1975] :

The orthogonal Householder transformation is defined to be the following NxN

matrix :
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H=Iy- —%—uu’, (4.10)
uu

where u is a non-zero Nx1 vector. Given a non-zero vector x, we can determine the vec-

tor u, such that :
Hx=zx|1x11,¢, (4.11.a)
where | [x| 1, = (x‘x)l"z and e; is the vector [10 - - - O]'. It is readily verified that
u=xi||x||2e1. (411b)

We choose u=x+sign(x,)! Ixl1,e,to guarantee that | tul I, = | Ixi1,.

HYPERBOLIC HOUSEHOLDER TRANSFORMATIONS [Rade1985]) :

The hyperbolic Householder transformation is defined to be the following NxN

matrix :

uu’, 4.12)
uJuT

where u is a non-zero Nx1 vector and J is an NxN signature matrix :

J=diag (1, £1, ---, £1). 4.13)

(Notice that (4.12) expresses an orthogonal Householder transformation in case all diago-
nal entries of J are positive). The hyperbolic Householder transformation is J-

orthogonal, i.e.,
H'JH=HJH'=]. 4.14)
Given a non-zero vector X, such that x'Jx > 0, we can determine the vector u, such that
Hx=%11x11,eq, (4.15.2)

where | 1x11; = (x'Jx)”. In this case it is readily verified that :
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u=Jxzx | ixle. (4.15.b)
We choose u=Jx+sign(x;)! 1x11;e;, to guarantee that | lul ;2 11xI1y.

The computation of the reflection vector u or u, from a given vector x and the com-
putations of | Ix|[e, or | Ixi1e; will be referred to as vectorizing, while the applica-

tion of a given H or H matrix to a given vector y, will be referred to as reflection.

4.2.3 ORTHOGONAL REFLECTIONS AS ELEMENTARY OPERATIONS IN
THE QR SOLVER

The matrix @ in (4.3) can be replaced by a product of (embedded) orthogonal House-
holder transformations of fixed size. For instance, let A be an 8x8 matrix and b an 8x1

vector and write :

(A" 14 0]
-b* 0 1 _
P="10" O 0|=[py), x=1,..,12, y=1,..,17.

o0 oo )
0 0 of

And let Hy, i=1,...,8, j=[i/3],...,3, be orthogonal Houscholder transformations of the

form Hy; =14 - —'2—‘u,~ju§j. Then, making the proper choices for the H;;, the matrix :

i
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©=(; OHg O1)
(g ©Hyy ®©1,)
(Is ®Hg3 ©I3)(Is ©Heg))
(I4 ®Hs3 ©14)(I7; ©Hs, ©1)
(I3 ®Hy3 ©Is)Us ©Hyy ©I3)
(I, ®H33 ®©lg)(Is ©H3p ©13)(I g ©H3p)
(1 ©Hp ©I7)14 OHxn ©I14)(07 ©Hy ©1)
(Hyy ©Ig)I3 ®Hyp ®Is)lg ©Hyy ©I), (4.16)

will upper triangularize the matrix P in the product ®P. Notice that the ith row (counting
from bottom to top) of ® eliminates the ith column of the strictly lower triangular part of
P. Application of the ith row will be referred to as the ith sweep and the part of a column

on which a matrix H;; acts will be called a partial vector.

In order to formulate the computation of the product @P in terms of a regular
recurrent algorithm (see Chapter 1), we set up the following scheme of operating on the
columns of the matrix P. Let us consider the-first sweep. Denote the 4x1 partial vector
on which Hy; (i=j=1) acts by pyy = [vi1x e1x]’, where the first three entries of this
vector are contained in the 3x1 vector vy, and the last entry is contained in e;y;. The
first index of the variables v and e denotes the current sweep, the second index denotes
the current partial vector and the third index denotes the current column of P. Since the
matrix Hi; acts on a partial vector which has last entry equal to the first entry of
H y1P114> we decompose the partial vector H1pjy, into its first entry, denoted by e
(2=j+1) and the rcmairiing three entries, denoted by the 3x1 vector v,y (2=i+1). These
remaining entries are going to be used in the second sweep. Denoting the first three
entries of the partial vector on which H 5 will act, by v;y, this partial vector is then
denoted by [viy e;%]'. Similarly for the rest of the transformations in (4.16). In order to
express the application of a transformation H;; on all of the columns of P, we denote the
reflection vector u;; by u;j; - where the indices have the same interpretation as above -
and copy it to u; j x+1, when H;; must be applied to the partial vector in column k+1 after

it has been applied to the partial vector in column k. However, since a reflection vector
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u;; has to be computed first from the jth partial vector in column i=k before it can be
applied to subsequent columns, we introduce a control variable ¢;j, which is initialized to
0 for i=k and to 1 everywhere else. Whenever c;;; =0, a reflection vector u;j is com-
puted. Else the computed reflection vector is used to reflect the partial vector. The value
of c;j; is copied to Ci4y,jk+1, because the partial vectors in column k+1 in sweep i+1,
will be next eliminated and it is from this column that new reflection vectors are com-
puted. The regular recurrent algorithm for this scheme of implementing the computation
of the product ©F is given in Figure 4.1. A reflection vector u; ;x4 is computed from
partial vector [vfjk e,-jk]’ by the function f () (see (4.11.b)). The function g () computes
I I[ijk e,-jk]'l |261. That is, €ij+lk =*l| I[ijk e;jk]'l Iy and Visl,jk = [00 0]’. The
function k& () computes a reflection of [v}jk e; jk]’ with the previously computed reflection

Vector ;.

The set of displacement vectors for the variables Vij, €jjx, Cjx and w; is:
Dgr = ([100], (010, [101), [001]*). The index set IéR of the algorithm is:
I3QR ={(,j,k) 1 1<i<8, [i/3]<j<3,i<k<17}. The set of index points (i,,k) and
the displacement vectors, define the vertices and the edges, respectively, of the-depen-
dency graph of the algorithm in Figure 4.1. This graph is depicted in Figure 4.2, for k
only until 9 to avoid a too complex graph. At a node (iy,j.k1) of the graph the compu-
tations at i=i, j=j,, k=k;, in the regular recurrent a]goritﬁm, are performed. The
results for the variables e, v, u and ¢ at node (i, jj, k1) are communicated to nodes at
relative positions [0 1 0, [1 0 0), [0 0 1) and [1 0 1}, respectively. The location of ini-
tialization data in the graph and the location of output data follows immediately from the

algorithm in Figure 4.1.

4.2.4 HYPERBOLIC REFLECTIONS AS ELEMENTARY OPERATIONS IN
THE SC SOLVER

The matrix @ in (4.8) can be replaced by a product of (embedded) hyperbolic

transformations which act on vectors of n entries. For instance, let Ain (4.5) be a 10x10
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/* initializations */

Cijks €ijk € Ry e R4 Vijx € R3;

€1k =0

Vije = PmGy2k Pmy1.h Pmhad’ with m () =9 = 3(j-1), j=1,2,3;
c1j1=0c1e=1fork=1;

/* transformations */

fori=1to 8
for j=[i/3]to3
for k=ito 17
case Cjx
Viik
0: ujin =f( [e;;k});

€ij+l,k =g( Vijk );
Visljik k| -
LD UG jeer = Uiy,
€ij+1,k Vijk
= h( » Wijk);
|:Vi+1.j,k:| €ijk ijk)

Citl,j,k+1 = Cijk;
endfor

endcase

endfor

endfor

Figure 4.1. A regular recurrent algorithm for the QR solver.

matrix with lower and strictly lower triangular parts U and Y, respectively, and write :

[}

with :
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P=[U" Iynq]=I[py), x=1,..,10,y=1,..,20,
Q=" Iyul=lgy), x=1,..,10,y=1,...,20.

Let Hy,i=1,..,9, j=1,.,3- |(i—1)/3], be hyperbolic Householder transformations of

the form Hjj=Ji3- wjulj, with uli=(uf’ 0---0uf ¥ uf] and

uhiJ 13w
J13i =19 ®—l4 ;. In this way H;; acts only on a vector of 4 entries in a column of 13—
entries. These vectors will be called partial vectors. Making the proper choices for the

H;;, the matrix :

D=y ®Hy ®I7)
(I3 ®Hg ©I7)
(I, ®Hy ©I7)
(9 ®Hgy ©I4)I6 ©Hg ©17)
(Us ©OHsy ®14)(I5s ®Hsy ®©17)
(7 ©Hy ©l4)14 ©Hyy ©I7)
(9 ®H33 ©1)Ig ©H3y, ©I4)(I3 ©®H3y ©I7)
(s ®Hy ©®1)Is ©Hy ©I4)I, OHy ©I7)
(I7 ®H;3 ©1)I4 ©H ) ©14)(1 ©®Hyy ©l9), 4.17)

will eliminate the non-zero entries of Y* in the product ®M. Notice that the transforma-

tions in a row of @ can be applied in parallel to the matrix M. Application of the ith row -~.-

of @ will be referred to as the ith sweep.

In order to formulate the computation of the product @M in terms of a regular
recurrent algorithm, we set up the following scheme of operating on the columns of the
matrix M. Let us consider the first sweep. Denote the partial vector on which H
(i=1, j=2) acts, by piox = [e12x Viox]’, where eq9; denotes the first entry and vyg is a
3x1 vector which denotes the remaining entries of the partial vector. The first index
denotes the current sweep, the second index denotes the partial vector and the third index
denotes column k, k=i+3(j-1)+1,...,20. Applying H; to partial vector pjy; results in a
partial vector H 1P The first entry of this vector will be the first element of the first
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partial vector in column k to which H4, (4=i+3, 1=j~1) will be applied (that is, in the
fourth sweep). Denote this entry by e41,. The remainder of the partial vector H 1,py2
will be used in the second sweep and is denoted by the 3x1 vector v;;. Denoting the last
three elements of the partial vector to which H4; is applied, by the 3x1 vector vy, this
partial vector is denoted by [e4; vix)'. Similarly for the rest of the transformations in
(4.17). In order to express the application of a transformation Hj; to all of the columns of
M, we denote the reflection vector u;; by u;j; - where the indices have th;: same interpre-
tations as above - and copy it to U; ; ¢+, when H;; must be applied to the partial vector in
column k+1 after it has been applied to the partial vector in column k. However, since a
reflection vector u;; has to be computed first from the partial vector in column
k=i+3(j-1)+1, j=1,...,3~ L(i—l)/3j, before it can be applied to subsequent columns, we
introduce a control variable cijjp  which is initialized to 0 for k=i+3(j-1)}+1,
Jj=1,..,3— [(i—-1)/3),and to 1 every where else. Whenever c;j, = 0 a reflection vector Uik
is computed. Else the computed reflection vector is used to reflect the partial vector. The
value of c;j is copied to ¢i41,jx+1, because the partial vectors in columns k=i+3(j -1)+2,
J=1,...,3~ |(i~1)/3], in sweep i+1, will be next eliminated. The regular recurrent algo-
rithm for this scheme of implcmenting the computation of the product ®M is given in
Figure 4.3. The function f () computes the refiection vectors u;j according to (4.15.b).
The function g‘() computes £ [e;x vix]'| 1€, (see (4.15.a). These computations are
done in case the control variable ¢;3=0. In case c;3=1, a reflection is computed by the

function () with the computed reflection vector u; ke

The set of displacement vectors for the variables wyj, Vijk, Cijk and e;j is given by :
Dge = {[00 1), [100), [10 1}, [3-10F). The index set I3 of the algorithm is:
Re={(jk)11<i<9,1,1<j<3~ (~1)/3], i+3(j-1) Sk <19}. The correspond-
ing dependency graph is shown in Figure 4.4, for k only until 9 to avoid a too complex
graph. The location of initialization data in the graph and the location of output data fol-

lows immediately from the algorithm in Figure 4.3.
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/* initializations */
Cijt €€ Riupe RYvipe R
€ijk = Pism(j)ks 1=1,2,3; j=1,2,3;
k=i+m(),...,19;
Vi = [@mye Gmiyk dmgrails
j=1,2,3; k=2+43(-1),...,20;
withm (j)=m(-1)+ 3, m(0)=-2;
Clix= 0 for k=2+3(j—1), j=1,2,3; c1jx =1 everywhere else;
/* transformations */
fori=1to9
for j=1to 3 |(i—1)/3]
for k=i+3(j—1)+1 t0 20
case Cjjx

e..k
0: ujkn=f( [V:;k]);

€i43,j~1,k —g( €ijk %
Vitl,jk Vije|”

1D Wt = Wijs

€i43,j-1,k €ijk
ITREL = B U
[Vi+l.j.k Vi [T =

endcase
Ci+1,jk+1 = Cijk;
endfor
endfor

endfor

Figure 4.3. A regular recurrent algorithm for the SC solver.

4.3 FULL SIZE SYSTOLIC ARRAYS FOR THE QR AND SC SOLVER
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Figure 4.4. Dependency graph of the algorithm in Figure 4.3.

4.3.1 DESIGN OF AN FSA FOR THE HOUSEHOLDER QR SOLVER

" From the dependency graph G={122R, Dgr}, with :
r={i=lijkY 11si<8, [i/3]<j<3,i<k<17) (4.18.2)

and
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Dgr ={[1007), (010), [101}, {00 1]}, (4.18.b)

a full size systolic array can be synthesized by the procedure given in Section 1.2. Let the
schedule vector s be s =[1 1 1]’ and the projection vector t = [0 0 1]. Choose a transfor-

mation matrix T :
100
T=1b10

(such that Tt=0). As a matter of convenience we translate the dependency graph G to
the origin (0,0,0) by the vector [-1 ~1 —1}". The set of processor elements in the FSA is
then given by :

Br={ili=TG-[111)),ie P} (4.19)
The set of interconnections in the FSA is given by :

BQR ={Td | d € Dgp} ={[10Y, [0 1Y, [00)}. (4.20)
The set of schedule time steps for a processor element i e IéR is given by :

Si={s'G-[111]) lie Brand TG -[111))=i}. @.21)
The number of delay units associated with the different interconnections in the FSA is

given by :

!

s ¢

=15

[ =
o = O

1
=1, 1(0|=2,¢
1

—_ O O
il
—

The FSA is shown in Figure 4.5.

Many different systolic arrays can be deduced from the dependency graph, but we
shall focus on this particular one, because it satisfies the constraint that all I/O communi-

cation with peripherals is handled at the boundaries.
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wnC132:C 131 - B
V32, Vi3t - - » lop
i 2 2 2; 2.2
~Crnlizt - 10 4 B b s & 0 0 0
o V122:Vig1 - 5 2t B- -3 =) B CijpLk
: 'B] 1 ‘E‘] ‘B“ ..... E ............... 3 ............. g .......... ; ”5 W a
: 2 2 s . 2
aCunC111 —-— 0,0 ﬂ 1,0 G 2.0 0 0 0 § —-B—-» Cisl,jk+1
H Vi
=Y “—8— o _8_ G- v > Viaja
: : i
0 0 0

Figure 4.5. A full size systolic array for the QR solver.

4.3.2 DESIGN OF AN FSA FOR THE HYPERBOLIC HOUSEHOLDER SC
SOLVER

From the dependency graph G={I3c, Dogr |, with :
Be={i=(ijk111<i<9,1<j<3— |(i-1)3), i +3(j—1) <k <20} (4.22.a)
and

Dge ={[100}, [3-10}, 101}, [00 1V}, (4.22.3)

a full size systolic array for the SC solver can be synthesized by the procedure given in
Section 1.2. Let the schedule vector s be s=[1-31] and the projection vector

t=[00 1}. Choose a transformation matrix T :

100
T=1l9-10

(such that Tt =0). As a matter of convenience we translate the dependency graph G to
the origin (0,0,0) by the vector [-1 —1 —2]". The set of processor elements in the FSA is
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then given by :

Be=fili=TG{-[112]),ie L. (4.23)
The set of interconnections in the FSA is given by :

Dsc =(Td | d e Dsc] ={[10", [31F, [001'}. (4.24)
The set of schedule time steps for a processor element i T3¢ is given by :

Si={s’i-[{112)1ie Bcand T(i-[112])=i}. (4.25)

The number of delay units associated with the different interconnections in the FSA is

given by :
1 3 1 0
s0|=1,¢|-1{=6,§[0|=2,5[0]=1.
0 0 1 1

Notice that we can apply a transformation : -

k=17

to the elements of 1%¢ and the interconnections in ﬁsc, so that the FSA has an orthogonal
2-D mesh of interconnections. Le., K[1 0] =[10])* and K[3 1} =[0 1}*. The result is
shown in Figure 4.6. Again there exist many other possible arrays, but we chose this par-

ticular one, because all /O with peripherals is handled at the boundaries of the array.
4.4 FIXED SIZE SYSTOLIC ARRAYS FOR THE QR AND SC SOLVER

Problems of which the size exceeds that of the systolic array on which they have to
be executed, must be partitioned. Here we shall demand that the partitioning preserves
the property that all I/O with peripherals is handled at the boundaries of the systolic

array. To achieve problem size independency of local memory, the full size arrays of the
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waC 1€ B-+3,01 5
V112V F-» &
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Eijk;

+ Figure 4.6. A full size systolic array for the SC solver.

previous section are partitioned by employing the LPGP partitioning strategy of
Chapter 3. Summarizing, this strategy tessellates the array in tiles of, say, p processor
elements each and schedules the computations of the tiles in pipeline on the reduced size
array (RSA). An important property of this partitioning strategy is that all memory,
required to store intermediate results, iskept outside the array. Thus, preventing local

storage to depend on the size of the problem.

The different steps that are involved in the LPGP partitioning strategy of Chapter 3
are the following.

1. Tessellate the full size array into congruent tiles of, say, p processor elements each
(if necessary, dummy processor elements are added such that each tile has exactly

p processor elements).
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2. Find an admissable ordering of the tiles. This ordering dictates in which order the

computations of the different tiles are pipelined on the RSA.

3. Identify the set of processor elements which receive data from a particular tile. By
scanning the interconnection pattern of these processors with the processor ele-
ments in this tile, the routing paths from the outputs to the inputs of the FSA are

established.

4. Compute schedules for the read and write signals of the buffers of the RSA.
4.4.1 TESSELLATION OF THE FSAs FOR THE QR AND SC SOLVER

THE QR SOLVER

The first step in the LPGP partitioning procedure is the tessellation of the full size
array. A possible tessellation of the FSA in Figure 4.5 is envisualized by the dotted lines
in this figure. The RSA consists of 6 processor elements. According to Section 3.1 this

tessellation is characterized as follows :

r=0

1 o
B= |, F= {[00F, (10}, [207, [0 17, [1 1Y, [2 1)}

-
U= || 5| H={[0OF, (10}, [20F, [0 1}}.

Although many different tessellations exist, this particular one has the advantage that all
inputs of the RSA will be at its boundaries. Notice that not all tiles consist of a sub-array
of 6 processor elements. Dummy processor elements must be added to these tiles. Either
method 1 or method 2 of Section 3.2 can be used tov control the functionality of the pro-

cessor elements in the RSA. We select method 2 here, because it does not enhance the
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complexity of the interconnections in the RSA.

From Figure 4.5 we construct a dependency graph, which expresses the dependencies
between tiles, as they are implied by the interconnections in the full size amray. This

graph, G={V.E}, is shown in Figure 4.7, where a vertex represents a tile.

The set of vertices is given by V = {(0,0), (0,2), (3,1), (6,2)} , where the vertex coor-
dinates correspond to the coordinates of the processor element at the lower left corner of
the corresponding tile. The set of edges (dependencies) is given by E = {[3 1}, [02),
[(3-11').

As was explained in Section 3.2, an order vector p is computed which obeys the fol-

lowing set of constraints :

p'ex1, forallee E (4.26.2)

p'v#p'w, forallv, we V and v=w. (4.26.b)

There are many solutions for the above set of constraints. However, we choose p = [6 17,
since it results in a minimum of storage for intermediate results at each output of the
RSA. With this choice of order vector the tiles are ordered as follows : (0,0), (0,2),
3,1, (6,2).

THE SC SOLVER

Similarly, we derive for the FSA of the SC solver a tessellation, dependency graph
and ordering of the tiles. The tessellation is envisualized by the dotted lines in Fig-

ure 4.6. Its characterization is as follows :
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0,2)
> !
. \?\(
J_ 3k
4 (6,2)
(3.1)
0,0)

Figure 4.7. Dependency graph of the tessellated FSA of the QR solver.

r=0

10
B= [o 1]’ F={[00], [10), 207, [0 1], [1 1, (2 1]}

33
U= [_1 1}, H = {[0 0], {10V, [20V, [1 1'}.

This tessellation has the advantage that all inputs of the RSA will be at its boundaries.
Dummy processor elements must be added where necessary and method 2 of Section 3.2

is used to control the functionality of processor elements in the RSA.

The dependency graph, G={V,E}, of the tessellated FSA of the SC solver is depicted
in Figure 4.8. For this graph we find : V = {(0,0), (3,~1), (6,-2), (6,0)} and E = ([3 -17’,
{037, [32)).

Out of all existing solutions for the order vector p of graph G, we choose p’ =[6 1],
since it results in a minimum of storage for intermediate results at each output of the
RSA. With this choice of order vector the tiles are ordered as follows : (0,0), (3,-1),
(6,-2), (6,0).

Since the interconnection pattern is the same for both RSAs, only the algorithms for
the controller in the model of the LPGP partitioned FSAs (see Figure 3.3) and the
number of delays along an interconnection shall differ. Taking appropriate measures for

this difference in delays, a single, programmable RSA can be designed to implement
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(0,0)

(6.-2)
Figure 4.8. Dependency graph of the tessellated FSA of the SC solver.

both solvers.
4.4.2 PIPELINING THE COMPUTATIONS OF THE TILES ON THE RSA

The model for the LPGP partitioned FSAs of the QR and SC solvers is depicted in
Figure 4.9. Interpretation of this model is given in Section 3.2. The delays numbered
with x can be programmed to implement either 1 or 6 delay units, as required in the FSA
for the QR and SC solver, respectively. The controller for the model is implemented by
the algorithms given in Section 3.2 for the controller. The different parameters of these

algorithms are in the case of the QR solver :
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S_in_buffer, = {(0,0), (0,2))

S_in_buffer, = {(0,0), (0,2), (6,2)} .
S_iri_buﬁ“em = S_in_buffer 4 = S_in_buffer s = {(0,0), (3,1), (6,2)}
S_out_sy = {(0,2), (6,2)}

S_out_s, = {(0,0), (3,1), (6,2)}

S_out_s3 =S_out_s4 = S_out_s5 = {(0,2), (3,1), (6,2)}

S_tiles = {(0,0), (0,2), (3,1), (6,2))

S_I/0_(0,1) = S_I/O_(1,1) = S_I/O_(2,1) = {(0,2), (6,2)}
S_added = {(0,1), (1,1), (2,1)}

dependency_1 =[3 1]*

dependency_2 = [3 -1}

dependency_3 = dependency_4 = dependency_5 = [0 2)

and in the case of the SC solver :

S_in_buffer; = {(0,0), (3,-1), (6,-2)}

S_in_buffer, = {(0,0), (6,0)}- _
S_in_bu]j’er3 = S_in_buffer 4 = S_in_buffer s = {(0,0), (3,-1), (6,-2)}
S_out_s; = {(0,0), (6,-2), (6,0))

S_out_s, = {(6,-2), (6,0)}

S_out_s3 =S_out_s4 =S_out_ss5 = {(0,0), (3,-1), (6,0)}
S_tiles = {(0,0), 3,-1), (6,-2), (6,0)}

S_1/0_(0,1) =S_1/O_(1,1) = S_I/O_(2,1) = {(0,0), (6,0))
S_added = {(0,1), (1,1), (2,1))

dependency_1 =[3 1]

dependency_2 =[3 -1}

dependency_3 = dependency_4 = dependency_5 = [0 2]".
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controller j

Lo | r2

Duffer
buffer,

uper

buffer

Figure 4.9. LPGP partitioned array model for a 2x3 RSA for the QR and SC solver.

4.5 DESIGN OF A HOUSEHOLDER PROCESSOR ELEMENT

In this section we address the implementation of a processor element in the RSA of
Figure 4.9. We shall focus on an z'nﬁerproduct-step approach for the implementation of
the orthogonal and hyperbolic Householder transformations. An innerproduct-step imple-
mentation serializes computations involved in the application of a Householder transfor-
mation to a vector, so that we are able to satisfy the constraint of being flexible with
respect to communication bandwidth requirements of peripherals, attached to the /O pro-

cessors of the array (see constraint 4 in Section 4.1).
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4.5.1 IDENTIFYING, MINIMIZING AND SCHEDULING OF COMPUTATIONS

A Householder transformation is relatively complex. The computations that are
involved in orthogonal and hyperbolic Householder transformations are summarized in
Table 4.1.

The number of computations for the calculation of B and ; can be minimized by
writing B=1/11x111uy | and B;=1/1x!1;1u; |. The number of multiply-add opera-
tions that are required for vectoring and reflection for the orthogonal case, are given in
Table 4.2. The table is similar for the hyperbolic case. All vectors are assumed to be of
size n and all results in the table are assumed to be obtained by one or more multiply-add

operations.

Since the RSA is timed systolically (synchronous), the computation of a reflection
vector should take as much time as the computation of a reflection. Hence, from

Table 4.2 we deduce the following condition :
n=n;+n;+1, 4.27)

where n; and n; are the number of multiply-add steps required for the computation of an
inverse and a square root, respectively. Since n is the number of entries in the data vec-

tors, (4.27) determines the size of the partial vectors [vij €]’ and [ejjx viu]® in Fig-

ure 4.1 and 4.3, respectively, once the numbers n; and n; are fixed. Moreover, the choice -

i

of n; and ng will fix the minimum amount of local memory for a processor element. This

memory is needed to store the reflection vector and the data vector in case of vectorizing
and reflection, respectively. It is also needed to store Taylor series coefficients for the

calculation of f (x) =x" and g(x)= x~1, as we shall see in the sequel.
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Vectoring Reflection
Orthogonal Hyperbolic Orthogonal Hyperbolic
Hixli, Fixtly u'y u'y

u=x+sign())lixllze; | u=x+sign(x)l1xl1e; || v =By | ty; - Bsy)y
2 2

B= B =
lul13 luall}

TABLE 4.1. Summary of orthogonal and hyperbolic Householder cdmputations.

4.5.2 COMPUTATION OF SQUARE ROOTS AND INVERSES

The square root and inverse calculations that are required to compute B and | 1x1 14,
can be easily formulated in terms of innerproduct-step algorithms. The number of steps
in such algorithms will fix the quantities ng; and n;, respectively. Square roots and
inverses may be computed from a Taylor series expansion [Arde1963] by an approxi-

mating polynomial :

;‘(x i2) = R hi@)x — 2) = (bo(2) + (x — 2)(b1(2) + (& = 2)(...(b(2))...)))s (4.28)
i=0

: (i) o

where the b;(z) = f—ﬂ(—z)~ are the coefficients of the polynomial in the point'z and £@

denotes the ith derivative of the function f. The approximation error E, 4 is known to be
[Arde1963] :

Ep= Fa(] (x—2)"*D E=74+0(x-2),0£0<1
w1 ’ EEYEs
The right hand side of (4.28) expresses the computation of }’(x ;) in terms of an
innerproduct-step algorithm. Although there are better (faster) algorithms for computing
in;/erses and square roots, we choose a Taylor series expansion because then we will not
need special hardware besides an innerproduct-step processor to perform all the different
computations that are required for the application of a Householder transformation to a

vector. With this in mind the Householder processor element can be designed cost-
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Vectoring Reflection
Computation multiply-add’s || Computation | multiply-add’s
Ix113 n o u’y n
[1x114 ng B(u‘y) 1
uy=xqy+sign(xy)l x| 1 y- Bu‘yu n
uplixtly 1
1
p= Tixl a1 n;

TABLE 4.2. Listing of computations and the numbers of multiply-add operations.
effectively and compactly.

Let a number x be represented as a normalized floating point number in the set :

I )
Rf(lm' Ie) = {0} v {X = o-mxmxzotxe I Gm) Ge € {+'—}1 xm = me[ilz—-‘a xm[l] € {0’ 1}3

i=1

L, )
Znii) = 1 %o = Bxl12Z, 7 € (0.17).
=

The elements of this set have the property that x,, € [0.5, 1). A unique representation for
0 ischosen to be the following : o=+, 0,[i]=0, i=1,...,I,, 6, =—and 0, = %2‘. In
i=0
case of computing the square root of x, the exponent x, is divided by 2. Hence, x, has to
be even. In case x, is odd, it must be first incremented by 1 and the mantissa x,, must be
divided by 2. In that case the mantissa is denormalized and therefore we choose the inter-
val [0.25, 1) in which Taylor series expansions are computed for f (x) =x". For simpli-
city of implementation we also choose this interval in which the Taylor series expansions
are computed for g (x) =x"!. The interval [0.25, 1) is divided in sub intervals of length
A and the points z; = (kA + 0.25) (k =0,1,...) become the points around which the Tay-
lor series expansions are computed. Of all points zg, zy,... in the interval [0.25, 1) the

point z; is selected as the one closest to x,,. Hence, z; is computed as follows :
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2 =kA+025.

. . . c
A simple algorithm for the computation of the square root of a number x = G,,x,, X2 eXe

is the following.

sqrt (x., x,,)
if (x, is odd)
Xe & Xo+ 1
Xy — X271
endif

Xe € Xo/2;
Xy, — 025
k — +0.5];
. [ A
7 — kA +0.25;
n .
Xm — Dbz, — 20"

i=0
endsqrt

An algorithm for the computation of x™!

is similar to the one above, except that no
checking is needed for the exponent. The only operation that is needed for the exponent
is the inversion of its sign bit 6,. Storing the coefficients b;(z;) in tables, it is easy to
compute x % or x~! within desired accuracy. The computation of index k for z is at the
same time the address computation of the entries of the tables. Apart from the
coefficients b;(z;) the points —z; may be computed in advance and also stored in the

tables. Thus, the kth entry in the tables for x" and x! looks like :
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2 | balzi) bo(zi)

The parameters n; and ng are functions of A, the length of the approximation interval.
In an actual implementation we have to seek for the optimum of the values n;, n; and the
sizes of the tables for x” and x 1. Preferably A-is chosen to be a fixed point number, in

order to simplify the computation of k.

4.5.3 ARCHITECTURE OF A HOUSEHOLDER PROCESSOR ELEMENT

Expressing the computations of  (8;) and [ 1x11,-(I Ix11;)in Table 4.2 in terms of
Taylor series expansions of the form (4.28), we are able to schedule all computations in
this table on a micro-programmed innerproduct-step proéessor. The architecture of this
processor is given in Figure 4.10. In this architecture it is assumed that the constants A~}
and 0.5 —0.25A! are available as precomputed numbers. The different components of

the architecture are the following.

BUSSES

The processor element has a double-bus architecture and is optimized for computa-
tion of Householder transformations in a minimum number of instruction cycles. Access
to the busses is obtained via tristate buffers, denoted by the triangles. Internally numbers
are represented as a mantissa of r bits and an exponent of s bits wide. The parameters r
and s are left to be made explicit in the final stage of the design, where the floorplan and

the layout of the Householder chip are defined.

LOCAL MEMORY

The two tables TABLEL and TABLE2 are read only memories (ROMs), which con-

tain the coefficients of the Taylor series expansions of the functions f (x)=x* and
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BUS A
C J‘\l#:‘ 10 — VEC_OUT
1 l J |—= SCA_OUT
FIFO FIro | TABLEY] |TABLEY O OUT
Y u SQRT INV SCA'IN
le— YR IN

0
RX1 RUI RBETA %o
=3
EX1 EUI EBETA EY EU ETAB1 \ 2 ETAB2 —
= VR O
wmrl  BUsB —

SQR-INV fa— SORC = o
CONTROL SIGNALS ) VR_IN
RTMP1 RTMPZ WBA s
[Rrvpt | [ RTMP? | Ly A D omfIN
FLOATING POINT (R ]
MULTIPLIER STATUS
[E]zc; ENEG
SEQUENCER
e CLK
RoMrRAMC—] [+—— RESET
PL
RAK
H LTOOPCNTR
SYSTEM BUS

Figure 4.10. Architecture of the Householder processor.

g() =x71, respectively. In case of reflection the input data vector y is stored in the first-
in-first-out-buffer FIFQ-Y " In case of vectorizing, the last (n—1) entries of the input data
vector are stored in the first-in-first-out buffer FIFO-U. The first entry u, of the
reflection vector parameter is computed after several steps and is stored separately ﬁom
the other entries in the register RU1. The first entry of the input vector is stored in the
register RX1. In this way, when the processor has to perform a vectorizing operation on
an input vector x, it can keep the first entry x; of this vector for future computations,
such as for calculation of u, in Table 4.2. The scaling constant B, is computed last and
stored in the register RBETA. The feed back loop from the output of the floating point
adder to one of its inputs is meant to speed up the accumulation part of the innerproduct
computations. Without this loop the output of the adder has to go via bus A or B, leading
toa delay of one clock cycle per accumulation step, since registers RTMP1 and RTMP2

are also loaded via the same busses.

MICRO CONTROLLER
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The microprograms for the Householder transformations are contained in the micro- -
instruction memory, which consist of a read only (ROM) and random access (RAM)
part. In the ROM the sub-routines for the square root and inverse are stored. In the RAM
the microprograms are stored which perform either orthogonal or hyperbolic transforma-
tions, using the sub-routines in the ROM. These programs are loaded into the RAM via
the system bus of the host computer. The micro-instructions are loaded into the instruc-
tion register IR, containing the control signals for the data path of the processor element.
The microprogram for the processor is found in [Hofw1988], together with the tables for

%

the coefficients of the Taylor series expansions of the functions f(x)=x" and

go)=x71.

The sequencer controls the execution of the microprograms by taking into account
branch conditions and loops encountered in the computations listed in Table 4.2. Its main
components are the program counter PC, the return address register RAR and the loop
counter LPCNTR. The program counter computes the next microprogram address. The
return address register stores a return address in order to recover from a sub-routine call.

The loop counter implements repeat-until control for the innerproduct-step calculations.

EXPONENT HANDELING

The box denoted by SQR_INYV has the following functions. In case of square root
computations it tests whether the exponent must be incremented by 1 and it divides the
exponent by 2. If the test was successful it also divides the mantissa by 2. In case of the
computation of an inverse it reverses the sign of the exponent. The exponent is stored for .

normalization of a computed result to floating point format.

INPUT/OUTPUT INTERFACE

The box denoted by IO, controls the flow of input data to and output data from the
busses. It also controls the buffers at the inputs and outputs of a processor element (see
Figure 4.5 and Figure 4.6). Via the control signal VO the processor element instructs an

output buffer, that contains a vector vy, to receive a new vector v,y j, from the
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processor element. The entries of this vector are transmitted one by one to the buffer via
the output VEC_OUT. Via the control signal SO the processor element instructs an out-
put buffer, that contains a scalar e;;, to receive a new scalar e; j, ¢ OT €43 j_1,4, from
the processor element. This scalar is transmitted to the buffer via the output SCA_OUT.
Via the control signal VI the processor element instructs an input buffer, that contains a
data vector v;j, to transmit the entries of this vector one by one to the processor element.
The processor element receives the entries.at the input VEC_IN. Via the signal SI the
processor element instructs an input buffer, that contains a scalar e, to transmit this
scalar to the processor element. The processor element receives the scalar at the input
SCA_IN. Via the signal V/R_O the processor element instructs an output buffer, that
contains a control bit ¢, to receive a new control bit ¢;41,j+1. This control bit is
transmitted at the output V/R_OUT. Via the signal V/R_I the processor element instructs
an input buffer, that contains a control bit c;j, to transmit its content to the processor ele-
ment. The control bit is received at the input VR_IN. Via the signal O/H_I the processor
element instructs an input buffer to transmit a control bit, which determines whether the
processor element performs an orthogonal or hyperbolic Householder transformation.
The processor element receives this control bit at its input O/H_IN. Via the signal
O/H_O the processor element instructs an output register to receive a control bit which
determines whether a processor element performs an orthogonal or hyperbolic House-

holder transformation. This control bit is transmitted at the output O/H_OUT,

PROCESSOR ELEMENT STATUS

The register STATUS is the status register of the processor element. It contains sig-
nal values upon which decisions are based for branching in the micro-instruction pro-
grams. The control ID, signals whether the processor element has to perform an identity
or default /O map (Householder transformation). V/R_IN signals whether the processor
element must perform computations for vectoring or reflection. O/H_IN signals whether
the processor element must perform orthogonal or hyperbolic Householder transforma-

tions.
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FLOATING POINT MULTIPLY-ADD SYSTEM

The multiplier and adder are designed to, respectively, multiply and add floating
point numbers in R¢(/,, /). The result of a multiply-add operation is normalized and
rounded, such that it is again in R(l,,, /;). The floating point multiply-add system takes
care of computing the sum of exponents when two numbers are multiplied. It also shifts
the mantissa of the smallest of two numbers which have to be added and makes the
exponent of the smallest number equal to that of the largest one. And it normalizes and
rounds the result of a multiply-add operation, such that it is an element of Rf(I,,,, 1).
Details of the implementation of the different parts of the architecture, the microprogram
for the Householder transformations, tables for the coefficients of the Taylor series
expansion of the functions f (x) =x"2 and g (x) =x7!, as well as accuracy analyses are to
be found in [Hofw1988]. A microprogram, written in a pseudo language, which

describes the operation of the Householder processor element is listed in Appendix D.

In case of a vectorizing operation the processor element reads data from its inputs,
only during the n steps for the computation of the square of the norm of input vector x.
During the next steps -the processor element does not request data from its buffered
inputs. Hence, via the numbers ng and n; (see (4.27)) we can control the latency of the

vectorizing operation and thus, the 1/O bandwidth during vectorizing.

In case of the reflection operation, the processor element reads input data from its
buffered inputs, only during the computation of the inner-product u'y. During the next
n + 1 steps no data is requested from the input buffers. But, the number of these steps is
related to ng and n; via (4.27). Hence, by means of this equation we can control the /O

bandwidth of the processor elements of the array at design time.

Fitting the scheduling of the computations in Table 4.2 in the scheduling of the RSA
in Figure 4.9 is not hard to do, considering the following interpretation of the schedule
time steps in the RSA : all relevant input data must be available at the inputs of a pro-
cessor element at time step t; and all relevant output data must be available at the inputs

of a connected processor element at time step 1;,;. Hence, we are free to schedule the
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sub expressions of the Householder transformations, as long as we meet the constraints
imposed by the scheduling of the RSA. Since all outputs of a processor element in the
RSA are buffered, a processor element can store its output in the buffers during the last n
steps of a reflection (see Table 4.2). Notice that it is not necessary to output data during
vectorizing. In this way we are certain to provide all input data from time step #; to time

Stcp li+1 .
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The power of the feed forward direct methods of Section 2.2 is their high degree of
parallelism and pipelining. This allows fast execution on systolic arrays, despite the fact
that the amount of input data is nearly doubled due to the need for processing an identity
matrix in (2.18) and (2.22) and a block identity matrix in (2.46). Both systolic arrays in
Figure 2.1 and Figure 2.2 are roughly two times faster than the combinétion of the arrays
in Figure 1.1(a) and (b). This combination requires 7N -5 time steps to solve Ax=Db
(A € RV a5 was explained in the introduction. A generalization of the systolic array
in Figure 2.1 shows that Ax =b (A € R™%) is solved in 4N time steps on this array, and
a generalization of the systolic array in Figure 2.2 shows that Ax = b is solved in 3N +1
time steps. The systolic arrays for the methods of Section 2.2 are simple and with com-
plexity in the order of the complexity of a QR factorization. The feed forward method
which uses only Givens rotations (see (2.23)) is a numerically stable and robust method
for the complete class of non singular systems of linear equations. Moreover, the simple
extensions given in Section 2.5 show that systolic arrays can be synthesized to compute
expressions of the form CA™'B + D. Thus making it possible to compute a wide spec-
trum of expressions by choosing appropriate values and dimensions for the matrices A, B,
Cand D.

The partitioning theory developed in Chapter 3 takes the synthesis of practical sys-
tolic arrays one step further into reality. The LPGP and the LSGP partitioning strategies
are important in realizing systolic arrays of which the number of processor elements is
independent of the size of the problem. By means of the LPGP partitioning of a full size
array all memory for intermediate results is kept outside the systolic array. Therefore, the

array can be designed once and for all, so that no modification in its architecture is
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required when different sizes of a problem are executed on it. By means of the LSGP par-
titioning of a full size array the throughput of a processor element can be controlled,
although at the expense of increased local memory. By controlling the throughput of the
processor elements we control the I/O bandwidth of the systolic array and a close match
can be found between the I/O bandwidths of the array and peripherals (such as disks or
the host computer). Combining both strategies in the design of systolic arrays enables
one to control I/O bandwidth as well as the number of processor elements. When added
to a computer aided design environment for systolic arrays, such as SYSTARS
[Omtz1987], these strategies can make a significant contribution to the synthesis of prac-
tical systolic arrays.

The design of a reduced size systolic array for two methods of the novel class has
served to illustrate the practical use of the partitioning theory. Unfortunately, the choice
of a Householder version of the methods has limited the versatility of the resulting array
to solving systems of linear equations only. Generalizations in the sense of Section 2.5
are inefficiently realized with Householder transformations, since we have to separate the
transformations for the computation of the factorization of A’ from the transformations
on the vectors b} (see Section 2.5). This is.necessary in order to pass the resulf of the fac-
torization of A’ unchanged to the transformations on all the b!. Such a scheme suffices
with 2x2 transformations on the b! and the result of the factorization of A’. To imple-
ment these transformations with Householder processor elements which handle nx1 vec-
tors (n significantly larger than 2) would be very inefficient. For the same reasons it is not
efficient to implement. Householder versions of (2.22) and (2.46) with a choice of,

respectively, hyperbolic and orthogonal Householder transformations for the ®;(m).
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Proposition 2.1 :
LetL € RY¥ be g lower triangular matrix and b € RN avector, such that :
LL'-bb’ > 0. (A1)

Then, there exists a matrix ©(—1) as defined in (2.4.a) and (2.4.b) for m =1, such that :
LI

where R (1) is upper triangular.

(A.2)

R(-1)
oy

Proof :

The proof is by induction. Put Ly =L and by =b=[b{" --- bP’). Let sq be the

column vector
so=Lg'bo =[s{” -+ sPY. , (A3)

From (A.1) we derive that :

LoLb —bobh = Lo(y — sesh)Lh > 0. (A.4)
Hence,
Iy —spsh > 0. (A.5)
b 0
Since s = 1—5")_’ (Iy —Sosh) is a matrix with its 11-entry equal to (1 — (_1107)2) > 0.
1 1
0) I

Hence, it follows that < 1 and there exists a matrix ©;(-1) (see (2.4.b) for i=1),

9
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b©®

with tanh (o) = —7-, such that
Y

Ly|_ Lo
Ry

where L is a lower triangular matrix and by = [0 6% - bAPY".

Now, suppose that there exists a ®;_;(~1), such that :

Lia Li,
_b:_ —®i_]( ]) bf'—2 »
with
bi= [0_...10 pE-D L. pli-Dy
i
and

bio=(0.05{P - bl
We show that there exists a matrix ©;(-1), such that :
L} L
= ;-1 bl |
with
b= [0.;_.0 by - b1
Equation (A.7) can also be written as :

Li, i:1® )Lf)
=101 :
|~ Heien

APPENDIX A

(A.6)

(A7)

(A.8.2)

(A.8.b)

(A.9)
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Since the ©;(~1) are Z(-1)-orthogonal, we get :

Ly Ly ~b;_ybi_; =LoLh —bgbh > 0. (A.10)
Thus,

Iy—s;18i.0 >0, (A.11)
and

sici =L, b = [oi.:’o s gDy (A.12)
where

, pi-1
séD = F‘T ' (5.13)

Hence, from (A.11) and (A.13) we see that :

bii-D 2
1- 7:-1-)— > 0. (A14)
i
1h{-1
Hence, W< 1, and there exists a matrix ©;(-1) (see (2.4.b)) with
i
pii-b

tanh (0;) = I—('i_—l)-, such that :
i
L Lo A.15
=0 e | (A.15)

with L; lower triangular and b} ={0..0 b{}; --- bf1.
. i
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Theorem 2.2 ;
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Let A =[a;] e RV pe g symmetric positive definite matrix, normalized such that

we can write

A=Ry +[N+Ri,

where Ry, = [ay;], i >], is the strictly lower triangular part of A. Put :

U=R; +1y

Y=R L-
Then, there-exists a marrix product ® e R WX .

* NZIN-1
®=T]1119;,

j=li=j

of embedded plane hyperbolic rotations :

-

I;
cosh (o) sinh (o))

(D,'j = IN_}'_]

sinh (o)) cosh(ay;)

L

such that the Cholesky factor L* of the matrix A is given from :

IN4jmin1]

(B.l.a)

(B.1.b)

(B.1.c)

(B.2.2)

(B.2.b)



148 APPENDIX B

UI
YI]' (B.3)

Proof :

The proof is by induction. Put Uy =U and Y =Y and let S be the strictly lower tri-

angular matrix :
SO=U61Y0. B.4)
Then,

A=[Ug YolU[Ug Yol =UoUp -YoYh
=U0(1N—S056)U6 > 0.
Hence,

Iy - SoSh > 0. (B.5)

)’5931..'

The first off-diagonal in the lower triangular part of the matrix §¢ has entries

’

MO
i+1,i+1
i=1,..,.N-1, where yf(?) and ui?’ are the kl-entries of Y and U, respectively. And it fol-
lows from (B.5) that :

1yl

1, i=1,.,N-1. B.7)
b i |

Thus, there exist J-orthogonal matrices @;; (see (2.26.b) for j=1) with
)’f%.i
©) ?

Uid,i+1

tanh(0;y) =— i=1,..,N-1, such that :
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Ui Ub
v =% |yl (B.8)
N-1 _
@, = [P, (B.9)
o

where Y is strictly lower triangular with its first off-diagonal zero and U/, is lower tri-
angular and invertible. From the J-orthogonality of the matrix &, it follows that:
U Uy =Y, Y =U U - YoYh.

Now, suppose there exists a matrix @, :
N-1
D1 = T] Pk, (B.10)
i=k-1

(the matrices @; x_; as given in (2.26.b) for j=k—1) such that :

Uk Uk
Yia = Pt

(B.11)
with Uy_; and Uj_; lower triangular, invertible and Y, _; and Y;_, strictly lower triangu-
lar, with the first & and k-1 off-diagonals zero, respectively. We shall show next that
there exists a matrix @y :

N1

D = [ Pir
ik

(the matrices ®;; as given in (2.26.b) for j=k) such that :

Uk Ui
Yi =D Yia |

with Uy lower triangular, invertible and Y, strictly lower triangular, with the first k+1

off-diagonals zero.
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From (B.10) we can write (B.11) as :

= O, . B.12
Y;c-l JI;II g iy Y6 ( )

Putting :
Sk-1 = UkkiSir, (B.13)

and, since the ®@;; are J-orthogonal, it follows from (B.12) that :
IN-Sk—lS;-l >0. . (B.14)

"The matrix Si-; is strictly lower triangular, with the first k-1 off-diagonals zero and

entries :

y(k 1)

t+1,0

(k 1

;+lx+l

i=k-1,...N-1 (B.15)

on the kth off-diagonal. The ii-entry of the product Sx_1S%_; is equal to the sum of
squares of the elements of the ith row of the matrix Sg_;. Hence, it follows from (B.14)
that :

1ytkD) L
——f‘i‘—— 1, izk—1,...N—1, (B.16)
Iu:+l.t+1 |
Y4
" and there exist matrices ®;; (see (2.26.b) for j=k) with tanh (o) = (—/:5—’ such that :
Uis1,i+1
N-1
D = [T Pu, (B.17)
i=k
Uk Uk
(B.18)

= ,
Yi “1¥ia

with Uy lower triangular, invertible and Y strictly lower triangular, with its first £ off-
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diagonals zero.

Next, it remains to show that the matrix L in (B.3) is the Cholesky factor of the
matrix A. Since the matrix @ is J-orthogonal, it follows that :

LL'=UU' =YY" (B.19)

And, from (B.1.b) and (B.1.c) it follows that UU* ~ YY*! = A, so that L must be the Chole-
sky factor of the matrix A.
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Theorem 2.3 :

Given an NxN positive definite matrix A = Iy + Ry + R}, (Ry, strictly lower triangu-
lar), let the matrices U and Y be defined as U =1y + Ry, and Y = Ry,. Then, in the recur-

sion :
Ug=U, Yo=Y
Uj Uj-_l
Y;- =®; Y}-l , j=1,..,N-1 (C.1)
Yn-1=0,
N-1
(Dj = Hq)ij’ ’ (C2
i=j

(the matrices ®;; are as given in (2.26.b)) the entries in both U; and Y j are bounded by 1

in absolute value, for j=1,...,N-1.

Proof :

Consider recursion (C.1) applied on the ixi (i > 1) leading principal submatrix A;, of
the NxN matrix A :

v
L'Gy =0

Uf
Y,], (C3)
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with
I ]
‘_4_—1 cosh (a,-j) sinh (a,‘j)
o = H Injo @D @D =1,y (C4)
= sinh (o) cosh (0;)
i In-isj)
Put:
A;=LiLi =R, (€5)

where L; and R; are lower and upper triangular, respectively. According to (2.32) we
find for & :

" LY 0 {[U; -Y;
®P=| 0 pallyt ut | (C.6)
where

1 I

L= 0 Ini (C7)

L [Eo

Rl = 0 b (C.8)
U, 0

Ui= |, Inoi (C9
[Y; O

Y= LO 0 (C.10)

The matrices U; and ¥; are the ixi leading principal submatrices of U and Y, respectively.
The structure of Lj!, Ry}, U; and Y; is infered from the fact that the matrix ®® must
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leave the N—i last rows of U’ and Y’ unaffected in (C.3), while the ixi leading principal
sub matrix of U®’ must be equal to I_,f-. Note that the matrix &% is J-orthogonal so that :

I
w vie9se® ] =Iy=UOLT ~yORL, (C.11)

N
In

Now, because the ixi leading principal submatrix of Y® s zero, it follows from (C.11)
and (C.6) that the diagonal elements of U“)L;! are 1 and also that the ixi leading princi-

pal sub matrix of U @ is the inverse of é,-‘l as expected.

Substituting (C.6) in (C.3) gives :

UU:-YY!=U®DLY, (C.12.2)

YU; -UY;=Y®R:, (C.12.b)
Substituting

U=Y+Iy (C.13.2)
and

U;=Y;+1y (C.13.b)

in (C.12.a) gives

Y+Iy+ Y= +Y '+ )+ (Y; -1 =

A+(Y; -V =UYLL

ALY =UY —(Y; -Y)'L7". (C.14)

From (C.7) and (C.10) it follows that the factor (Y; — Y)'L;* is strictly upper triangular.

Hence,
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elAL'e, = elUPe = ul), fork=1,..,N and I=1,...,k,

APPENDIX C

(C.15)

with e; the jth natural base vector in R Y Equation (C.15) gives all entries in the lower

triangular part of 7408

Substituting
Y=U-Iy
and
Y" = U,’ - IN

in (C.12.b) gives

U-Ui=U+YH)-U;+YH=

A-(U;+Y")=YOR)

AR =YY + (U; + YHRT.

But, as follows from (C.8) and (C.9) we have

elARe; = e, YWe =y, fork=i+1,.,N and I=1,...k-1.

(C.16.3)

(C.16.b)

(C.17)

(C.18)

Le., these are all entries in the strictly lower triangular part of ¥, outside the ixi leading

principal sub matrix of Y ).
Next, We define the inner product :

D <v,w>4 =V'Aw,

2) <v,v>4 =11vi1% >0 (A is positive definite),

3) Ilvllg =0, iff v=0 (A is non—singular),

for which the Gauchy-Schwarz inequality holds :
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l<v,w>1 < [Iviigliwlly. (C.19)

According to the above definition of the inner product, we find for (C.15) and (C.18) the

following Gauchy-Schwarz inequalities :

lufP1 = I<ep,Li'e;>4 1 < 1lepl 141 1L ep) 14, k=1, N3 [=1,.0k, (C.20)

Iyl = I <er,Ri'e>4 1 < 1legl lol IR el 4, k=i+1,..,N; I=1,..,k-1. (C21)
From the fact that the matrix A has only 1’s on the main-diagonal, it follows that :

leglla=1, (C22)
For | iL;'e;| 1 4 we find from (C.14) :

HL7'e 11} =L AL
=efLi UDe —elL7' (Y; - Y)Li%e,

=efL71UWe, (C.23)

since L71(Y; = Y)'L;* is strictly upper triangular with zero ixi leading principal sub
matrix. But, from (C.11) we know that the ixi leading principal sub matrix of U®) is

equal to L;, so that L7'U® has all 1’s on the main-diagonal. Hence,

IIL el 14 =1 (C24)
From (C.20) it then follows that :

lufP1 <1, for k=1,..,N and I=l,...k. (C.25)
For | IRj'e;1 14 in (C.21) we find :

[IRT'e;11% =efR71AR e, (C.26)

But, from the fact that the matrix A has all 1’s on its main-diagonal and from (C.8) and

(C.5) we deduce that the product R;'AR7" also has all 1’s on the main-diagonal. Hence,
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[IRe;1 1,4 =1. ' (C27)
From (C.21) it then follows that :
Iy <1, for k=i+1,.,N and I=1,...,k-1. (C.28)

Although the proof, as given above, is based on the leading principal submatrices of U
and Y, it is valid for the diagonal-recursive scheme in (C.1). In the leading principal sub-
matrix approach we do not consider the elements below the ith row of U and Y (for ixi
leading principals), unlike in the diggonal-recursive scheme. However, the elements of
these rows can be considered by taking successively the (i+1)x(i+1), ({+2)x(i+2),...
leading principals. In other words, it does not matter if we first process the ixi leading
principal and continue with the (i+1)x(i+1),... leading principals, or if we adhere to a

diagonal-recursive scheme as in (C.1).
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In this appendix the micro-program for the Householder processor element of
Chapter 4 is expressed in a pseudo programming language. All statements grouped
within rectangular brackets are supposed to be exectuted in a single clock cycle.

do
[
O/H_I = READ_IN_O/H; /* enable input buffer at O/H_IN to send O/H control bit */
V/R_1=READ_IN_V/R; /* enable input buffer at V/R_IN to send V/R control bit */
VO =DISABLED; /* disable output buffer at VEC_OUT to receive */
SO = DISABLED; /* disable output buffer at SCA_OUT to receive */
VI =DISABLED; /* disable input buffer at VEC_IN to send */
SI=DISABLED; /* disable input buffer at SCA_IN to send */
O/H_O = DISABLED; /* disable output buffer at O/H_OUT to receive */
V/R_O = DISABLED,; /* disable output buffer at V/R_OUT to receive */
1
if (O/H_IN == ORTH) /* orthogonal Householder transformation */

micro_program_orth
endif
if (O/H_IN == HYPER) /* hyperbolic Householder transformation */
micro_program_hyper

endif
[
O/H_O = WRITE_OUT_O/H; /* enable output buffer at O/H_OUT to receive */
V/R_O = WRITE_OUT_V/R; /* enable output buffer at V/R_OUT to receive */
]
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[
O/H_OUT = O/H_IN; /* send O/H control bit from input buffer at O/H_IN
to output buffer at O/H_QUT */ '
V/R_OUT = V/R_IN; /* send V/R control bit from input buffer at V/R_IN
to output buffer at V/R_OUT */
]

until (forever)

The micro-program micro_program_orth is listed below. It expresses the execution of a
Householder transformation. Details of exponent handling in floating point arithmetic by
the unit SQR_INV in Figure 4.10 have been omitted here. The details can be found in
[Hofw88]. The micro-program micro_program_hyper for the execution of hyperbolic
Householder transformations is identical, except for the necessary subtractions that are
introduced by the signature matrix (see (4.13)).

micro_program_orth:
if (V/R_IN == VECT & ID == DISABLED) /* a vectorizing operation */
[
LOOPCNTR = 1;
VI =READ_IN_VECT,; /* enable input buffer at VEC_IN to send entries of vector x */
]

n-1
while (LOOPCNTR < 1) /* compute ¥, x7 */
i=1 .
[

BUS A =BUS B = VEC_IN;

RTMP1 =BUS A;

RTMP2 = BUS B;

if LOOPCNTR > 1) /* x3,...,x,, are the last n—1 entries of u */
FIFO_U[LOOPCNTR -1] = BUS A;

endif

if (LOOPCNTR == 1) /* store x to compute u; */
l
RTMP3 =0,
RX1=BUSA;
]

endif
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i
RTMP4 = RTMP1*RTMP2; /* x? */

[
LOOPCNTR =LOOPCNTR+1;

i-1
RTMP3 = RTMP3+RTMP4; /* x2+ 3 x? #/
j=
]

endwhile

{

SI1=READ_IN_SCA,; /* enable input buffer at SCA_IN to send */
VI = DISABLED; /* disable input buffer at VEC_IN to send */

]

[

BUS A =BUS B =SCA_IN; /* receive x,, from input buffer at SCA_IN */
RTMP1 =BUS A;

RTMP2 =BUS B;

]

RTMP4 = RTMP1*RTMP2; /* x2 */

[

BUS B = RTMP3+RTMP4; /* | Ix| 13 */

RTMP2 = BUS B;

RTMP1 = A™!; /* startin g computation of table-row entry k */

]

[
RTMP3 =0.5-0.25A7!;
RTMP4 = RTMP1*RTMP2;

]

ROW_CNTR =| (RTMP3+RTMP4) ; /* k */
LOOPCNTR = 1;

RTMPI =1;

]

RTMP4 = RTMP1*RTMP2;

BUS B = TABLE1[ROW_CNTR, LOOPCNTR]; /* -z */
RTMP3 =BUS B;

1

[
BUS B = RTMP4+RTMP3;
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RTMP2 = BUS B; /* | Ix1 13—z, */

RTMP1 =0;

LOOPCNTR = LOOPCNTR+1; /* start Taylor series expansion of (| x| 13)"% */
1

[

RTMP4 = RTMP1*RTMP2; /* 0 */

BUS B = TABLEI[ROW_CNTR, LOOPCNTR]; /* b,, */

RTMP3 = BUS B;

]

[
BUS A = RTMP4+RTMP3;

RTMP1 = BUS A; /* b, */
LOOPCNTR = LOOPCNTR +1;
]
[
while (LOOPCNTR < n,) /* compute the rest of the Taylor series expansion */
[ -
RTMP4 = RTMP1*RTMP2;
BUS B = TABLE1[ROW_CNTR, LOOPCNTRY]; /* b; */
RTMP3 = BUS B;
]
[
BUS A = RTMP4+RTMP3;
RTMP1 = BUS A;
LOOPCNTR = LOOPCNTR+1;
]
endwhile
(
RTMP4 = RTMP1*RTMP2;
BUS B = TABLE1[ROW_CNTR, LOOPCNTR]; /* by */
RTMP3 = BUS B;
1

[

BUS B = #(RTMP4+RTMP3),

RTMP2 =BUS B; /* +t Ix1 1, ¥/
RTMPI1 = 1; /* start computation of u, */

1

{
RTMP4 = RTMP1*RTMP2;
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BUS B = RX1;
RTMP3 =BUS B; /* x, */
1

BUS A = RTMP4+RTMP3; /* uy */
RTMPI1 =RU1 = BUS A;
RTMP2 = IRTMP2I; /* 1 1x1 1, */

]

l

RTMP4 = RTMP1*RTMP2;
RTMP3 =(;

]

{

BUS B = RTMP4+RTMP3;

RTMP2 = BUS B; /* B! #/

RTMP1 = A™!; /* starting computation of table-row entry k */
] .

{

RTMP3 =0.5-0.25A7};

RTMP4 = RTMP1*RTMP2;

1

[

ROW_-CNTR =| (RTMP4+RTMP3Y ; /* k */
LOOPCNTR = 1; -

RTMP1 =1;

]

RTMP4 = RTMP1*RTMP2;
BUS B = TABLE2[ROW_CNTR, LOOPCNTR];
RTMP3 = BUS B; /* —z; */
1
[
BUS B = RTMP4+RTMP3;
RTMP2 = BUS B; /* B1—z */
" RTMP1 =0;
LOOPCNTR = LOOPCNTR+1; /* start Taylor series expansion of (871)™! */
]
(

RTMP4 = RTMP1*RTMP2;
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BUS B = TABLE2{ROW_CNTR, LOOPCNTR];
RTMP3 =BUS B; /* b,,, */
]
[
BUS A = RTMP4+RTMP3;
RTMPL =BUS A; /* b, */
LOOPCNTR = LOOPCNTR+1;
]
while (LOOPCNTR < n;) /* compute the rest of the Taylor series expansion */
[
RTMP4 = RTMP1*RTMP2;
BUS B = TABLE2[ROW_CNTR, LOOPCNTR];
RTMP3 = BUS B; /* b; */
1
[
BUS A = RTMP4+RTMP3;
RTMP1 = BUS A; ' -
LOOPCNTR = LOOPCNTR+1;
]
endwhile
[
RTMP4 = RTMP1*RTMP2;
BUS B = TABLE2[ROW_CNTR, LOOPCNTR];
RTMP3 = BUS B; /* by */
1
[
BUS A = RTMP4+RTMP3; -
RBETA =BUS A; /* 3 #/
1
endif

if (V/R_IN == REFL & ID == DISABLED) /* a reflection operation */
[
LOOPCNTR = |;
VI =READ_IN_VECT; /* enable buffer at VEC_IN to send entries y; to y,_; of vector y */
1

n-1
while (LOOPCNTR < n) /* compute Y u;y; */
i=1
[
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BUS A = VECLIN;
if (LOOPCNTR == 1) /* u; */
[

RTMP3 = 0;

BUS B =RU1;

1
endif
else

BUS B = FIFO_U[LOOPCNTR-1]; /* uy to u, *
endelse :
RTMP1 = BUS A;
RTMP2 = BUS B;

FIFO_Y[LOOPCNTR] = BUS A; /* store entries of vector y */
1
RTMP4 = RTMP1*RTMP2;
[
RTMP3 = RTMP4+RTMP3;
LOOPCNTR = LOOPCNTR+1;
]
endwhile
(
SI=READ_IN_SCA; /* enable input buffer at SCA_IN to send y, */
VI = DISABLED; /* disable input buffer at VEC_IN to send */
1
[
BUS A = SCA_IN;
BUS B = FIFO_U[LOOPCNTR-1]; /* u, */
RTMP1 =BUS A; /* y, */
FIFO_Y[LOOPCNTR] = BUS A; /* store y,, */
RTMP2 = BUS B; /* u, */
]
{
RTMP4 = RTMP1*RTMP2;
LOOPCNTR = LOOPCNTR+1;
"]
[
BUS A = RTMP4+RTMP3;
RTMP1 =BUS A; /* u'y ¥/
BUS B =RBETA; /* {3 */
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RTMP2 =BUS B;
1
[
RTMP4 = RTMP1*RTMP2;
RTMP3 =0;
]
[
BUS A = -(RTMP4+RTMP3);
RTMP1 =BUS A; /* —Bu'y) */
BUS B=RUI;
RTMP2 = BUS B;
]
while (LOOPCNTR < n) /* compute y;—B(u‘y) */
[
RTMP4 = RTMP1*RTMP2; /* -B(u‘y)u; */
BUS B = FIFO_Y[LOOPCNTR]; /* y; */
RTMP3 = BUS B; -
if LOOPCNTR == 1) /* y ;—B(u'y)u goes to the scalar output */

SO = WRITE_OUT_SCA; /* enable output buffer at SCA_OUT to receive scalar */
endif

else

[

SO =DISABLED; /* disable output buffer at SCA_OUT to receive */
VO = WRITE_OUT_VEG; /* enable output buffer at VEC_OUT to receive */
1
endelse
]
[
BUS A = RTMP4+RTMP3; /* y;—B(u’y)u; */
if (LOOPCNTR == 1) /* to scalar output */
SCA_OUT = BUS A; /* output buffer at SCA_OUT receives y;—Bu'y)u; */
endif
else /* to vector output */
VEC_OUT = BUS A; /* output buffer at VEC_OUT receives entries y,—p(u’y)u,
t0 Yu—B(u'y)u, */
endelse
BUS B = FIFO_U[LLOOPCNTR];
RTMP2 = BUS B;
|
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LOOPCNTR = LOOPCNTR+1;
endwhile
endif

if (ID == IDENTITY) /* the identity I/O map */
[
VI=READ_IN_VEC; /* enable input buffer at VEC_IN tosend y, toy,—; */
LOOPCNTR = 1;
1
while (LOOPCNTR < n) /* read in the n—1 elements of y */
[
BUS A = VEC_IN;
FIFO_Y[LOOPCNTR] = BUS A; /* store y; */
]
LOOPCNTR = LOOPCNTR+1;
endwhile
[
VI = DISABLED; /* disable input buffer at VEC_IN to send */
SI=READ_IN_SCA,; /* enable input buffer at SCA_IN to send y, */
]
[
BUS A = SCA_IN;
FIFO_Y[LOOPCNTR] = BUS A; /* store y, */
] ' .
do /* wait until the (n+1)st clock cycle before sending output data */
[ .
SI = DISABLED; /* disable input buffer at SCA_IN to send */
LOOPCNTR = LOOPCNTR+1; ‘
]
until (LOOPCNTR == n+1)
[
SO = WRITE_OUT_SCA,; /* enable output buffer at SCA_OUT to receive */
LOOPCNTR = 1;
1
{
BUS B = FIFO_Y[LOOPCNTR];
SCA_OUT =BUSB; /¥y, */
1
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(
SO = DISABLED; /* disable output buffer at SCA_OUT to receive */

VO = WRITE_OUT_VEG; /* enable output buffer at VEC_OUT to receive */

)

while (LOOPCNTR < n) /* output y, to y, */
[
BUS B = FIFO_Y[LOOPCNTR];
VEC_OUT =BUS B; /* y; */
1
LOOPCNTR = LOOPCNTR+1;

endwhile

endif
endmicro_program_orth
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CONVENTIONS, SYMBOLS AND DEFINITIONS

CONVENTIONS

In this thesis the following notational conventions are used. Scalars are denoted by
(indexed) lower case letters in italic font or by indexed lower case Greek symbols. Occa-
sionally an upper case Greek symbol is used to denote a scalar, but this will be clear from
the context. Vectors are denoted by lower case letters in bold font or by lower case
Greek symbols. Matrices and maps are denoted by upper.case letters in italic font or by

upper case Greek symbols. Sets are denoted by upper case letters in roman font,

SYMBOLS

VA : set of integers

R : set of reals

znm : the vector space of nxm integral matrices
R : the vector space of nxm real matrices
z" : the vector space of nx1 integral vectors
R" : the vector space of nx1 real vectors

%] : the empty set

ve G : scalar v is a member of the set G

ve G : scalar v is not a member of the set G
HcG : H is a subset of G

HeG : His not a subset of G

HuG : the union of sets Hand G

card (H) : the cardinality of the set H

{x 1P} : set of all elements with property P

{a, b] {x1asx<bh)

(a, b] ifxla<x<b}
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[a, b)
(a, b)

<a,b>
<a,b>,
Ilall,

Hall,

1A I lp

AA)
©

ged(ay,....a,)

{xla<gx<b)

{xla<x<b}

: NxN identity matrix

: transpose’ of the matrix-A

: inverse of the non singular matrix A
: a positive definite matrix A

: the matrix A with entries a;;

: scalar product a’b
: scalar product a’Ab with respect to the matrix A
: (a*a)”?

:(@’Aa)”

N M %
: the Frobenius norm |3’ ¥ ajj

i=1j=1
of the NxM matrix A = [a;;]

: the spectral radius of the matrix A
: orthogonal sum

: a positive integer which is the greatest

common divisor of the integers ay, ....a,

: the largest integer less than or equal to a
: the smallest integer greater than or equal to a

: the ith derivative of the function f
: the product Ay...A,

: the LU factorization of a matrix A
: the QR factorization of a matrix A
: the LQ factorization of a matrix A

: the Cholesky factorization of a symmetric positive definite matrix A
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DEFINITIONS

Let M be a subspace of ZZ.

Definition I : The neighborhood N(x) of x € M is defined to be the set :

NX)={ye M1 lix-yll,<randr= min IHx—plly).
allpe M, p=x

Definition II : Let L. © M. The contour C(L) of L is defined to be the set :

CL)={xe L Nx) L}

Definition ITI : Let L ¢ M, with contour C(L) and card (L) > 1. The set L is said to be
homogeneous in M, if for every i € L, the total angle of revolution around i is not zero
when the contour C(L) is traversed in counter clockwise direction from j € C(L) back to
J-

Definition IV : Let x and y be integers, and z a positive integer. We say that x is

congruent to y modulo z, and write x =y (mod z), whenever x —y is divisible by z.

Definition V : For any integer x and positive integer z we denote the equivalence class of
X with respect to congruence modulo z by (x1,. That is, [x 1, consists of all integers y for

which'y —x is a multiple of z.
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SAMENVATTING

STELSELS VAN LINEAIRE VERGELIJKINGEN

De bekende directe methodes (factorisatie gevolgd door terugsubstitutie en "feed for-
ward" directe methodes) voor het oplossen van stelsels van lineaire vergelijkingen zijn
niet optimaal voor implementatie op een systolisch array. Zo zijn de directe methodes,
die de oplossing van Ax = b berekenen door middel van factorisatie van A gevolgd door
terugsubstitutie, sequentieel van nature. Deze sequentiele geaardheid wordt tot uitdrukk-
ing gebracht in het feit dat de terugsubstitutie slechts kan worden uitgevoerd nadat de
factorisatie van de matrix A beeindigd is. Hierdoor is de verkregen acceleratie beperkt, in

geval dergelijke directe methodes geimplementeerd worden op systolische arrays.

De "feed forward" directe methode van Faddeev berekent de oplossing van Ax=b
via een enkele LU factorisatie. Dergelijke "feed forward" methodes vereisen geen terug-
substitutie, zodat hun implementaties op systolische arrays een hoge mate van parallel-
lisme vertonen. Echter de LU factorisatie zonder (partiele) pivotering is numeriek niet
stabiel voor indefiniete matrices. Helaas is (partiele) pivotering moeilijk te implemen-
teren op arrays met interconnecties tussen processor elementen die van constante lengte
zijn, zoals het geval is bij systolische arrays. In deze thesis worden nieuwe "feed for-
ward" methodes beschreven. Deze methodes herformuleren de terugsubstitutie in termen
van een "updating” of "downdating” van een Cholesky factorisatie, of in termen van een
LU factorisatie. De combinatie van deze factorisaties met een LU, LQ of LL’ factorisatie
van de coefficienten matrix A leidt tot een klasse van geheel nieuwe "feed forward”
directe methodes. In een dezer methodes wordt uitsluitend gebruik gemaakt van circu-
laire rotaties. Dit leidt ertoe dat deze methode numeriek stabiel en robuust is voor de

gehele klasse van niet singuliere stelsels van lineaire vergelijkingen, in tegenstelling tot
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Faddeev’s “feed forward" directe methode. De hier beschreven nieuwe “feed forward”
directe methodes hebben een simpele en in hoge mate parallelle systolische implementa-
tie.

SYSTOLISCHE IMPLEMENTATIE

Een systolisch array is gedefinieerd als een’array van processor elementen die syn-
chroon opereren en die door middel van een regelmatig netwerk van interconnecties,
waarvan de lengte onafhankelijk is van de grootte van het array, met elkaar verbonden
zijn. Deze regelmatige topologie is een wenselijke eigenschap voor compacte VLSI
implementaties. Bovendien is de vertraging over interconnecties onafhankelijk van de
grootte van het array, doordat de lengte van interconnecties onafhankelijk is van de
grootte van het array. Doordat systolische arrays een hoge mate van parallelle verwerk-
ing toelaten, wordt er veel aandacht geschonken aan systolische implementaties van rek-
enintensieve algoritmen. De meeste lineair algebraische, numerieke algoritmen, inclusief
de hier beschreven "feed forward" directe methodes, kunnen uitgedrukt worden als regu-
liere, recurrente algoritmen. Deze kunnen automatisch afgebeeld worden op systolische
arrays, waarvan het aantal processor elementen direct proportioneel is met de grootte van
het probleem. Echter, omdat het aantal processor elementen ...
van dergelijke arrays van volle grootte meevarieert met de grootte van het probleem, is
het belangrijk te weten hoe grote problemen te partitioneren, zodat deze geexecuteerd
kunnen worden op een array met een kleiner aantal processor elementen dan het array

van volle grootte.

Twee partitioneringsstrategieen worden in de thesis ontwikkeld, ten behoeve van het
partitioneren van systolische arrays van volle grootte naar systolische arrays van geredu-
ceerde grootte. De LPGP (local-parallel-global-pipelined) partitioneringsstrategie ver-
deelt het array van volle grootte in congruente partities van, bijvoorbeeld, p processor
elementen elk. De berekeningen die in de verschillende partities plaats vinden, worden in
pipeline geexecuteerd op een systolisch array van gereduceerde grootte. Dit array bestaat

uit p processor elementen en bezit een netwerk van interconnecties tussen de processor
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elementen die dezelfde topologie heeft als het array van volle grootte. De LSGP (local-
sequential-global-parallel) partitioneringsstrategie verdeelt het array van volle grootte
ook in congruente partities van, bijvoorbeeld, p processor elementen elk. De processor
elementen in een partitie worden nu vervangen door een enkel processor element, dat de
taken van de p processor elementen in sequentie uitvoert. In dit geval heeft het resul-
terende array van gereduceerde grootte een topologie die verschillend is van het
oorspronkelijke array. De LPGP partitioneringsstrategie heeft tot gevolg dat al het extra
benodigd geheugen voor het opslaan van tussenresultaten buiten het array van geredu-
ceerde grootte terecht komt. De LSGP partitioneringsstrategie heeft tot gevolg dat het
locaal geheugen aangroeit en de I/O bandbreedte van processor elementen afneemt. Een
combinatie van beide strategieen resulteert in ontwerpen van systolische arrays, waarvan
het aantal processor elementen onafhankelijk is van het probleem en waarvan de J/O
bandbreedte nagenoeg gelijk is aan die van perifere apparaten die op het array aangeslo-

ten zijn, zoals disks, de host computer, etc.

SYSTOLISCH ARRAY ONTWERP

In de thesis wordt de partitioneringstheorie toegepast in het ontwerp van een array
van gereduceerde grootte. Dit array is in staat twee van de nieuwe "feed forward" directe
methodes te executeren; 1) de methode bestaande uit een combinatie van een LQ factor-
isatie van de coefficienten matrix A en een "updating” van een Cholesky factorisatie en 2)
de methode bestaande uit een LL' factorisatie van de coefficienten matrix A en een
"downdating" van een Cholesky factorisatie. Deze toepassing illustreert het practisch nut
van de hier gepresenteerde partitioneringstheorie voor het ontwerpen van systolische
arrays van gereduceerde grootte. De twee "feed forward" directe methodes zijn geformu-
leerd in termen van orthogonale en hyperbolische Householder transformaties, respec-
tievelijk. Een prdcessor element van het array van gereduceerde grootte is geimplemen-
teerd als een inproduct processor, die de calculaties voor een Householder transformatie

van een vector sequentialiseert.
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STELLINGEN

1. Bij de evaluatie van de executiesnelheid van een algoritme dient altijd expliciet
rekening gehouden te houden met het type architectuur waarop het geexecuteerd

zal worden.

2. De ontwikkeling van nieuwe algoritmen en nieuwe computer architecturen

ondervindt een wederzijdse beinvloeding.

3. Hoewel algoritmen voor het oplossen van stelsels van lineaire vergelijkingen met
gebruikmaking van hyperbolische transformaties numeriek inferieur beschouwd
worden ten opzichte van algoritmen die uitsluitend gebruik maken van orthogonale
transformaties, is het bestaansrecht van de eerstgenoemden te vinden in het feit dat
zij een groep van semi-directe methoden vormen die, hetzij de oplossing in een
minimum aantal stappen berekenen, hetzij een approximatic van de werkelijke

oplossing berekenen.

4. Volledige geautomatiseerde synthese van systolische arrays in het bijzonder en van
de synthese van oplossingen in het algemeen kan mogelijk zijn, doch de uitkomst
zal niet altijd geaccepteerd worden door de opdrachtgever indien het niet strookt

met zijn verwachtingspatroon.

5. De stelling dat er altijd wel een probleem te vinden is dat groter is dan een gegeven
computer aankan is door de voorzienigheid gegeven; want, volledige kennis over
de invloed van elke parameter in een physisch processes zou tot volledige

besluiteloosheid kunnen leiden.

6. Het gebruik van Householder transformaties (reflecties) voor het oplossen van
“stelsels van lineaire vergelijkingen valt in sommige opzichten te prefereren boven
het gebruik vanvrotaties, omdat men in een systolische implementatie volstaan kan

slechts een LPGP partitionering uit te voeren om zo tot een systolisch array te



komen, waarvan het aantal processor elementen onafhankelijk is van de omvang
van het stelsel van lineaire vergelijken en waarvan de I/O bandbreedte te beheersen

is zonder de noodzaak van een LSGP partitionering.

De beschaving zoals wij die ervaren is een illusie. Echte beschaving is
onafhankelijk van de beschermingen en vervulling van behoeften die een

gemeenschap biedt aan haar leden.



Errata

Page 49 : (r-p+1) must be (r—p)

Page 51, Figure 2.3 : y;, must be vi,_1, Yy must be Yy_1,-1, vz must be yw_12, Wi
must be Yy_1,1

Page 76, Figure 3.3(b) : w= must be w;=, =r must be =r;, from selector must be from

selector s;
Page 91 : ¢, = |s't1/ged(s't,0,) must be Is'tl/ged(s't, o)

Page 149 : ... the first k and k-1 off-diagonals ... must be ... the first k-1 and k-2 off-

diagonals

Page 149 : ... with the first k+1 off-diagonals ... must be ... with the first k off-diagonals ...

Page 150 : Sk—l = U;'.lsk_, must be Sp-1 = UI!.] Yg-l



