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Abstract

It is generaly a difficult task to construct efficient implementations of numerical mathematical
algorithms for execution on high-performance computer systems. The difficulty arises from the need
to express an implementation in a form that reflects the nature of the computer system, rather than a
form that reflects the computations performed by the algorithm.

This thesis develops the method of program transformation to derive automatically efficient imple-
mentations of algorithms from high-level, machine-independent specifications.

The primary system considered isthe AMT DAP array processor, but sequential and vector systems
are also considered.

Thetransformational method isfurther extended to automatically tailor implementations to use sparse
programming techniques.
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Chapter 1

| ntroduction

The theme of this thesis is the functional specification of numerical mathematical algorithms and
the automated derivation through program transformation of efficient implementations for high-
performance computer systems.

Numerical mathematical algorithms are algorithms typically based upon linear algebra or discrete
approximations. Such algorithms dominate the field of scientific computing and typically have high
computationa requirements.

A functional specification is a high-level, machine independent definition of an agorithm in a
functional programming language (for thisthesis, | use a subset of the SML language; Lisp has also
been used in related work). Functional programming languages permit an algorithm to be specified
in aform close to its mathematical formulation.

An efficient implementation of an algorithm is typicaly very different from the agorithm’'s math-
ematical form: the form of an efficient implementation is typically dictated more by the particular
computer system that will execute the implementation, than by the algorithm’'s mathematical form.
This difference, combined with the awkward semantics of most implementation languages, is re-
sponsible for many of the problems arising in the construction and development of implementations,
especially when an implementation is required for each of a set of computer systems.

Program transformations are rewrite rules, consisting of a pattern text and a replacement text'. The
transformation system used for thisthesisisthe TAM PR system (Transformationally Assisted Multiple
Program Readlization), developed by Boyle at Argonne National Laboratory. TAMPR automatically
applies transformations to a program, substituting all sections of the program that match the pattern
texts with the corresponding replacement texts.

A derivation is a sequence of transformations, used to achieve radical changes in a program through
many simpler changes. Thisthesisdiscussessevera derivationsthat convert afunctional specification
of an algorithm into efficient implementations, each implementation being tailored for a particular
computer system.

The primary system considered here isthe AMT DAP array processor, programmed using the array-
based Fortran dialect, Fortran Plus Enhanced; but | also consider sequential systems and a CRAY
vector processor. In addition, much of the work can be used to produce implementations for multi-
processor systems.

Transformations are discussed in detail later, but for now it should be noted that the pattern and replacement texts are
not just character strings; they are program trees defined in a formal grammar.
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| also consider extensions to derivations that permit an implementation to be automatically tailored
to use specia programming techniques that take advantage of special forms of input data (sparse
matrices).

1.1 TheProblem

Over the last few decades, the computational power of computer systems has increased enormously,
but the computational requirements of their users has always kept pace: it is seemingly a trivial
matter for researchers to come up with important problems that demand the utmost performance from
the most advanced systems. There are always vital algorithms that require maybe weeks or months
to execute; as a result, practitioners are seemingly obsessed with efficiency of implementations
(perhaps at the expense of the correctness of implementations) so that even minor improvements in
performance are seized upon as important advances.

The mgjority of such algorithms are numerical mathematical algorithms; that is, algorithms which
arise from mathematical analysis of problems in physics (e.g. quantum chromodynamics), chemistry
(e.g. moddling of chemical interactions from first principles), engineering (e.g. aircraft design),
modelling (e.g. of ail reservoirs in geology), and so on. Such algorithms are based upon methods
that have been developed over centuries, to provide elegant analytic techniques that use simple but
powerful notations and that have highly effective proof techniques (such as structural induction).
Thus, many of the algorithms that consume the bulk of computational power on high performance
systems are capabl e of being defined in an elegant manner that facilitates understanding, analysis and
manipulation; many of the algorithms are indeed at least partially so defined.

However, to obtain the best performance from most high performance systems, it isusually necessary
to construct computer programs at alevel that reflects the nature of the system: high level algorithms
expressed in mathematical terms must be distorted into low-level manipul ations of system components
such as storage, communication channels and processors. Such low-level manipulation is graceless,
almost incapable of elegant expression or analysis.

Thus, a programmer must usually make the following choice: construct an abstract, modular im-
plementation and pay the price in execution performance; or construct a low-level implementation
that is tailored to the implementation system, and pay the price in difficulty of initial construction,
in difficulty of maintaining the implementation as the algorithm and implementation techniques
evolve, in difficulty of transferring the implementation to other computer systems, and in difficulty
in ascertaining that the implementation is a correct implementation of the algorithm

Almost al practitioners in numerical mathematics choose the latter course: the performance criteria
are simply too important and too demanding.

1.2 TheProposed Solution

In this thesis, | discuss a technique that aims to obviate the need for choosing between clarity and
efficiency by separating what a programmer constructs from what is executed by a computer:

e aprogrammer constructs a functional specification of an algorithm, which is a clear, natural
statement of the algorithm;

e he then uses the TAMPR transformation system to automatically apply program transforma-
tions to derive an efficient imperative implementation.
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This separation of specification and implementation permits each to be designed according to its
purpose: the specification is simple for a person to understand and analyse; the implementation
executes efficiently.

Functional Specifications
A functional specification is an agorithmic specification written in afunctional programming
language.

¢ Functional programming languages can provide a conceptual basisthat is similar to stan-
dard mathematics: primarily, algorithms in both mathematics and functional languages
are based upon the evaluation of expressions. Functional languages can provide a syntax
familiar to mathematicians. A functional specification is thus often a simple rewrite
(conforming to a precise, formal notation) of a mathematical definition.

e A functional specification should be designed to be a clear, natural, simple statement of
an algorithm. Although written in a programming language, afunctional specificationis
not intended to be a practical implementation of an algorithm, so a programmer is free
to employ whatever level of abstraction and modularity he feelsis required to facilitate
understanding. A specification should beindependent of any consideration of the eventual
implementation system. This independence results in higher-level specifications that
are easier to understand than machine-based specifications. It also permits a single
specification to be used to produce implementations for multiple systems.

Imperative I mplementation
An imperative implementation isan implementation of an algorithm in an imperative program-
ming language, usually Fortran or C.

¢ Animperative implementation for a particular implementation system is intended to be
expressed in whatever form is necessary to obtain good execution performance from that
system.

¢ Animplementation is constructed for the compilation system, not for human readers, so
no concern need be given to modularity or clarity.

Program Derivation
An imperative implementation is constructed from a functional specification by applying a
derivation. A derivation is a sequence of program transformations, which are rewrite rules
defined in aformal grammar.

e An implementation is derived from a functional specification by many applications of
many transformations. A specification is gradually molded from functional form into
imperative form, through several major intermediate forms.

e Each program transformation istypically simple enough for it to be self-evidently correct
(i.e. that it preserves the meaning of a specification).

¢ Program transformations are formal objects and so there exists the possibility of formally
proving the correctness of more complex transformations.

e Transformations are applied automatically, so if each transformation is known to be
correct (and if the transformation system is trusted), then any number of applications
of transformations is known to preserve the meaning of a specification. A derived
implementation is thus known to be correct by construction.
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e The derivation processitself isformal, so there exists the possibility that the process can
be formally analyzed (to prove, for example, that the process terminates, or is complete).

One of the important aspects of the derivationa approach is that the document that the programmer
constructs (the functional specification) can and should be designed for human beings, while the
document that is constructed automatically by derivation (the implementation) should be designed
for processing by a compilation system. The functional specification should be simple for the
programmer to construct initially and for him to maintain as the agorithm evolves; it should be
simple for someone else to understand; and it should be amenable to formal analysis. The imperative
implementation should be constructed in aform that produces efficient execution when processed by
the compiler for a particular implementation system: that may mean that loops should have certain
forms (to permit vectorization), or that array operations should be expressed in awhole-array fashion
(for array architectures) — whatever isrequired by the implementation system.

Several further important aspects of the derivational approach are:

e A singlefunctional specification can serve as the source from which multiple implementations
arederived. Theimplementations may employ different techniques (for example, different data
distributions on distributed memory systems) or may be tailored for particular implementation
systems (one for sequentia architectures, another for vector architectures, a third for array
architectures, etc.).

The derivational approach thus provides a means to construct an entire family of implementa-
tions, all automatically produced from the one specification.

e Much of the processing of a specification performed by a derivation is independent of the
eventual implementation system. Thus, a derivation for one system is similar in structure to a
derivation for another system, and many of the transformations are shared.

e Derivations can be structured so that various implementation issues are addressed one by one.
For example, one stage of aderivation may optimize specifications by eliminating the modular
structure; another may tailor an implementation for the target system; another may optimize
storage reuse; another may perform the conversion from functional form to imperative form.
Structuring a derivation reduces the intellectual complexity of the implementation process (in
the usual divide-and-conquer manner).

¢ Each implementation issue represents a choice for the programmer, in that he must choose how
to tackle the issue and encode that choice as a stage of the derivation; each choiceisatransition
from a more abstract to a more concrete form, as a specification is gradually molded into
an imperative implementation. Structuring a derivation helps highlight the choices, drawing
attention to the consequences of a choice for the final implementation.

e A derivation can be used to produce implementations from many specifications. A program-
mer’s time and effort is thus expended in producing a method for implementation, rather than
in producing a single implementation.

e Asan algorithm evolves, it isasimple manner to change afunctional specification to maintain
consistency. Further, sincederivationisperformed automatically, itisrelatively straightforward
to produce updated implementations for the new specification.

o Asimplementation techniques evolve, aderivation (or perhaps just individual transformations)
can be modified to correspond. The derivation isthen re-applied to a specification to obtain an
updated implementation.

Program derivation promises a means for a programmer to be able to construct high-level, ab-
stract, readily understood specifications without sacrificing implementation performance. A single

4



Introduction 1.5 summary of Original WWork

functional specification can be used as the source from which multiple efficient implementations are
automatically derived by program transformation. Each implementation can betailored to aparticular
implementation system to obtain the best performance from that system.

It remains an open question as to what extent this promise can be realized: it is quite possible that
human programmers employ techniques that cannot readily be encoded (as transformations), and if
s0, the derivationa approach would not be entirely general. However, | believe that much of what
human programmers do when implementing algorithms can indeed be encoded, at least for certain
important classesof algorithms. | certainly believeit isworth investigating what can be accomplished
using the derivational approach; thisthesisisacontribution in that direction.

1.3 Summary of Original Work

The original work reported in thisthesisis:

e Thedevelopment of an Array abstract data type suitable for specifying numerical mathematical
algorithms and suitable for automated manipulation (the important functions of the ADT being
the array constructor function gener at e and the array reduction function r educe).

e Theidentification of a family of intermediate forms facilitating the optimization of specifica-
tions, their tailoring for particular forms of input data and their implementation for multiple
architectures.

e The development of derivation stages and transformations to create these intermediate forms.

1.4 Overview of Thesis

The central theme of this thesisis the application of the derivational approach to producing efficient
implementations of numerical algorithmsfor the AMT DAP array processor. In addition, derivations
are developed to produce implementations for sequentia architectures and for the CRAY vector
processor; these derivations are not as fully developed as the DAP derivation, but they are important
to lend credence to the claim that implementations can be produced for multiple architectures.

In addition, | consider the tailoring of implementations when the data sets being manipulated are
known to be sparse: transformations are added to derivations to optimize storage for such data sets
and to reduce the number of computations performed. | consider this tailoring to be an important
example of the flexibility of the derivation approach; the structure of derivations permits additional
stages to be inserted to tackle particular implementation issues. In this manner, the use of sparse
programming techniques is considered merely as another implementation issue, in contrast with
traditional approaches which seem to consider the production of an implementation employing sparse
programming techniques as being an entirely separate problem from that of producing a standard,
‘dense’ implementation.

The organization of the thesisis:

Chapter 2: Functional Specifications
| discuss in detail the styles typicaly employed by numerical mathematicians in defining
algorithms, assessing the strengths and weaknesses of the styles. In particular, | emphasise that
what gives mathematical definitions much of their elegance and ease of manipulation is being
based upon expressions.
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I then consider the use of a functional programming language for algorithm specifications;
functional programming languages provide an entirely formal notation lacking in mathematical
definitions (which often use natural language to describe important aspects of algorithms),
but have the same expression-basis as mathematics and so share the same elegance and ease
of manipulation. | discuss two examples of specifications to introduce the syntax of the
specification language (a subset of the SML programming language).

Numerical algorithms are based primarily upon array-like data structures, but arrays are not
traditionally well-supported in functional programming languages. So | discuss the provision
of an array abstract data type.

Chapter 3: Implementing Specifications
Assuming a functional specification of an algorithm, the task then is to produce an efficient
implementation. | have stated that the method used for this thesis is to automatically derive
implementations, but | first briefly consider problems that must be addressed when implement-
ing specifications and general methods that could be used for implementation, as this helps
illustrate the advantages of the derivational approach.

Chapter 4: Derivations and Transfor mations
| then discuss details of the TAMPR transformation system: how transformations are con-
structed; how transformations are structured into sequences for application and how sequences
of transformations are structured into derivations.

Asanexamplederivation, | consider the conversion of a A-cal culus specification into Fortran77.

Chapter 5: AMT DAP 510 Derivation
The primary implementation system that | consider in this thesisis the DAP array processor.
| discuss the hardware architecture and the programming system. | then detail a derivation to
implement a functional specification in a DAP dialect of Fortran (Fortran Plus Enhanced).

Chapter 6: Extended Examples

| discuss the derivation of Fortran Plus Enhanced implementations of two examples of reason-
ably complex algorithms. a Conjugate Gradient algorithm (CG) for approximating the solution
of simultaneous equations; and the POT algorithm for approximating the eigensystem of areal,
symmetric matrix. Each stage of the derivation for Conjugate Gradient is considered. Only
the specification and FPE implementation of POT are considered; the derived Fortran Plus
Enhanced implementation of POT is compared with an independent, manually constructed
implementation.

Chapter 7: Extending the Derivation for Other Architectures
The derivation that produces FPE implementations is then modified to produce sequential
implementations. This derivation is then further modified to produce implementations tailored
for the CRAY vector processor. |mplementations of CG are discussed.

Chapter 8: Sparse Matrices
An additional stage is introduced into each of the DAP, sequential and CRAY derivations to
introduce sparse programming techniques into implementations.

| first discuss the types of sparsity that will be considered: tridiagonal matrices and ‘ row-wise'
matrices (which have a the same number of non-zero elements in each row). | then detail
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the method used for tridiagonal matrices and evaluate a tridiagonal implementation of CG
(for sequential, CRAY and DAP). | then evaluate row-wise implementations (details of the
row-wise method are given in appendix B).

Chapter 9: Related Work
Chapter 10: Conclusions

Appendix A: TheIntermediate Forms
Each mgjor intermediate form produced by the derivations is detail ed.

Appendix B: The Sub-derivations
Each stage of the derivations is detailed.

Appendix C:Gram-Schmidt Orthonormalization
An example arising from the POT agorithm: the functional specification and aderived imple-
mentation of Gram-Schmidt orthonormalization.

1.5 Notational Conventions

Footnotes are used to add minor points of non-essential information to the body of the text; footnotes
areindicated by Arabic numerals?. More extensive notes are collected at the end of each chapter and
are indicated by Roman numerals. () Both footnotes and chapter notes can be ignored on a first
reading.

References to other work are indicated by a number in square brackets, e.g. [2].
Mathematical expressions are denoted initalic font: = + f(y).
Verbatim copies of other texts are indicated by a shaded background.

A verbatim copy of some text, usually a mathematical discussion of an algorithm. | am
responsible for copying the text, but not for its contents or form.

Verbatim copies will usually contain areference to the original source at the top of the reproduction.

Sections of programs and transformations are displayed in a fixed-width font: x : = x+1. Larger
sections are usually offset:

[ DO 1 i=1,n ]
A(i) = B(i)
1 CONTI NUE

1.6 Chapter Notes

i (page 7)
Chapter notes are cross-referenced with the page to which the note refers.

2A footnote.



Chapter 2

Functional Specifications

In this chapter, | discuss using a functional programming language as a specification language for
numerical mathematical algorithms and discuss array based abstract data types required in such
algorithms. The discussion is as follows:

Typical styles used by numerical mathematicians to define algorithms.

Numerical mathematical algorithm definitions expressed in a functional programming lan-
guage.

The common data structures and their operations used in numerical mathematical operations;
providing these datatypes and operations in afunctional programming language.

A general discussion of various aspects of functional specifications.
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2.1 Introduction

The central theme of thisthesisisthe automated derivation of efficient implementations of algorithms.
As implied by this statement, | view ‘algorithm’ and ‘implementation’ as different, thought not
necessarily distinct, terms:

e In general, an algorithm is a method or procedure for solving a problem. In numerical
mathematics, an algorithm is a method for computing some value (‘the answer’ to some
problem).

e In general, an implementation of an algorithm is a means of causing some system to carry out
that procedure. For this thesis, the ‘system’ is always a computer; an implementation is thus
ultimately a sequence of machine level instructions, but for this thesis an implementation is a
program expressed in some dialect of the Fortran programming language.

Thus, in general, | view an algorithm as a quite abstract entity and an implementation as a concrete
entity designed to direct the execution of a computer. In addition, with present day hardware and
compiler technology, apractical implementation of anumerical algorithm must generally be designed
for:

e aspecific computational architecture — e.g. sequential, parallel, vector or array;
o aspecific computer system — e.g. CRAY Y-MPB, AMT DAP or the Connection Machine;

e perhaps even for a specific software environment, either because there are several language
systems (providing considerably different programming models) available on agiven computer
system — e.g. for Fortran Plus or Fortran Plus Enhanced (on the AMT DAP) — or because
fine tuning of a program is required to obtain the best performance from a particular version
of acompilation system (e.g. the optimizations performed by avectorizing compiler may vary
from one release of the compiler to the next).

Indeed, often a given algorithm has multiple implementations, each implementation being tailored
for a specific system. Each implementation isa particular realization of the algorithm; the algorithm
is an abstract entity, transcending particular computer systems, and perhaps computer systems in
general (V)

The theme of this thesis is the automated derivation of such highly tailored implementations of
abstract algorithms. Clearly, any form of forma or automated manipulation, such as derivation,
requires something concrete upon which to work: that is, the derivation of an implementation of an
algorithm requires some definitive statement of the algorithm, or algorithm definition. The nature
or character of an algorithm definition will obviously greatly affect the derivation process, so in this
chapter | discuss at some length how algorithms can be defined. The algorithms considered in this
thesis are all drawn from numerical mathematics, so | first discuss how numerical mathematicians
typicaly define algorithms, and then discuss the form of definition used for this thesis.

2.2 Mathematical Definitions of Algorithms

Algorithm definitions written by mathematicians typically fall into three categories:

e High level analyses, presented mainly in English, with various expressions that are to be
evaluated by the algorithm.

e Low leve definitions, presented in an imperative programming language such as Fortran or
Pascal.
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o Formal high level definitions, presented in amix of English text and expressions but in amore
formal style than high level analyses.

221 High Leve Analyses

In a high level analysis, an author gives an informal description in English (or some other natural
language) of the process carried out by an algorithm, intermixed with expressions that the algorithm
calculates at various stages. | discuss two examples of high level analyses:

Example 2.2.1-a: Gaussian Elimination

Gaussian Elimination is used to solve systems of equations of the form

a1121 + a2+ ...+ a1, =01
ap1w1+ apt2+ ...+ axt, =b
n1T1 + an2T2 + ...+ appx, =by

Such a system of equations can be represented in matrix form as AX = B where A isthe matrix of
the coefficients a;;, X isthe column vector of the z; and B isthe column vector of the b;. If we have
m such systemsin which A isthe same, then the systems can be solved simultaneously by extending
X and B to be nxm matrices.

An analysis of Gaussian Elimination is reproduced as figure 2.1.

[61] p 100
Consider Gaussian elimination for the matrix equation AX = B where A and B are of order nxn
and n x m respectively, and whose solution X is of order nxm. Table 1.3 [omitted] illustrates
the hand solution procedure without pivot selection. It can be seen that the main part of the
solution process (called the reduction) involves making a controlled series of modifications to

the elements of A and B until A has been converted into upper triangular form. Let a,gf) be the
coefficient in the 4, j position at the k-th reduction step where: > k and j > k&, and let b,g-“)

represent the element b;; at this stage where © > k. The k-th step in the elimination can be
represented algebraically by

Y =0 (k<i<mn) (4.1a)
ROND | |
aft o) SR (h<i<nh<j<n) (A1)
ag
TR
bg.“rl) = bg}’z) _ ka;w (k<i<n,1<j<m) (41c)
Ak

On a computer the elements evaluated according to equations (4.1) may overwrite their pre-
decessors at stage &, and hence the reduction can be carried out in the array storage which
initially holdsthematrices A and B. Sincethe eliminated elementsplay no part in the subsequent
elimination there is no need to implement equation (4.1a).

Figure 2.1: Analysis of Gaussian Elimination

10
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Example 2.2.1-b: Cellular Automata/Characteristics Algorithm for Hyperbolic Partial Differential
Equations

The solutions of hyperbolic partia differential equations are often required in models of fluid flow,
wherethefluid issubject to conservation laws. Two popular techniques for the cal cul ation of solutions
are Cellular Automata and the Method of Characteristics. The former can be viewed as a discrete
approximation to molecular dynamics; the latter uses properties of conservation lawsto calculate the
motion and behaviour of certain characteristics (or invariants) of the fluid, from which the behaviour
of thefluid itself can be derived. The agorithm considered here is acombination of these techniques.
(For brevity, | will normally refer to this algorithm as "the Cellular Automata algorithm".)

An analysis of the Cellular Automata algorithm is reproduced as figure 2.2.

Discussion of High Level Analyses

The following are general characteristics of high level definitions:

e |n genera, the discussion proceeds from the mathematical or physical problem, through an
outline of the method used to solve the problem, to details of interesting or novel aspects of the
method. This "top down" approach has the advantage of introducing the algorithm through,
and relating the algorithm to, concepts with which the reader is probably already familiar.

For example, the Cellular Automata analysis can be summarized as follows:
— adiscussion of the physical problem modelled by the algorithm;

— an outline of the algorithm: the authors indicate that they use an iterative technique and
give an almost anthropomorphic description (... we follow the characteristics ...") of
what to do on each iteration;

— what the algorithm calculates (". .. determine the field ... compute u(x,t) ...") and how
the calculation is performed ("Our approach to the solution of problem A ..."), defined
using quantities associated with the problem;

— details of the method and a description of the data manipulated by the algorithm.

e Oftenthealgorithm is partially described by providing aworked example for a small problem
with the statement that the process for larger problems follows by extension.

e Often adescription consists of abasic, simplified algorithm, followed by extensions or modi-
fications to the algorithm. There may not be a single concise definition of the final agorithm;
indeed, the modifications may be applicable under different circumstances, so the description
isactualy of afamily of algorithms.

e Itisusualy difficult to extract a concise definition of the algorithm, as this requires sifting the
discussion for details and taking into account any extensions described. If the reader is not
familiar with the problem area (heis, say, acomputer scientist rather than aphysicist), thistask
may prove difficult.

Some disadvantages of high level analyses are:

o Not all details of the algorithm may be present in the discussion, since the discussion may be
designed to highlight the most important or novel aspectsof thealgorithm. Indeed, itiscommon
for a discussion to gloss over operations that would be major sections of an implementation,
either because the operations are well known or because the method used to perform an
operation isirrelevant in the context of the main algorithm under discussion.

11
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[37]
[Discussion of the physical problem omitted.]
Our method of computation is based on the use of the method of characteristicsto compute the entropic
solution of P asfollows:
o We start with a discretization of the initial conditions.

o For eachtime step, wefollow the characteristics, some of which may intersect and some of which
do not.

e Those pairs of characteristicsthat intersect, causing shocks, are removed from further time steps.

Our approach to solving HPDES with the method of characteristics may be divided into two parts. At
each time step we

A) determinethe field of characteristics «(z, t), and
B) compute u(z,t) for agivent.

The computation of A for each characteristic may be done in parallel, but may be difficult when the
characteristics intersect. For a single conservation law, the computation of B is trivial, and so we are
concerned here only with solving A.

Our approach to the solution of Problem A is to discretize the space direction into a one dimensional
grid of cells, and then have each processor correspond to a particular cell. We begin, by computing a
discretization of theinitial conditions, Specifically, we defineagrid in the (z, t) plane. We then have a
set of rectangular cellswith the bottom side of the cellsat ¢ = 0. Thehorizontal sideisthe spaceinterval,
and the vertical sideisthetime interval. Theratio between the two sidesislimited by the CFL condition
[referenceto literature for details of CFL condition]. Each characteristic beginsin the center of the cell.
Our parallel algorithm works by assigning a processor to each of the cellsin the discretization.

For the first time step, each cell contains the characteristic issued from within that cell. At each time
step, we compute the characteristic’s advance:

ve—a + f'(u)Dt

As characteristics advance, they may continue in the cell they are in or exit from the cell. New
characteristicsmay also enter acell. During atime step, cells communicate only with their east and west
neighborsto determine which new characteristics, if any, enter their cell at the next time step. Theresult
of this computation for a given time step is a set of cells, each of which contains the characteristic(s) in
the cell, if any.

Our algorithm works with two types of data:

o Numerical data describing the characteristic [details omitted]

¢ Boolean data describing the state of each cell [details omitted]

Analyzing the different possibilities for three neighbouring cells, we see that a shock occursif;
e either two or more characteristicsintersect in the same cell, or

e apair of characteristics each exit their cells and cross.

Figure 2.2: Analysisof Cellular Automata algorithm

12
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e Aspects of the algorithm may be defined solely in terms of concepts from the problem. For

example, in the cellular automata analysis, the authors state how to initialize the data: "For
the first time step, each cell contains the characteristic issued from within that cell". They do
not expand on how this relates to the data manipulated by the algorithm; if thisinformation is
required, it is necessary to examine an imperative implementation of the algorithm provided
by the authors.

e Theclarity of the analysis can be highly dependent upon the author’s command of language.
o A natural language description of a process can be very verbose.

e Asanayses are informal, they are amenable to neither formal proof techniques nor machine

processing.

Some advantages of high-level analyses are:

e An author can employ the usual teaching aids (diagrams, examples, analogies, judicious sim-

plifications) to facilitate understanding an agorithm.

Those sectionsof the definition that employ formal notation are based on eval uating expressions,
for exampl e, the equations defining the elimination step in the Gaussian Elimination definition.
Theimportance of thisisthat expressions have avery simple semantic basis: the meaning of an
expression is simply itsvalue. The expression-based sections of the definition are thus usually
simple to understand and to reason abouit.

Generally, the definition does not detail the manipulation of storage (the operations are refer-
entially transparent): both of the above algorithms are based on the repeated application of
some operation, but each iteration creates a new set of values rather than updating a set of state
variables. The introduction of state would greatly complicate a definition since, for example,
the value of an expression could depend on other expressions evaluated, on how many times
an expression is evaluated or on the order of evaluation.

However, sometimes an author does address the use (and reuse) of storage (e.g. Gaussian
Elimination: "the elements evaluated ... may overwrite their predecessors') because in-place
updating can be essentia for the efficient execution of an algorithm.

In summary:

e ahigh-level analysisis more adiscussion about an a gorithm than a definition of the algorithm;
o theformal sections of the discussion are expression-based and so have simple semantics;

o theinformality of most of an analysis precludes automatic manipulation.

2.2.2 Low Levd Definition

Many authors who provide a high level analysis as described above, follow the anaysis with an
implementation of the algorithm in an imperative programming language such as Fortran or Pascal,
or some ad-hoc pseudo-language. For example, the Cellular Automata and Gaussian Elimination
analyses given above were followed by imperative implementations, reproduced as figures 2.3 and

24.

13
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[37]
pr OCessor ;
{ Initialization }
reedu . : _
sign «— signof f'(u){ sign = 0if f'(u) < O, elsesign =1}
state — 1, x « tx 0.5, tsign «— sign
slope — | f'(u) |
outl ft — outrht — il ft — inrht — O
foreach tzmestep do { Main loop, for number of time steps}
if (state == 1) then{ for cellsthat contain a characteristic }
tu < u, tslope — slope
x —x + slope
if (x > 1) then { Characteristic has|eft the cell }
state — 0, u «— empty

tsign «— sign, te —x — 1, © — 0.0
if (sign == 0) then outlft — lendif
if (sign == 1) then outrht — 1 end:if
endif
endif
if (east(outlft) == 1) then inrht — 1 endif
if (west(outrht) == 1)theninlft — 1endif

shock «— state + inlft + inrht { calculate shock }
if (shock > 1) then { shock, more than one characteristic in cell }
state — 0, u «— empty
dsef (inlft == landoutlft == 1) or
(emnrht == 1 and outrht == 1) then { shock, crossing characteristics }
state — 0, u — empty
else{no shock}
if inlft == 1)then
x — west(tx), slope — west(tslope), sign «— west(tsign)
u — west(tu), state — 1

endif
if inrht == 1) then
x — east(tx), slope — east(tslope), sign «— east(tsign)
u — east(tu), state — 1
endif
endif
outl ft — ourrht — inlft — inrht — 0
end foreach

Figure 2.3: Implementation of Cellular Automata algorithm

[61] p 101
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Figure 2.4: Implementation of the reduction step of Gaussian Elimination
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There are several reasons why an author may provide an imperative implementation:

e The implementation is usually simple to use in a program, so the reader is saved the task of
implementing the algorithm himself.

e There may be aspects of the implementation itself that are pertinent to the author’s discussion.
For example, in both of the above algorithms, the authors were concerned with being able to
update variables on each iteration; details such as the use of temporary variables and the order
of execution are thus important.

e The authors may wish to emphasize the implementation of an algorithm for a particular com-
putational model. For example, the implementation of the Cellular Automata agorithm was
designed for a data parallel model.

o If the author is reporting on the execution characteristics of an agorithm, it is important to
indicate what was actually executed.

However, here | am considering the suitability of such low level implementation as algorithm defini-
tions, as discussed bel ow.

Discussion of L ow-level Definitions

There is one major advantage for low-level definitions when considered as an algorithm definition:

o Asthe definition is written in a programming language, the definition is entirely formal. The
existence of compilers for such languages demonstrates that such definitions can be processed
automatically.

However, there are several major disadvantages:

¢ Widely used imperative languages tend to have unwieldy semantics, inhibiting analysis of and
mani pulation of definitions.

¢ Imperative programming tends to require the programmer to think in terms of the machine he
is programming, rather than in terms of the data the algorithm is manipulating. For example,
to subtract one (scaled) column of a matrix from another in the Fortran implementation of
Gaussian Elimination, the programmer must use aloop which processes one element at atime,
reflecting the sequential execution order and single word operations of typical von Neumann
computers.

Such machine-based thinking not only inhibits the initia development of the definition, it
also inhibits understanding of, analysis of and manipulation of (e.g. for parallelization) the
definition. Some languages do provide abstraction mechanisms that permit the programmer
toignore, to a greater or lesser extent, the details of the machine but programmers may avoid
using such abstraction mechanisms as their use generally degrades execution performance.

e Imperative programs generally use subroutines to decompose complex operations (and software
libraries almost always provide operations as subroutines). Unfortunately, subroutines have
wide interfaces: that is, the inputs to, the outputs from and the effects of a subroutine cannot
easily belocalized. For example, datais often provided to subroutines through global variables
and subroutines often return values or store state information by atering variables that are
passed to them as arguments or by altering global variables. The total effect of a subroutine
application may include altering any of the variables in its scope.

Further, subroutines are not combining forms: the effects of one subroutine cannot be combined
with the effects of another by direct composition (i.e. by directly applying one subroutine to

15
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another). Their combination must be mediated by variablesinwhichthe effectsof theindividual
subroutines are accumulated one at atime.

In contrast, pure functions can be directly composed. For example, compare the combination
of matrix multiplication and addition in functional form and in subroutine form:

CALL MVI\/ULTé A B, Tlg
AxB+CxD — CALL MWULT(C, D, T2
CALL MVADD(T1, T2, T3)

Combining subroutines through sequencing has several disadvantages:

— The subroutine sequence bears little resemblance to the mathematical expression: the
structure of the expression is lost. This inhibits understanding the computations being
performed by the subroutine sequence and inhibits maintaining the sequence.

— The effects produced by the sequence are not localized:

* The three subroutine invocations may be separated by any number of program state-
ments, any of which may ater the value of the ‘mediating’ variables T1 and T2.

x Further, suppose one of theintervening statementsis an application of some subrou-
tine S. On examining the implementation, the only way to determine whether the
application of S makes use of the values assigned to T1 and T2 is to examine the
definition of S, and the definitions of any subroutines called by S, and the definitions
of any subroutines called by those subroutines, and so on.

x The mediating variables retain their values beyond the point in the implementation
where the values are required. Thus, on examining an implementation, thereisagain
the possihility that program statements following this point make use of the val ues.

It may be argued that the careful arrangement of the scope of variables can ameliorate the
above problems. However, the programming language may not permit or may discourage the
use of local scope: for example, Fortran does not permit the size of arrays to be determined
during program execution, so a common programming technique is to alocate a large, global
‘workspace’ array from which portions are allocated as needed. Each and every statement in
the program can alter the contents of any portion of the array in acompletely arbitrary manner.

As aresult of the above, an imperative implementation of an algorithm is a poor definition of the
algorithm as it bears little resemblance to any extant high level analysis of the algorithm and is
difficult to understand and to manipul ate.

2.2.3 Formal High Level Definitions

In a formal, high level definition, an author uses natural language to prescribe the operations that
are to be performed to calculate a required value. In contrast to a high level analysis, the English is
formal to the extent that thereislittle room for ambiguity, but in contrast to alow level definition, the
operations prescribed are drawn from the problem domain of the algorithm rather than being limited
to the operations provided by programming languages such as Fortran; for example, in alinear agebra
algorithm the operations may be matrix addition or multiplication, rather than single-array-element
assignments. Examples of high level definitions follow.

Example 2.2.3-a: Jacobi’s Algorithm

Jacobi’s agorithm, figure 2.5, is used to solve systems of linear equations (see section 2.2.1).

16
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[11] pp 130-131
Let A bean nxn matrix, let b be avector in k™, and consider the system of linear equations

Az =D
where z is an unknown vector to be determined.

Starting with some initial vector z(0)eR", evaluate z(¢),t = 1, 2, ..., using the iteration

. 1

(1

i

lz 0T (t) = b,]

Figure 2.5: Definition of Jacobi’s algorithm

Example 2.2.3-b: Conjugate Gradient

The Conjugate Gradient algorithm, figure 2.6 is used to solve systems of linear equations (see section
2.2.1).

[80] p152
To solve Az = b, where A isapositive definite symmetric n x n matrix:
Set an initial approximation vector xq,
calculate theinitial residual rg = b — Az,
set theinitial search direction pg = 7g;
then, fori=0,1,...,
(@ caculatethe coefficient «; = plr; /vl Ap;,
(b) set the new estimate Tiy1 = T; + Q;py,
(c) evaluate the new residual r;1 = r; — a;Ap;,
(d) calculate the coefficient 3; = —r;14p:/p! Ap:,
(e) determine the new direction p; 1 = 7311 + bipi,
continue until either r; or p; iszero.

Figure 2.6: Definition of the Conjugate Gradient algorithm

Example 2.2.3-c; POT

The POT (Paralel Orthogonal Transformations) algorithm, figure 2.7, is used to calcul ate the eigen-
values and eigenvectors of real, symmetric matrices. An eigenvector/eigenvalue pair of a matrix
A satisfy the characteristic equation As = As where s is the eigenvector and A the corresponding
eigenvalue. In generdl, if A isof order IV, there are N such pairs, so the characteristic equation for
the full eigensystem can be written AS = SA where S isamatrix of order N and A is a diagonal
meatrix also of order V; the columns of S are the eigenvectors of A and the diagona elements of A
are the corresponding eigenvalues.

Discussion of Formal High L evel Definitions

The advantages of aformal high level definition are:
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[97]
The POT agorithm for the computation of the eigensystem of a real symmetric matrix A, of
order N, consists essentialy of the following iterative cycle. Given an N « N matrix R of
orthonormal approximations to the eigenvectors of A:

1. Form atransformed matrix B, of order NV, using the sequence of algebraic operations:
V=AxR,B:=R'xV

2. Construct atransformation matrix 7', of order IV, whose columns form an approximation
to the set of right eigenvectors of the symmetric matrix B. This construction is described
in [reference omitted)].

3. Compute a new set of eigenvector approximations R, which is represented in matrix
form by the algebraic matrix product

R=VxT.

4. Orthonormalise the set of vectors R.
The cycle ceases whenever the off-diagonal components of B are zero to a predetermined
precision. The diagonal of B then yields the required eigenval ues and the columns of the final
matrix R yield the required eigenvectors.

Figure 2.7: Definition of the POT agorithm

o Definitions are based upon operations that are natural to the problem domain. (In the above
examples, matrix and vector operations.) Thisfacilitates understanding and reasoning about the
definition by invoking any body of results that have been established for the problem domain.

e Thedefinitionisnot based on any particular computational model. (Alternatively, the definition
isbased on acomputational model that reflects the nature of the algorithm rather than the nature
of any particular physical computer system.)

o Definitions are expression based: that is, computation proceeds through the evaluation of
expressions (though natural language is used to direct aspects of evaluation). This basis has
several advantages:

— An expression can be viewed as having avery simple meaning: its value — for example,
the meaning of the expression 5+ 3issimply 8.(1)

— Expressions are referentially transparent: that is, in a given context of name bindings,
two expressions that look the same have the same meaning/value. This property may
seem rather obvious, but it does not hold in state based definitions (such as the low level
imperative definitions discussed earlier).

— Theorder in which the sub-expressions of an expression are eval uated does not affect the
value of the expression. For example, when evaluating the expression f(g(z), h(y)), the
applications of g and h may be performed in any order, including in parallel.

e One method for decomposing complex operations is to bind an expression to a name; for
exampl e, thebinding of A* Rto Vin POT. Thisdecomposition method hasvery simple semantics:
thenameissimply an abbreviation for the expression— occurrences of the name can bereplaced
by the expression (or by the value of the expression).
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e A second method for decomposition is to define functions. A function definition has a simple
intuitive meaning, as a parameterized abbreviation for an expression. For example, given the
definition f(z) = z + 2, the meaning of the application f(3) isthe expression 3+ 2.01)  (The
example algorithms do not explicitly define functions, but they assume standard functions such
as vector addition, matrix-vector multiplication, and so on.)

Functional decomposition has several advantages as a decomposition technique:

— Functions have narrow interfaces: (a) the factors that influence the value computed by a
function areexplicitly passed to the function as parameters; (V) (b) the val ue computed by
afunction isreturned directly by the function (rather than, say, through global variables);
(c) the application of afunction cannot have any other ‘effects’, since there is no concept
such asaglobal state that could manifest such effects.

— As aconsequence of anarrow interface, the definition of a function is isolated from its
applications. Thus, it is possible to analyze or reason about a function definition with no
regard to any other factors such as the context in which it is to be applied.

— Applications of a function are isolated from the definition of the function. It may be
possible to reason about an expression involving an application of afunction based solely
on the properties of the value computed by the function, with no regard to how the
computation was performed. (e.g. the value computed may have the property that it is
the solution to a set of simultaneous equations. This property may be useful regardless
of which function was used to solve the equations.)

Clearly, any decomposition technique provides isolation, but the narrow interface of
function definitions enhances the degree of isolation, since the only possible ‘effect’ of a
function application is to return avalue.

— The arguments to a function are expressions and a function application is itself an ex-
pression. This uniformity allows traditional recursive proof techniques to be employed
simply.! It also maintains a simple conceptual basis.

— A further consequence of uniformity isthat functions are combining forms: the effects of
one function f can be combined with the effects of another ¢ by directly combining the
functions, e.g. as f(g(z)) or f 0 g.2

There are two main disadvantages in using high-level definitions to define algorithms:

e Someone who wishes to use the algorithm must undertake the task of implementing the defini-
tion himself.

o Implementing the definition may not be straightforward if, asis usually the case with the type
of algorithm considered here, the implementation language is an imperative language.

In summary, high-level definitions make good algorithm definitions (though are perhaps not ideal for
someone who requires a pre-built implementation).

1In contrast, the arguments to a subroutine in state-based languages are expressions, but the subroutine application is
itself a statement, a different class of entity.

2Contrast thiswith the required use of variablesin state-based definitionsto carry the effects of one subroutineto another,
with the resulting non-locality.
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2.2.4 Conclusions

e A high level analysis can provide a good basis for understanding an algorithm, but lack of
formality may lead to ambiguity and prohibit automatic processing.

e A low levd definition in an imperative programming language may be formal but is generally
unsuitable as an algorithm definition as such languages usually have complex semantics, are
normally based on a particular programming model and are difficult to understand and to
manipul ate.

e A formal high level definition provides precision, has simple semantics and avoids irrelevant
details. However, lack of complete formality prohibits automatic processing.

2.3 Algorithm Definitionsin a Functional Programming L anguage

There are three main reasons for writing a definition of an agorithm:

e The definition is the basis of practical implementations of the algorithm: any implementation
of the algorithm must satisfy the definition and derivations of implementations of the algorithm
begin with the definition.

e A person may read the definition to assist his understanding of the algorithm.
e The definition may be analysed to investigate the properties of the algorithm.
If asingle document is to be useful for the above purposes, it should possess certain characteristics:

e The definition should be formal to avoid ambiguity and to allow forma manipulation (in
particular, to allow automated processing).

e The semantic basis of the definition should be simple, as this assists understanding and (auto-
mated) manipulation of the definition.

e The definition should decompose complex operations to reduce the intellectual complexity of
the algorithm.

e The definition should be expressed in manner that is close to the problem domain of the
algorithm, asthisassistsunderstanding by relating the algorithm to the physical or mathematical
problem and by using operations with which the reader is probably already familiar.

e The definition should not be biased toward any particular computational architecture as any
such bias tends to greatly impede implementation for other architectures.

Of the styles of definition discussed in the previous section, high level analysis can be discounted for
the above purposes as its almost complete informality virtually precludes formal manipulation. Low
level definitionsinimperative programming languages are alsoiill suited because they tend to assume
avery specific computational architecture, more closely related to computer hardware systems than
numerical mathematics; they use a poor decomposition method; and they have unwieldy semantics.

High level formal definitions are partly suited: the expression based sections of the definitions have
simple semantics, good decomposition techniques, are closely related to numerical mathematics and
are not based upon any particular implementation system. Formal definitions do though employ
natural language to describe important aspects of algorithms, and so are not entirely suited.
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What is required of a definition language is that is possess the above mentioned desiderata of high-
level definitions, while also being entirely formal. These are precisely the virtues usually claimed for
functional programming languages:

e The central concept in functional languages is that computation is denoted using expressions,
providing asimple semantic basis.

e The primary means of decomposing operations is to introduce pure functions.

e Functional programming languages support the construction of programs in an abstract,
machine-independent manner.

e Theexpression-basis of functional languages makes them conceptually similar to mathematics.
In addition, many modern functional languages alow a syntax that is close to traditional
mathematical syntax.

e Functional programming languages are entirely formal.

Thus, the definition language that | use in this thesis is a functional programming language: a pure®
subset of the Standard Meta-Language (SML [99]) functional programming language. The Lisp
language was used as the definition language in earlier versions of this work and is still used for
related work. Ideally, a programmer should be relatively free to use whatever functional language he
wishes; it should not be difficult to extend the work reported here to other functional programming
languages such as Miranda or Haskell.

In addition to simple semantics and naturalness of expression (for numerical algorithms), functional
programming languages have the advantage as definition languages of being executable: this can be
of usein constructing definitions and in developing algorithms, for ‘rapid prototyping’: an agorithm
designer can freely experiment with his algorithm without devoting hours (or days) to the minutiae
of an imperative implementation, with all the potential that has for making implementation mistakes
which could easily invalidate whatever conclusions the designer draws from his experiments.

2.4 An Example Functional Definition: POT

In this section, | introduce the definition language through several example definitions. The first
example is the functional definitions of the POT algorithm: the mathematical definition is repeated
asfigure 2.8; the functional definition isfigure 2.9.

This example exhibits many of the main syntactic features of the definition language:

e Function definitions are introduced by the keyword f un, so the above definition defines two
functions, POT and POTst ep.

e Thetype of anidentifier follows the identifier, separated from it by a colon. For example, the
first formal argument to POT is A, amatrix with real elements.

e The type following the formal argument list in a function definition is the type of an appli-
cation of the function (the ‘return’ type); so an application of POT has the type (real na-
trix*real matrix) —thatis, apair of real matrices. The type of the function itself (rather
than an application of the function) isreal matri x->real matrix*real matrix.

e The notation

3SML and many other functional languages provide some constructs that are based upon state manipulation, as are
common in imperative languages. In thiswork, | avoid al such constructs to maintain a simpler semantic basis.
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[97]
The POT agorithm for the computation of the eigensystem of a real symmetric matrix A, of
order N, consists essentialy of the following iterative cycle. Given an N x N matrix R of
orthonormal approximations to the eigenvectors of A:

1. Form atransformed matrix B, of order NV, using the sequence of algebraic operations:
V:=A+xR B:=RI«V.

2. Construct atransformation matrix 7', of order N, whose columns form an approximation
to the set of right eigenvectors of the symmetric matrix B. This construction isdescribed
in[8].

3. Compute a new set of eigenvector approximations R, which is represented in matrix
form by the algebraic matrix product

R=VxT.

4. Orthonormalise the set of vectors R.
The cycle ceases whenever the off-diagonal components of B are zero to a predetermined
precision. The diagonal of B then yields the required eigenval ues and the columns of the final
matrix R yield the required eigenvectors.

Figure 2.8: Definition of the POT algorithm

fun POTstep(A:real matrix, Rreal matrix)
:(real matrix*real matrix)

= let
val V:real matrix = A*R
val Bireal matrix = transpose(R*V
val T:real matrix = transforn(B

val R:real matrix = WT

n
(A orthonormalise(R))
end

fun POT(Areal matrix):(real matrix*real matrix)
= iterate(POTIstep, (A UnitMatrix(shape(A))),sCk)

Figure 2.9: Functional definition of the POT algorithm
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| et definitions i n expression ... end

denotes alocal expression. Local expressions are used to introduce definitions that are valid
only within the local expression itself. For example, POTst ep defines the four valuesV, B, T
and R. The value of alocal expression isthe value of the body expression occurring after the
i n keyword: (A, orthonormalise(R)).

e Common arithmetic operations are normally denoted using infix or prefix operators. Many
operators are overloaded: that is, the one operator is used to indicate a set of related functions
(such asinteger addition, real addition, matrix addition, etc.) and the language system usestype
information to resolve the overloading (i.e. to determine which component function should be
applied in agiven expression).

Overloading provides the programmer with a much simpler interface to common operations,
for example, the programmer specifies "addition" and the language system decides whether
he means integer addition, real addition, matrix addition, and so on.* Overloading is a quite
natural tool for definitions, since people generally infer meaning based upon context.

e The multiplication operator, *, when applied to vectors and matrices, indicates algebraic
multiplication rather than elementwise multiplication.

e The expression ( A, ort honor mal i se(R)) isapair, or a2-tuple, of real matrices. Compo-
nents of tuples are extracted using the prefix #n operators, where n is an integer. For example,
#1( A orthonornal i se(R)) isA

Comparing the mathematical definition of POT with the functional definition:

e The mathematical definition introduces a name, A, for the matrix under consideration. While
it would be possible to introduce a corresponding global namein the functional definition, itis
normally considered better style to define aformal argument for each function, increasing the
modularity of the definition.

e Themathematical definition statesthat the matrix isreal, symmetric and of order N. In general,
there are various properties of the data sets an algorithm manipulates that may be useful in a
definition. In the above example, the type associated with matrix identifiers provides only the
information that the elements are real numbers.® Other information can be introduced into a
definition by assertions or by program transformation.

e The mathematical definition states that the algorithm employs an "iterative cycle" and then
defines

i. what isto be done on each iteration;
ii. aninitial value which which to begin the cycle;
iii. aterminating condition.

The functional definition employs thefunctionii t er at e to indicate repetition. The arguments
toiterate are

i. thefunction, POTst ep, that isto be repeatedly applied;
ii. theinitial value (A, Uni t Matri x(shape(A)));

“Widespread use of overloading does require a programmer to be more explicit with types, though, since overloading
inhibits the ability of the type system to infer types.
5Including the size of a matrix in the type information would require dynamic typing, but SML is statically typed.
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iii. a boolean function, | sOK, which is applied after each iteration and which determines
whether another iteration is to be applied.

o In the mathematical definition, each iteration consists of the calculation of the four matrices
V,B,T and R and the orthonormalization of R. In the functional definition, the iteration
function POTstep calculates these four matrices (as local values) and then performs the or-
thonormalization (by applying the function or t honor nal i se).

The functional definition is essentially nothing more than the mathematical definition cast in an
entirely formal notation.

24.1 POT Example Continued

Toillustrate further the definition language, and some of the functions commonly used in definitions,
I here discuss the functional definition of the construction of the transformation matrix 7' used by
the POT algorithm (the construction of 7' is mentioned but not defined in step 2 of the definition;
it appears as an application of the function t r ansf or min the functional specification of POT).
Figure 2.10 is the mathematical definition of the transformation matrix; figure 2.11 is the functional
definition. Note that in the mathematical definition, the matrix B is a component of a sequence of
matrices, hence the subscript & in some expressions.

This example introduces some further syntax:

e Theversion of SML used for this thesis does not provide arrays as a primitive type, so thereis
no in-built notation for indexing arrays. In order to have a syntax reasonably close to standard
mathematical notation, | use theform M@ i, j], read as"M at (position) ij".

e Thenotation
f n(ar gunent s) =>expr essi on

defines a function expression, similar to a A-expression in the A-calculus. Function prototypes
are useful when a function expression is to be used only once, to avoid introducing a named
definition.

e The unary, prefix operator for negation is ‘tilda’ (~).

This example also introduces some functions that | have defined to permit operations on array-like
data structures, including vectors and matrices:

e Thefunction shape isapplied to an array, returning alist of the dimensions of the array (as an
instance of the shape type).

e Thefunction gener at e is used to define arrays. The first argument specifies the dimensions
of an array; inthet r ansf or mfunction, the dimensions are specified by applying the function
shape to the argument matrix B, so the dimensions of the result matrix are the same as the
dimensions of B. Thisinformation is not explicit in the mathematical definition.

e The second argument to gener at e is afunction which specifies the elements — the value of
an element is given by applying the function to the index for that element. Int r ansf or m this
function performs a simple case analysis in the same manner as the mathematical definition,
applying the local function cal cul at e, which isan abstraction of the expression given in the
mathematical definition.

These array functions are explained in detail later.
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[98]
The function transform generates from its real symmetric argument, By, a non-singular
orthogonal transformation matrix 7}, whose elements are given as follows:

t(1,5) = 2b(4,)/[d(i, 5) + sign(d(i, 7)) /(d(i, 5)> + 4b(i, )?)] i >j

t(g,1) = —t(s,7) 1<y

where
d(z,7) = b(3,7) — b(4,1)
and where, for convenience, the subscript k has been ignored.

Figure 2.10: Mathematical definition of ¢rans f orm function

(fun Itransforrr(B:reaI matrix):real matrix )
= let
fun f:alculate(i:int,j:int):real
= let
val d:real = B@j,j]-B@i,i]
in
ZQB@i,j]/(d+sign(d)*sqrt(sqr(d)+4*sqr(B@i,j])))
en
in
gener at e(shape(B),fn(i:int,j:int)=>
i f (i>j?
then calculate(i,j)
» (_el_s;a
[ i =
t hen lJ.O
el se ~calculate(j,i))
L end )

Figure 2.11: Functiona definition of transform function

Thefunctional definition contains some detail additional to that contained in the mathematical defini-
tion (for example, the mathematical definition does not specify the size of the transformation matrix:
it isinferred from context). The functional definition also looses some information that is present in
the mathematical definition (for example, that the constructed matrix is non-singular and orthogonal).
However, | believe that the functional specification is essentially a simple rewriting of the computa-
tional part of the mathematical definition. The provision of non-computational information (such as
asserting that a matrix is orthogonal, or is sparse, or asserting the size of matrices) in definitionsisa
matter for further research; further discussion isbeyond the scope of this thesis.

2.5 Array-LikeData Typesin Mathematical Algorithms

Inthe preceding sections, | have argued that afunctional programming language can provide asuitable
conceptual and notational framework for specifying numerical mathematical algorithms. The vast
majority of numerical algorithms employ some form of array data structure (vectors, matrices and
grids), but the array is adata structure traditionally not well supported in functional languages. Thus,
in this section, | discussan Array Abstract Data Type that | have provided for usein definitions. The
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purpose of this discussion is not to provide an exhaustive list of function definitions, but to provide
familiarity with a small number of general purpose functions.

Examples are drawn from linear algebra, but the ideas are readily extended to other fields.

25.1 Basic Operations

Thelist datatypeisubiquitousinfunctional programming, soitisconvenient toimplementation other
structured data types, such as array, using lists. However, it is important for program manipulation
that the underlying representation be hidden (for example, parallelization of list operations can be
difficult). So | present a small number of primitive functions that support the types of operations
usually performed upon arrays; other array functions are defined in terms of these primitive functions,
in complete ignorance of the underlying representation. All manipulation of arrays can be performed
in terms of the primitive functions, rather than in terms of the underlying implementation.

The basic operations that are required are: constructing an array; given an array, obtaining the value
associated with a particular location in the array; combining the elements of an array into a single
value (called reduction; an example of areduction is summing the elements of areal array). These
arediscussed in detail below: for convenience, indexing isdiscussed first (so | can useit in examples
for the other two).

Indexing
Anindex for an n-dimensiona array is specified in the Array ADT as an instance of the type
i ndex, which is defined as a list of n integers: e.g. [1, 2, 3]. Indexing is performed by
the el enent function: eg. el ement (A, [1, 2, 3]). For convenience, indexing can also be
performed using the @infix operator: e.g. A@ 1, 2, 3] (read as"A at (location) 1,2,3").

Construction
An array isamapping from some (regular) index set onto some set of elements (all of the same,
arbitrary type). Thus, the construction of an array requires the specification of (i) the index set
and (i) the set of elements.

(i) The most common way in mathematics to specify an index set, in one dimension, is
to give an upper bound n: the index set is the set of integers from 1 to n. In some
applications, it is useful to specify aso a lower bound / and a stride s, the index set
being the set of integers between lower and upper bound at multiples of the stride:
{1:1<i<n,0<p:i=1+ps}. Index setsfor higher dimensions are constructed as
the Cartesian product of one dimensional sets.

In the Array ADT, an index set in one dimension can be specified as a triple of in-
tegers (specifying lower and upper bounds and stride). Multi-dimensional index sets
are specified as lists of triples. For example [ (1, 5, 2), (2, 4, 2)] specifies the set
{(1,2),(3,2),(5,2),(1,4),(3,4),(54)}. A list of triples is an instance of the type
shape.

(if) Themost common way to specify the set of elements onto which indices are mapped isto
give afunction which maps each singleindex onto avalue. Inthe Array ADT, thefunction
can be any valid function expression (of the appropriate type); function prototypes are
often used.

Construction isrealized in the Array ADT asthe gener at e function:

(generat e: shape* (i ndex->'a) ->'a array)
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Thefirst argument isthe shape of the constructed array; the values of the elements are given by
applying the second argument (the generating function) to each index that occurs in the shape.
For example,

(gener ate([(1,10,1)], fn(i:index)=>U@) )

isthe vector consisting of the elements of the vector U at positions 1 to 10.

An important aspect of gener at e from an operational perspective isthat no order isimplied
for the construction of the elements: the generating function may be applied simultaneously to
al theindices in the specified shape.

For convenience, severa other forms of gener at e are permitted:

o If the individual integer components of an index are required in a generating function,
they can be made available using pattern matching, in which individual components of
an index are named. For example

(generate([(l, 10, 1), (1, 10, 1)1, fn([i ,j]:index):>A@j,i])J

forms a matrix that is the transpose of the upper left 10 by 10 section of matrix A. The
two components of thei ndex argument of the function prototype are bound to the names
i andj .

e A vector can be specified by providing a single integer for the shape (the upper bound)

and a generating function which takes a single integer as argument (rather than alist of
integers). For example

(generat e(10, fn(i:int)=>2%i) )

evaluates to a vector with shape {z : 1 <4 < 10 : 7} and with element 7 equal to 2 x 3.

e A matrix can be specified by providing two upper bounds and agenerating function which
takes two integers as argument. For example, if Ahasshape[ (1, m 1), (1, n, 1)] then

(generate(n,mfn(i:int,j:int):>A@j,i]))

isthe transpose of A.

Each of the ‘convenient’ forms of gener at e is defined in terms of the basic gener at e (the
form with typeshape* (i ndex->a) - >a arr ay). Thevariousforms are overloaded onto the
name gener at e; the language system determines which form is to be used based upon type
information. The signature of gener at e may thus be represented as

gener at e: shape* (i ndex->'a)->'a array
generate:int*(int->a)->a array
generate:int*int*(int*int->a)->a array

Reduction
The reduction of the elements of an array to a single value is performed by the repeated
application of abinary reducing function: each application of the binary function combines a
pair of valuesinto one value; its repeated application eventually combines all the elementsinto
asinglevalue.

Reductions are performed using the function r educe:
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(reduce: shape* (i ndex->'a) *('a*’a- >'a) *'a- >'a )

A reduction isinterpreted as follows:

e The second argument (a generating function) isapplied to each index in the first argument
(a shape) to produce a set of values G.

e To G isadded the fourth argument, the initial value.

e The elements of G are combined together using the third argument — a binary function
called the reducing function — to produce a single, cumulative value.

Thus, reduce(S, g, r, i nit) may beinterpreted as r (init, r(g(i1),7(g(%2),...))), where iy,
1, €tc. aretheindicesinthe shape S. However, r educe does not specify an order for applying
r, which should thus be associative and commutative. ©

For example, summing the elements of areal array can be expressed as

[sun(A:reaI array):real ]

= reduce(shape(A), fn(i:index)=>A@, fn(x:real,y:real)=>x+y, 0.0)

This expression my be interpreted as: for each index 4 in the index set of A, compute 4;, and
add all the values so obtained to the initial value 0.0.

As a second example, thelogical and of the elements of a boolean array can be computed as

al | (A: bool array): bool
= reduce(shape(A),
fn(i:index?

=>A@, f n(x: bool , y: bool )=>x andal so y, true)

The use of ashape and generating function to specify the values to be reduced may seem overly
complex, but it does allow some common operations (such astheinner-product of two vectors)
to be expressed succinctly; examples are discussed below.

For convenience, simple reductions (which directly combine the elements of an array) can be
expressed using the function f ol d:

fold:’a array*('a*’a->'a)*’'a->a
fold(A'a array,r:('a*’a->'a),init:’a):'a
= gener at e(shape(A), fn(i:index)=>A@,r,init)

/

€.g. summation could be expressed as

(surT(A:reaI array):real = fold(A fn(x:real,y:real)=>x+y, 0. 0))

Of coursg, it is somewhat academic how the common reductions are defined, since they are
provided as library functions.

Array construction appears in many guises in mathematics: for example, as projections of part of a
matrix (e.g. arow, acolumn or the diagonal elements) or as permutations of the elements (e.g. matrix
transpose). Functions for such operations are readily defined using gener at e. However, one form
of construction — mapping — occurs so frequently that it isworth highlighting here.

Mapping
Inaunary mapping, an array isconstructed by applying some specified function to each element

8The inclusion of an initial value ensures a reduction is well-defined even if there is only one index in the shape over
which the reduction is performed.
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of an array. Examples of unary mapping are scaling anumeric array (multiplying each element
by some fixed value) and forming the logical complement of the elements of a boolean array.

In abinary mapping, an array isconstructed from two arrays by applying some specified binary
function to pairs of corresponding elements of the arrays. (The arrays have the same set of
indices). Example of binary mappings are adding two numeric arrays or forming the logical
and of two boolean arrays.

Unary and binary mappings are expressed using the map function:

map:‘a array * (‘a ->'b) ->'b array
map:‘a array * ‘b array * (‘a * 'b ->'c) -> 'c array

e.g. to negate the elements of areal array

(negat e(Aireal array):real array = map(A fn(x:real)=>~x) )

and to add two integer arrays

plus(Arint array,B:int array):int array
= map(A B, fn(x:int,y:int)=>x+y)

Thenmap functions are defined intermsof gener at e. For example, the unary (non-overloaded)
version of map isdefined as

unary_map(A:'a array, f:(’a->b)):’'b array
= gener at e(shape(A), fn(i:index)=>f (A@))

Onefurther type of operation occurs frequently: obtaining information about theindex set of an array.
For example, the complete index set of an array A can be obtained by applying the function shape
to the array; the size of the array in a particular dimension d (numbered from 0) can be obtained as
si ze( A, d) . Such operations are rarely found in mathematics texts asthe index set is usually known
from context. However, the functions are useful in definitions to enable functions to be constructed
independent of context.

2.5.2 Two Properties of the Basic Functions

It should be clear that the following two identities hold for gener at e:
element(generate(S, Xi-g), 7 )=Ni-g(i)

shape(element(S, Ai-g))=S

That is, the shape of an array constructed by the gener at e function is simply that shape passed as
argument to gener at e; and the value of any element of the array isfound by applying the generating
function to the index for that element.

These two identities form the basis of most of the manipulation of arrays.
25.3 Other Common Operations

To further illustrate the use of the Array ADT, some common operations in linear algebra are defined
below:

e Inner product of two vectors.
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o Left and right multiplication of avector by a matrix.
e Algebraic multiplication of two matrices.

There are various mathematical definitions of the inner product of two vectors. Perhaps the simplest
isthat the inner product isthe sum of the product of the vectors:

(U, V)=sum(U.V).

A similar SML definition can be given:

fun tines(U real vect or, V: real vector):real vector
= map(U, V, fn(x:real,y:real ) =>x*y)

fun inner product(U real vector, V:real vect or):real
= sum(tines(y,V)).

The Array ADT defines three functions for vector-matrix, matrix-matrix and matrix-vector multi-
plication; these functions are overloaded onto the * operator, so the programmer does not have to
distinguish them.(v)

The definitions of vector-matrix and matrix-vector multiplication are

fun vimul t (V:real vector,Aireal nmatrix):real vector
= generate(size(A 1), fn(| i nt)=>i nner product (V, col (A/i)))

fun m/mul t (Al real array, V: real vector):real vector
= generate(size(A 0), fn(| i nt)=>i nnerproduct(rOV\(A,l),V))

where the functionsr owand col return the specified row or column of a matrix.

The following definition of matrix-matrix multiplication follows from the ‘ row-into-column’ mathe-
matical definition:

fun matrix_matrix product(A real matrix,B:real matrix):real matrix
= ‘generat te(size(A 0),size(B, 1),
n(i,j) >|nnerproduct(row(A|) col (B,j)))

Analternativemathematical definition of matrix-matrix multiplicationis: if A hasdimensions N, x No
and B has dimensions N, x N3 then P=Ax B has dimensions N1 x N3 and elements given by

Pij= Z AiBy;j.

An equivalent SML definition is;

fun matrix_matrix_product (A:real matrix,B:real matrix):real matrix
= generat e(size(A 0),size(B, 1),
fn(i,j) >reduce(3| ze(A 1), fn(k) =AQ@i, k] *B@k,j],fn(x,y)=>x+y, 0)).
When considered from an operational perspective, this definition may be considered more efficient
than the previous definition asit avoids the creation of intermediate vectors (for the rows and columns
of A and B, and the elementwise products thereof) — the multiplication of the elements is merged
with the summation of those products. However, efficiency isnot a primary concern in definitions: a
programmer should normally construct definitions in the modular manner of the first definition. The
second definition does though illustrate the greater flexibility of r educe function over f ol d.’

"The second, efficient version can be derived from the first, modular definition through program transformation.
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2.6 Functional Specifications

Thefunctional definition of an algorithm is the source from which imperative implementations of the
algorithm are derived. An implementation is naturally required to be ‘equivalent’ to the definition.
The term ‘equivalent’ requires some clarification.

A functional definition is an expression, and | have emphasized throughout this chapter that the
meaning of an expression is the value of the expression. Thus, one aspect of equivalence is that an
implementation computes the same value as its definition.

However, that is not sufficient. Often there are severa agorithms that, given the same input, will
compute the same value: for example, Jacobi’s algorithm and the Conjugate Gradient algorithm both
compute the unique solution to a system of linear equations; the POT agorithm and Householder’s
algorithm both compute the unique eigensystem of a set of equations. A derivation that begins with
adefinition of POT should not end with an implementation of Householder!

What distinguishes one algorithm from another that computes the same resultsis how the results are
computed; thus, a second aspect of equivalence is that an implementation of a definition must also
use the same method to compute that value.

That isnot to say that a derivation must preserve every detail of the method employed by adefinition:
in any definition, some aspects are important, while other aspects are present merely to conform to
someformal syntax or to allow the definition to be executed. Animplementation isrequired to reflect
only the important aspects of the method.

For example, the SML version of the Array ADT usesliststo represent arrays, indices and index sets:
such a representation is convenient in SML. However, the details of the representation are entirely
unimportant as regards the definition of an algorithm; indeed, such details are deliberately withheld
from algorithm developers, who work only in terms of the array ADT functions.

Thus, there is no obligation on an implementation to reflect the list operations present in a definition:
an expression such as

generate([n,n],fn(i,j)=>if (i=) then 1 else 0)

may be implemented as:

DO 20 i=1,n
DO 10 j=1,n
A(i,j) =0 A=0
10 OE]\ITI ;\IUE or A(patunitdiag(n)) =1
Ali,i) =1
20 CONTI NUE Fortran Plus Enhanced
Fortran77

with no list-based operations at all.

Thus, there are aspects of a definition that are central to the nature of the algorithm being defined,
aspects that must be reflected in an implementation; and there are aspects of a definition that are
almost irrelevant: how, or even if, these latter aspects are reflected in an implementation is a matter
of convenience.

An example may help illustrate the difference. The functiona definitions in figures 2.9 and 2.11
together define the POT algorithm.  These definitions contain three important functions: POT,
POTSt ep and Tr ansf or m POT defines the overall nature of the algorithm: it isiterative. POTSt ep
and Tr ansf or mtogether define the nature of each iteration. The three functions together capture the
essence of the POT algorithm.
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The definitions of other functions in the figures, such as or t honor mal i se and the linear algebra
functions (primarily matrix multiplication) do not characterize the agorithm: an implementation
of POT could use any orthonormalization function and any form of matrix multiplication, and the
implementation would still be an implementation of the POT algorithm.8

However, although the functions POT, POTSt ep and Tr ansf or m are the important aspects of the
definition, an implementation need not contain these functions as functions, as separate program
units. What isimportant is that an implementation carry out the process defined by these functions.
For example, the SML implementation of i t er at e, which defines the iterative nature of POT, may
be recursive but a Fortran implementation of POT may perform the iterations using a simple loop.
Further, the definitions of POTSt ep and Tr ansf or mwould probably be ‘unfolded’ so that neither
function would exist as a separate program entity.

Similarly, the existence of variables corresponding the the matrices v, B, T and Rin figure 2.9 is not
required. Structure, such aslocal definitions and function definitions, is taken to exist in a definition
primarily to assist human readers: it should remain in animplementation only if it improves efficiency.

Thus, while a functiona definition must contain complete details of all computations if it is to be
executable, many of these details may be ignored or interpreted rather liberally when the definition
isimplemented. In such a context, | refer to a functional definition as a functional specification, to
emphasize that the definition is indicative rather than prescriptive, defining what is to be computed
rather than the details of how the computation isto be performed.

Thisemphasisontheindicativerather than prescriptive nature of functional specificationsis motivated
by a number of considerations:

e Discarding unimportant structure, such as function definitions, allows the programmer the
freedom to employ whatever level of functional decomposition he feels is useful in ensuring
his specification isaclear, natural statement of the algorithm, while knowing that the efficiency
of implementations is not going to be impaired.

¢ Ignoring the implementation details of the basic array functions allows the development of
an array semantics (and hence, manipulation techniques) based upon the axioms of the basic
functions, rather than based on the properties of the whatever representation happens to have
been used in the SML library that is used for rapid prototyping.

e A derivation is free to implement operations in whatever manner is best suited to the imple-
mentation environment (regardless of what form was convenient for expressing the operation
in a specification).

2.7 Summary

A certain form of agorithm definition employed by mathematicians, expression-based definitions,
provides a high degree of clarity and possesses simple semantics. While not every mathematical
algorithm definition is of thisform, the form is nevertheless consistent with the general principles of
mathematics. However, the form, while expression-based, does use natural language and so is not
easily manipulated by machine.

The definition language that | use in this thesis is a functional programming language; it may be
viewed as essentially acompletely formal version of the mathematical form of definition, being based

®The details of the implementations of these functions is still important though: orthonormalization and the matrix
products make up the vast bulk of the execution time.
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upon expressions and often employing asimilar notation. Thefunctional specification of an algorithm
is often merely arewriting of amathematical definition, to conform to some precise notation.

A functional specification is designed to capture in a clear, smple, natural manner the essential
aspects of an algorithm; those aspects that define that al gorithm as opposed to some other algorithm.

2.8 Chapter Notes

i (page 9)
Having emphasized the difference between an algorithm and an implementation, | should note
that the distinction can be blurred, and that not everyone would agree with my viewpoint.
Many people would view a computer program, say a Fortran program, as an algorithm rather
than just one of possibly many potential realizations of a more abstract entity. In addition, a
computer program may be expressed in alanguage that provides a programming model that is,
to agreater or lesser extent, abstracted from computer systems. For example:

e Standards such as the emerging High Performance Fortran [59] are designed to eliminate
some of the sequential architecture characteristics inherent in Fortran77.

e Therecent Message Passing Interface[52] isageneric message passing standard, designed
to function with any message passing architecture.

o A more fundamental level of abstraction is provided by many functional programming
languages, whaose programming models are often unrelated to any physical computer
system.

Thislast point about functional programming languages is particularly important for the work
discussedinthisthesis. Theimportance stemsfrom thefactsthat many mathematical algorithms
are defined, by mathematicians, in terms of expressions, and that functional languages are
expression based. Thisisdiscussed in more detail later.

ii (page 18)

Aside from the value-based, or denotational meaning, a second, operational meaning can
also be associated with an expression: for example, the denotatonal meaning of 5+ 3is 8
while the operational meaning is "perform the integer addition operation with operands 5 and
3". Operational meanings can be somewhat more complex than denotational meanings, but
fortunately much manipulation and analysis can be performed using only the denotational
meaning; the operational meaning is important mainly when execution complexity is being
considered or when there is the possibility of non-termination or computational error. Almost
all of thework reported in thisthesis is based upon denotational meaning.

iii (page 19)
Theformal meaning of afunction definition/application is somewhat more complex, dueto the
possibility of recursive definitions, but the ultimate meaning of a function application is still
simply avalue.

iv (page 19)
The value computed by afunction is also determined by global function and value definitions.
Theimportant difference between such definitions and global variablesin imperative programs
isthat the former are constant; they cannot change by the program itself.
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v (page 30)
In mathematical definitions of algorithms, vectors enjoy something of adual nature: sometimes

they are one-dimensional objects, sometimes they are two-dimensional. Thisis apparent when
a mathematician uses the terms "row-vector" and "column-vector": two vectors, with the
same elements in the same order, may be distinguished only by their orientation in a two-
dimensional plane. Thus, itislegal to multiply amatrix by acolumn vector on theright, but not
by arow vector, and vice-versafor left multiplication. So in mathematical texts, one often sees
expressions invalving the transpose of a vector, the meaning of which is not clear if a vector
is a one-dimensional object; the simplest interpretation is that there is an implicit promaotion
of avector to amatrix in which one of the dimensionsis 1, so that vector transpose is actually
matrix transpose and vector-matrix and matrix-vector multiplication are actually matrix-matrix
multiplication. (Some authors claim that "vector" is simply another name for "matrix", but
they still distinguish the two, when discussing dimensions and in the the number of subscripts
used for indexing, for example.)



Chapter 3

| mplementation of Specifications

In the previous chapter, | introduced the style of specifications used in this work for numerical
mathematical algorithms. Such specifications can be useful in themselves, for formally defining and
investigating algorithms. However, functional specifications are aso intended to be the basis from
which efficient implementations are produced.

Asthe specification language is asubset of aprogramming language, a specification itself could serve
as an implementation. However, few practitioners in numerical mathematics would even consider
using afunctional language to implement algorithms, for two main reasons:

e Many practitioners in numerical mathematics seem obsessed with performance, to the extent
that an implementation of an algorithm may be considered worthless if its execution perfor-
manceiseven slightly worse (say, by afew percent) than that of other implementations. By this
standard, the execution performance onagiven computer of programs produced from functional
specifications by traditional compilers isinadequate when compared with the performance that
can be achieved on the same computer by hand-crafted (imperative) implementations.!)

o Few compilersfor functional languagesareavailable on most of the advanced computer systems
used for numerical computing.

To overcome these problems, implementations in an imperative language are constructed from func-
tional specifications; the intention is that the imperative implementations be as efficient as possible.
In this chapter, | discuss general methods that can be used for constructing implementations and the
problems that arise during construction; in the following chapter, | discuss in detail the method used
for thisthesis.

The discussion is as follows:
o The efficiency of functional programs.
e The problems encountered in implementing a function specification in an imperative language.

e Methods used to ameliorate these problems:. top-down decomposition, program refinement and
transformation.
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3.1 Efficiency of Functional Programs

Generally, functional implementations of numerical algorithms are inefficient: implementations of
the algorithm could be produced that provide much better execution performance. There are two
main reasons for this inefficiency:

The functional style emphasizes clarity over efficiency
A programmer may develop modular, generally applicable routines; may employ functional
abstraction of data; may develop higher-order functions that encapsulate common patterns of
computation. All these techniques help structure a program in a way that facilitates human
understanding of the program and simplifies reasoning about the program, but they can aso
reduce the efficiency of an implementation.

Even at the level of a single function, a programmer may choose a simple, clear form for
the function over a more complex, but also more efficient form. For example, the Fibonacci
numbers are defined by

]

fib(n—1)+ fib(n—2), n>2

_ n=12
fib(n) = .

The SML functionsfi b and fi bi t both compute the Fibonacci numbers.

(fun fib(n:int) )
=if (n=1 orelse n=2) then 1 else fib(n-1)+fib(n-2)

.

( N\
fun fibitaux(n:int,i:int,previous:int,current:int)

=if (i>n)

then current

el se fibitaux(n,i+1, current, previous+current)

fun fibit(n:int?
=if (n=1 orelse n=2) then 1 else fibitaux(n,3,1,1)

|

The definition of the fi b function may be preferred to that of the fi bit function because
the former is simpler and mirrors the mathematical definition. However, fi b has exponential
complexity whilef i bi t haslinear complexity.

The effect of asimple, clear style on efficiency is particularly important for functional specifi-
cations, since the underlying philosophy of functional specification isto enhance clarity with
no regard whatsoever for efficiency.

Functional languages introduce overheads
Functional languages involve many concepts which ease using the language, but which are
expensive to implement. For example, referential transparency is one of the most useful
properties of functional languages, but it requires an implementation to continually create
copies of data structures rather than updating existing structures, introducing overheads for
copying and for managing storage (e.g. through some form of garbage collection).

Functional languages tend to have aminimalist conceptual basis. for example, all computation
being performed through the application of functions. Such minimality facilitates learning a
language, developing aformal semantics for the language and manipulating programs. How-
ever, it aso introduces further overheads. for example, in many functional languages, all
iteration is expressed using recursive function calls, but some forms of iteration can be imple-
mented much more efficiently at the machine level as a simple loop updating a fixed set of
storage locations, avoiding the overheads of the function calling mechanism.
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In addition, functional languages tend to simplify the expression of algorithms by avoiding
many of the restrictions usually associated with imperative languages. For example, afunction
application in a functional language can return a value of any type (a simple scalar value,
a structured value such as an array, or even a function), whereas most imperative languages
restrict functions to returning asingle scalar value.

The language implementation must provide general purpose mechanisms to support this ex-
pressiveness; e.g. the function application mechanism must allow the return of a value that
may occupy an arbitrary number of storage locations. In contrast, the function application
mechanism for an imperative language typically permits only scalar values to be returned.

Some of the above problems can be addressed by a compiler:

e The compiler may perform function unfolding, which helps ameliorate the detrimental per-
formance effects of an abstract, modular style. (However, as explained later in section 5.7,
unfolding is not sufficient to completely remove the detrimental effects.)

e Someforms of recursion, such astail recursion, may be recognized and implemented as simple
loops, rather than recursive functions.

e Analysis of the use of data structures may revea instances where a data structure can be
overwritten. For example, consider the expression

()\x: real vector-Ay:real vector-B (tinmes(x,x)) (e) )

in which the vector x is bound to some expression e and the vector y has elements that are the
squares of the elements of x. In general, the storage for x and y must be distinct, since x may
be used in the body B of the expression, and so its value must be preserved until evaluation of
Biscomplete.

However, if B does not use x, then'y can use the same storage locations as x: the values stored
in those locations are squared in situ.

In general though, the analysis required to permit such destructive overwriting of storage is
complex.

e Typeinformation may be used to allow specific, efficient forms of function calling protocol to
be used. For example, if the return type of afunction isi nt eger, the result of an application
of the function may be returned in a processor register.

The central point though is that pure functional languages do not provide means for the programmer
to address some issuesthat areimportant as regards execution efficiency. In contrast, most imperative
languages not only allow the programmer to address such issues but often require him so to do:

e The programmer must explicitly organize the use of storage.

e Fortran77 does not allow recursive functions, so the programmer must implement iteration
using loops (and possibly some storage stack mechanism).

e Many imperative languages restrict functions to return only scalar values. If afunction is to
compute a structured value, the programmer must explicitly provide a storage location for the
result.

That functional languages do not alow such fine granularity of control over the machine is not
a criticism: functional languages are designed with an entirely different philosophy. However, it
does seem the considerable effort necessarily devoted by programmers in the manual construction of
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an imperative program is likely to result in significantly greater efficiency that can be obtained by
compiling afunctional program.

Indeed, it isan open question asto whether any automated system can be as effective asaprogrammer
as regards efficiency of execution; but it is a tenet of this thesis that automated systems can be as
effective for at least certain classes of algorithms.

3.2 Imperative Implementations

When efficiency is of primary importance, an imperative language such as Fortran or Cis probably a
better choi ce of language than afunctional language: the closeness of imperativelanguagesto physical

implementation systems, which makes imperative languages ill-suited as algorithm specification
languages, does permit the implementation system to be controlled to the fine degree required to
obtain the best performance from the system. (i)

Thus, for specifying algorithms | use a functional language; for implementing algorithms, | use an
imperative language. The problem addressed here is, given afunctional specification, how to obtain
an imperative implementation. Typically, a programmer may proceed with the construction of an
imperative implementation in two ways:

e A programmer can construct an imperative implementation based directly upon the functional
specification: i.e. the textual contents of the specification are manipulated so as to produce an
implementation. In this scenario, the functional specification is the definitive statement of the
agorithm: the implementation is afaithful reflection, by construction, of the specification.

o Alternatively the programmer can use the functional specification to obtain an understanding
of the algorithm, and then somehow ‘come up with’ an implementation that faithfully reflects
that process. In this scenario, the functional specification’s role is as atool for informing the
programmer: the functional specification is a concise yet precise statement of the algorithm,
but thereis no direct link between specification and implementation. (i)

The merits of these two methods for producing an implementation are discussed below. But first, |
discuss implementation issues that must be addressed by the programmer, regardless of the method
used for implementation.

3.21 Implementation Issues

When constructing an imperative implementation of a functional specification, a programmer must
address severa (probably many) implementation issues, caused by the radically different natures of
the definition and implementation languages, and by performance criteria: examples of such issues
are discussed below.

Conversion from expression basisto statebasis The functional specification is expression based:
operations are denoted as pure functions and execution of the algorithm corresponds to eval uation of
the expressions. In contrast, the imperative implementation language is state-based: operations are
performed by altering the values of variables.

The programmer must establish a correspondence between the values computed by the expressions
and the values stored in variables. For example, suppose an algorithm repeatedly applies some
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function to a set of values!:
F(a,b,c) = F(a(a,b,c), p(a,b,c),v(a,b,c)) .

The programmer would implement this function as aloop, of which each iteration updates variables
a,bandc

(REPEAT (a,b,c) := (a(a b, c),f(a b, c),(a b, c)).)

If the implementation language does not permit the simultaneous assignment of multiple variables,
then the programmer must produce a sequence of single variable assignments. Since the functions
«a, (3 and v may make use of the values of any or al of the variables a, b and c, the assignments to
the variables must be performed in such a manner that each of the variables is overwritten only after
itsoriginal value is no longer required. Depending on the nature of the functions, it may be possible
to satisfy this condition by simply ordering the assignments to a, b and c; but in general additional
variables must be introduced in which the values of the function applications are stored until all of
the functions have been computed, when the values are copied into a, b and c.

Further, the implementation language may not permit the functions «, # and - to be denoted as
expressions; for example, Fortran does not permit conditional expressions, and does not permit
expressions to evaluate to structured values such as arrays. Then the programmer may have to
convert the function applications into statement sequences.

Implementation of Abstract Data Types If an agorithm manipulates abstract data types, the
programmer must implement the ADTs using whatever data types are provided by the programming
language. For example, the majority of numerical algorithms employ a vector, matrix or grid ADT,
which may be implemented in, say, Fortran using the array data type.

Several factors may affect the implementation of ADTs:

e The implementation language may not provide any module mechanism by which the abstract
nature of the algorithm data types may be maintained; then the concrete representation cannot
be isolated from the rest of the implementation and the programmer cannot enforce a suitable,
abstract interface to the ADT. The representation of the ADT becomes manifest throughout
the implementation: manipulation of the underlying representation of the ADT takes place at
each point in the program which usesan ADT operation, rather than being encapsulated within
the ADT itself. Such ubiquity of the representation of ADTs obfuscates the implementation
and hinders the implementation process. (It also hinders maintenance and extension of the
implementation.)

e Evenif amodule mechanism is provided by the implementation language, efficiency consider-
ations may require the programmer to eschew itsuse, and to manipulate directly the underlying
representation of an ADT (as described above) since the use of a module mechanism (even a
basic one such as subroutines) can decrease efficiency, partly by introducing overheads (e.g.
for the subroutine invocation mechanism), but more importantly by separating operations that
can be more efficiently implemented in a combined form.

For example, if a matrix ADT provides a routine to add two matrices, a natural way to add
three matrices is to invoke the subroutine twice: i.e. A ;= B+ C + D is implemented as
shown in figure 3.3(a), requiring two loop executions and an additional matrix (T) to store an
intermediate value. For some computational architectures, the pair of additions can be more
efficiently implemented asasingleloop which combinesthe additions, asshowninfigure 3.3(b).

1The function used in the example is non-terminating, but thisisjust an example!
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~N

rsubrouti ne add(A, B, R, mn)
real CALm ], B{m ], Qm ]
rea mn],B[mn],Cmn
DOi :=1,m
DOR{_:_: 1,n o
il r= AL JT+BL ]
END
END p .
RETURN integer mn
) r eal mn],B[mn
I nteger mn real a[mn],D[mn]
real mn,[B)[mn] DOi :=1,m
reaITmn. m n DOA{:zl,n
fea mn TS B0 14Ci L 1+Di |
T8 4B Cmn ENDII] [i,j]1+Ci,j]1+D0i,]]
A := add(T, D mn END
Figure 3.1: (@) Inefficient Figure 3.2: (b) Efficient

Figure 3.3: Two implementations of triple matrix addition

(Thisform is more efficient as the overheads for managing the loops have been reduced, there
isone fewer assignment to an array, and one fewer array variable isrequired.) The combination
of operations in this manner can be very important for the efficiency of numerical agorithms,
the magjority of which make extensive use of array operations.

Thus, although the use of amodule mechanism is usually desirable to facilitate construction of
the implementation, efficiency may require the direct manipulation of the concrete representa-
tion. Theinteraction of multiple operations of even asingle ADT can cause an implementation
to become quite intricate; if an agorithm uses multiple ADTs, the implementation can become
awash with minutiae.

e A simple, elegant representation of an ADT may not be the most efficient, therefore aprogram-
mer may choose a more complex, but more efficient, representation, causing a corresponding
increase in complexity of the implementations of the ADT operations. For example, asimple
representation of a matrix is atwo-dimensiona array, but a programmer may decide to ‘flat-
ten’ the array into one-dimension, as this can increase efficiency. Flattening can complicate
expressions though: for example, the (i, 5)** element of amatrix A of width m is denoted in
the two-dimensional representation asA(i, j ), butasA(i +(j - 1) *nj inthe one-dimensional
representation.

Implementation of recurson Many mathematical algorithms involve recursive computations.
Where possible, a programmer should, for reasons of efficiency, implement recursive computations
as simple loops manipulating afixed set of variables. For some types of recursion (e.g. tail recursion)
the conversion to simple iteration is straightforward; for other types of recursion (e.g. exponential
recursion, as occurs in the Fibonacci function, page 36), complex analysisis required; indeed, there
may not be be any systematic way to convert the recursion into iteration.

Storage management  If the size or number of data structures manipulated by an agorithm cannot
be fixed before execution of the algorithm, the programmer must implement some form of storage
management. A common Fortran programming technique is to alocate a large array of fixed size,
from which vectors and matrices can be dynamically allocated. As before, this implementation
technique is conceptualy simple, but it can give rise to cumbersome, intricate computations; the
implementation of such computations is error-prone.
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For example, suppose an algorithmisto multiply matrix A of sizem, xn, by matrix B of sizemy xn,
(with n, = my). The computation of the product may be implemented as

4 3\

i nteger MAXM MAXN

par aret er ( MAXM=??7?, MAXN=??27?)
real W MAXM MAXN)

i nteger nma, na, b, nb, nt, nc

i nteger wa, wb, wc

NN N
I
=

ggggéésaa
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| W E’: Wwe+ ) FWwa+ +( k- 1) * ma) * W wb* k+(j - 1) * mb)
\2 CONTI NUE

J

where A is stored in the first m,,.n, elements of the array W B is stored in the next my,.n; elements.
The product is amatrix of size m, xn; and is stored in the next m,.n, locationsin w

Vectorization and parallelization Many vector and parallel computer systems are programmed
using Fortran77. It isthe task of the compiler to interpret a Fortran77 program in such away asto
make efficient use of the computer’s hardware, to vectorize or parallelize the program. Thistask is
rather complex, so often a compiler will fail to vectorize or parallelize sections of a program that
nevertheless could be executed efficiently by the hardware. In such cases, a programmer may have
to reorganize sections of the program.

Often the burden of such reorganization is not that it is difficult, but that there is no alternative to
experimenting with different forms to discover which provides the best execution performance. For
example, the two loops

0O 2 i =L n Wiy too

ST o1l
LY IEU\E/’i)+A(i,j)*U(j) and 1\68\[)TIEUE(f)+A(f,J)*U(J)
2 CONTI NUE ) \ég\lzn‘UE(IHWI)

both implement the combination of matrix-vector product with vector addition (they compute the
vector A = U + W). They differ only in that the addition of one component of W is performed in
the first implementation before the inner loop, and in the second, after the inner loop. Yet this small
difference results in considerable difference in execution performance.

Process management  The programmer may have to organize processes and their communication
or synchronization.

For example, in adistributed memory system, one processor may require arow of amatrix stored on
another processor; the programmer would typically have to arrange the following:

Initialization Before any communication can be performed, some form of initialization must typ-
icaly be performed. This may involve, for example, alocating buffers for the communication
routines, assigning ‘ communication channels’ and setting routing options.

41



Implementation of Specifications 3.9 Implementation based Indirectly upon Speciticalion

Sending processor  The sending processor must copy therow into avector (because communication
routines normally require data to be stored in consecutive storage locations but, in Fortran, the
elements across a row are not stored consecutively). It must then call the ‘send’ routine,
specifying the vector, the size (in bytes) of the data to be sent and the destination of the data,
and possibly several other parameters such as which ‘communication channel’ to use, what
‘mode’ of communication (such as buffered/non-buffered, synchronous/asynchronous).

Receiving processor The receiving processor must call the ‘receive’ routine, specifying a vector
in which the dataisto be stored.

Depending upon the characteristics of the computer system, it may be important to overlap commu-
nication with computation, so rather than simply invoking the ‘send’ routine, the sending processor
must initiate a send and proceed with computation, checking at regular intervas if the send has
completed (assuming it has more datato be sent). The receiving processor must initiate areceive and
proceed with computation, periodically checking if the receive is complete, and perhaps waiting for
completion if it reaches a point in the computation that requires the data being received.

Summary

When constructing an imperative implementation of an algorithm from a high-level, abstract,
machine-independent specification, the programmer must address many implementation issues. For
each issue, he must choose some implementation technique. Often, the implementation techniques
are not conceptually complex, but their combination can cause an implementation to become difficult
to untangle.

3.3 Implementation based I ndirectly upon Specification

A programmer hasbeen givenafunctional specification of analgorithm andisto produceanimperative
implementation of the algorithm (that is consistent with the specification). He reads the specification
to obtain an understanding of the algorithm and sets about constructing an implementation based
upon this understanding (rather than based directly upon the specification), perhaps referring to the
specification for details.

The programmer may construct an implementation gradually, by first constructing an outline of the
implementation and then refining the outline into acompl ete implementation; or the programmer may
attempt an immediate construction, by constructing the final implementation complete in al details,
withno preliminary, outlineimplementations. These methods of implementation are discussed below.

3.3.1 Immediate Construction

For simple algorithms, a programmer may immediately construct an implementation based upon
the algorithm’s definition. For more complex agorithms though, there are several problems with
immediate construction:

o All mainimplementationissues, such asthose discussed above, are addressed simultaneously —
arather daunting prospect for non-trivial algorithms as, although most issues are conceptually
simple, their combination often results in intricate computations. It is often relatively simple
to construct an implementation that is correct in form, but ensuring the details are correct is
much more difficult. Thus direct, manual implementation is error prone.
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e The methods used to address al the implementation issues are manifest simultaneously in the
implementation. It can be difficult to decide from examination of the implementation itself,
what implementation issue caused a particular section to have the form that it does, or to
identify those sections that were influenced by a particular implementation issue.

For example, if aparticular array index expression is preventing the vectorization of aloop, it
may not be easy to identify why the expression has the form that it does, and if an aternate
form could be produced that would allow vectorization. Or if an alternative method for
addressing some implementation issue is proposed (say a different partitioning scheme for a
distributed memory architecture), it may not be easy either to identify the changes required in
the implementation, or to assess the impact of adopting the alternative (as regards execution
performance or the structure of the implementation). Similarly, if the algorithm is changed
significantly, adapting the implementation to correspond may be difficult.

e As explained in the previous section, for efficiency, a programmer may eschew the use of
modular programming to support a degree of abstraction in the implementation, in favour
of direct manipulation of concrete representations. One consequence of this is that methods
used to address implementation issues are manifest throughout an implementation. Thus,
adopting an alternative method to address an issue may require extensive changes throughout
the implementation. Performing all such changes manually is tedious and error-prone.

e Manual construction cannot be trusted to produce a correct implementation ab initio, but a
posteriori verification is difficult since an informal review is hindered by the mass of detail in
an implementation and a formal proof isimpractical for non-trivial programs due again to the
mass of detail and also due to the cumbersome semantics of state-based |anguages.

3.3.2 Top-Down Decomposition and Stepwise Refinement

Rather than construct an imperative implementation directly, a programmer may gradually construct
the implementation using stepwise refinement: the programmer initially constructs an outline of
the imperative implementation in which major operations are indicated (e.g. by name or by type
signatures) but not detailed, and in which most implementation issues are ignored; he then refines
the implementation by detailing each of the outlined operations individually and by incorporating
techniques to address the implementation issues. A complex operation may require several layers of
refinement: the major steps of the operation are outlined, then the major steps in each of these steps
are outlined, and so on, until the steps are considered simple enough to implement directly.

For example, aprogrammer may initially assumethat theimplementation language provides amodule
mechanism for defining ADTs, and construct hisinitial implementation using ADT operations:

real matrix[n,n] A B,C
A 1= B+C

If the implementation language does not provide a module mechanism, he may then refine his
implementation by replacing instances of the ADT operations with equivalent operations on the
representation:

real array(n n) A BC

DO 'z 1n . o
A[ i,j] i=Bli,jl+di,j]
END

END




Implementation of Specifications 3.9 Implementation based Indirectly upon Speciticalion

Similarly, a programmer may initially assume that all data may be referenced directly, then refine his
implementation for a distributed memory system by introducing communication where required.

The following observations may be made about stepwise refinement:

e The intellectual task of implementing an algorithm is simplified since a programmer need
consider only one operation or implementation issue at atime. |mplementation issues can not,
however, be considered independently: each refinement alters the implementation and such
alteration may need to be allowed for in successive refinements.

e It may be possible to formally prove that each refinement preserves the meaning of the im-
plementation (though thisis rarely attempted for complex algorithms implemented in widely
used languages). It should be easier (though probably even more tedious) to validate each
refinement than to validate the final implementation.

e Animplementation produced through top-down decomposition may be inefficient, due to the
separation of operations that can be more efficiently implemented when combined (see the
discussion on page 39).

o If refinements are to be performed entirely manually, then refining a non-trivial algorithm is a
tedious and error-prone task.

o It shouldbepossiblefor the programmer to maintain acopy of each version of animplementation
as refinements are performed, so that the entire ‘refinement history’ is available. Then, if a
different method for addressing some implementation issue is required, the programmer can
select an appropriate version of the implementation and begin a new refinement.

In practice, the maintenance of such arefinement history can be cumbersome and aprogrammer
ismore likely to refine aprogram by altering asingle document. Then, itisimpossibleto revert
to where a particular implementation issue was addressed, so if anew approach isrequired, the
entire refinement process may need to be started afresh.

3.3.3 Program Transformation and Derivation

Certain forms of refinements will be used over and over, so it is often worthwhile to generalize a
refinement by parameterizing it over program constructs (such as statements or variable names) to
form arefinement rule or transformation. For example, the transformation

X:=1if (p) then T else F
-

if (p)
then X :
else X:=F | )
where X isavariable, p, T and F are expressions

converts the assignment of a conditional expression into a conditional statement.
The advantages of developing transformations are:
e A transformation need be validated only once, rather than each timeit is applied.

o A transformation reduces the refinement process to the application of rules (requiring little or
no consideration from the programmer), and so reduces the possibility of error in application.

e Some transformations have the potentia for the programmer to be eliminated from the applica
tion process altogether. (Some transformations may require programmer guidance as to when
and where they should be applied, but the mechanics of application may still be automated.)
Thus, much of the tedium and potentia for error can be removed from refinement.
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o Particularly when transformations are automated, a programmer’s efforts are devoted to de-
veloping transformations that may be used for many refinements, rather than to performing a
single refinement.

e Asformal constructs, transformations themsel ves become amenable to formal analysis.
Transformations have some disadvantages:

e The implementation method is rather circumspect: every change made to a program is based
upon some formal rule that has perhaps been formally verified. It if often tempting to make a
change that is ‘obviously’ correct without generalizing the change into a transformation.

e An enormous number of applications of transformations are usualy required for non-trivial
algorithms, making refinement extremely tedious if performed manually. The number of
applications can perhaps be reduced by developing transformations that perform large scale
changes to a program. However, such transformations tend to be difficult to verify and also
tend to be very specific (resulting in an exponential growth in the number of transformations
with which a programmer is expected to be familiar).

When refinement is performed through transformations, it is often called derivation: the refined
version of a program is derived from some source version.

3.4 Implementation based Directly upon Specification

The use of program refinement and transformation, as discussed in the previous section, can help
improve the chances of an implementation being correct by introducing at least some formality into
the implementation process. However, the original source which is refined into an implementation
is produced informally: a programmer reads the functiona specification of an algorithm and then
produces some initial outline of an imperative implementation. There is no guarantee that the outline
implementation is consistent with the functional specification, and so no guarantee that the complete
implementation is consistent with the functional specification (only that it is consistent with the
outline implementation).

To ensure that an implementation is consistent with a functional specification, the implementation
process can be based directly upon the specification: the functional specification itself is used as
the source from which an implementation is produced by refinement or transformation. Thisis the
basis of the method used to produce implementations for this thesis: formal transformations are
automatically applied to afunctional specification to derive imperative implementations. Details of
transformations and the derivation process are discussed in following chapters. Here, | summarize
the merits of this method of producing implementations:

e Because the implementation process is based upon a functional specification, there is a direct
link between specification and implementation.

e A programmer develops an implementation method, encoded as transformations, rather than a
single implementation.

e Each implementation issue can be addressed by a separate set of transformations, thus simpli-
fying and providing some structure to the implementation process.

e Transformations are formal, and so potentially can be formally shown to preserve the meaning
of aprogram. If each transformation preserves the meaning of a program, then any number of
applications of the transformations must also preserve the meaning.
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In practice, most of the transformations used for this thesis are simple enough to be evidently
correct.

e Application is entirely automatic: a programmer selects a sequence of transformations and
initiates the derivation process — he has no further role in the process. Little effort is thus
required of the programmer to apply aderivation, and the possibility of an error occurring inthe
application of atransformation is reduced to that of there being an error in the transformation
system itself.

e Thederivation processitself isformal, and so there isthe possibility that it too can be formally
investigated (to prove completeness or termination, for example).

e Becausetransformations are applied by machine, it ismostly irrelevant how many applications
arerequired. Thereisthusnot the sametendency to amassahuge number of ever more complex
transformations as when transformations are applied manually.

e Again, because derivations are automatic, a simple solution exists to the problem of adapting
an implementation should a specification change: re-apply the derivation, to the modified
specification; or should a new method be required to address some implementation issue:
modify the derivation and re-apply.

That the application of transformations is entirely automatic may also be seen to be a disadvantage,
as it eiminates the potential to use human judgement directly in the implementation process; it is
thus an open question as to whether automatic transformation is entirely general .

3.5 Summary

Functional specification is a method for defining agorithms in a high-level, abstract manner that
facilitates understanding, reasoning and manipulation. But to obtain high efficiency from most of the
advanced computer systems available today, it is necessary to construct imperative implementations
in low-level, machine specific imperative languages.

When constructing an implementation, a programmer must address many implementation issues
caused by the discrepancy between specification language and implementation language. He may
choose to tackle all issues simultaneously, but such an approach is error prone and wasteful of
programmer time and effort, as each implementation must be started afresh.

Alternatively, the programmer can develop program transformations that address implementation
issues, and structure the transformations into program derivations. This approach has the benefit of
adding formality to the construction process, helping to improve the chances of the implementation
being correct and perhaps permitting formal analysis of the construction process. This approach does
though have the disadvantage of being very circumspect, so that if applied manually, it can be very
tedious and |abourious.

However, if derivation is performed automatically, then these disadvantages are irrdlevant. Thus, in
this thesis, the method | use to construct implementations from functional specifications is to apply
fully automatic program derivations directly to the specifications.
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3.6 Chapter Notes

i (page 35)
It may be, and indeed has been, argued that an assessment of an implementation based solely

upon execution performance is inadequate, as the assessment fails to take into account how
much programmer time and effort is required to produce and maintain an implementation: one
implementation may execute in half the time of another, but may also have taken ten times as
long to develop. In addition, the issue of reliability or correctness of an implementation should
also be considered: after al, it does not matter how quickly an implementation executes if the
results it produces are incorrect.

However, such arguments seem to hold little weight with those who make extensive use of the
types of algorithms discussed in thisthesis.

ii (page 38)
Of course, using a machine level language would provide an even finer degree of control the
implementation system, and there are occasions when a hand-crafted machine level imple-
mentation is considerably more efficient than a compiler Fortran implementation. However,
Fortran provides a much more convenient programming model than machine language, while
in general not introducing considerable overheads.

iii (page 38)

Indeed, it seems that often the implementation of an algorithm is undertaken with no precise
definition of the algorithm, only a general idea of the process carried out the the algorithm;
the programmer completes the details of the process as the implementation develops. Such a
method of implementationisnot hecessarily abad method, especialy if the person who specified
the algorithm is the same person who isimplementing the algorithm: its merit depends on just
what aspects are omitted from the initial understanding; some aspects are indeed relatively
unimportant and any reasonabl e implementation of those aspects will suffice.

However, it must then be asked whether the construction of an implementation is part of
computer science, or whether it isacraft.
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Chapter 4

Derivations and Transfor mations

For the work reported in this thesis, implementations are derived by applying transformations using
the TAMPR transformation system. Transformations are the basic tool of this system: a single
transformation typically causes some simple, local change to a program. More complex changes are
effected by grouping transformations into transformation sequences, and grouping transformation
seguences into derivations.

In thischapter, | discussgeneral aspectsof the TAMPR system and the notation | will usein therest of
thisthesisto denote transformations. | also discussthe structuring of transformations into derivations.
The purpose of this chapter is to provide some familiarity with the nature of transformations and
derivations and with the capabilities of the transformation system; this chapter is not intended as a
reference manua for TAMPR though.

The discussion is as follows:
e A very brief overview introduction to the TAMPR system.
e TAMPR transformations.
e Transformation sequences.

e Derivations.



Derivations and | ransformations 4.1 The IAMPR Transformation system
41 TheTAMPR Transformation System

The TAMPR transformation system [17, 18, 19, 20, 22, 21, 23] was developed by Boyle at Argonne
National Laboratory. One of the earliest applications of the system was for the automatic construction
of families of numerical routines, members of the families being designed for single- or double-
precision floating point operations, and real or complex arithmetic. It has also been used to construct
Fortran implementations from Lisp specifications for sequential, vector and multiprocessor systems.

4.2 TAMPR Transformations

A TAMPR transformation is a formal rewrite rule, consisting of a pattern and a replacement. For
example, the transformation

. sd.
X+0 ==> X
. SC.

has pattern x+0 and replacement x. (The symbols . sd. and . sc. designate the start and end of
the transformation: they, and other symbols enclosed in periods, are markers for the transformation
system rather than parts of the pattern or replacement. . sd. stands for "structural definition" and
. sc. for"structural change".) When atransformation is applied to a program by the TAMPR system,
sections of the program that match the pattern are substituted by the replacement. Application of
transformations is entirely automatic.

TAMPR transformations are defined in aformal, wide-spectrum grammar: i.e. agrammar designed to
permit the description of constructs that occur in awide range of languages (Fortran, Pascal, C, Lisp,
SML, etc.). A wide-spectrum grammar is useful when transforming between two radically different
languages (such as from pure functional to imperative) asit permits programs to (temporarily) exist
during transformation in aform that conforms to neither the source nor target language, but that has
aspects of both.

All of thework reported in thisthesisusesformal TAMPR transformations, but for clarity transforma-
tions are presented in an informal style, as the idea underlying the transformation is more important
than the precise syntactic detail srequired for an automated system. One danger in abandoning formal
notation isthe possibility of using someform that isbeyond the abilities of the transformation system;
aform that, for example, requires human reasoning to apply. To provide some understanding of the
capabilities of the TAMPR system, | discuss here the forms of transformations commonly used,
presenting both the informal and formal TAMPR forms.

4.2.1 Basic Transformations

The most basic form of transformation consists of a pattern and a replacement expressed using literal
strings and both terminal and non-terminal symbols. For example, the transformation

. sd.
[ <entity>"1"+<entity>"1" ==> 2*<entity>"1"}
. SC.

has pattern <enti ty>"1"+<entity>"1", in which <entity> is a non-termina symbol in the
language being transformed roughly corresponding to any expressionwhich does not contain operators
and inwhich + isaterminal symbol. Thelabel "1" onthe <ent i t y>sindicatesthat both <ent i t y>s
must match the same expression for the pattern as a whole to match.
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So the pattern matches expressions such as
1+1
(with<enti ty>"1" matching 1) and
f(g(x))+f (g(x))

(with<enti ty>"1" matching f (g(x))). The pattern does not match the expression 1+2 since the
two expressions 1 and 2 are different.

Thereplacement inthe abovetransformationis2* <ent i t y>" 1", inwhich<enti t y>" 1" represents
whatever expression was matched by <entity>"1" in the pattern. Thus, the above expressions
would be transformed as

1+1 ==> 2*1

f(g(x))+f(g(x)) ==> 2*f(9g(x))
As a second example, consider the transformation

. sd.
<entity>"1"+<entity>"2" ==> plus(<entity>"1",6 <entity>"2") }
. SC.

Since the labels on the <enti t y>s in the pattern are different, there is no requirement for the
expressions matched to be the same, though they may be. Thus, x+y would be transformed into
pl us(x,y), and x+x into pl us(x, x).

For most of this thesis, the general idea involved in a transformation is more important that the
precise syntactic form, so transformations will normally be presented in an informal style, with
letters representing non-terminal symbols. For example, the two transformations given above may
be written:

. sd. ) )
e+e ==> 2*e whereeisan expression
. SC.
. sd. )
el+e2 ==> plus(el, e2) whereel,e2 are expressions.
. SC.

Further, qualifications such as ‘where e is an expression’ will often be omitted when implied by
context.

4.2.2 Additional Forms of Transformations

The TAMPR transformation system provides several more advanced types of transformations, the
most useful of which are discussed briefly below.

Qualified Patterns

A pattern may be qualified by a second pattern, indicated as a pattern in braces. a qualified pattern
matches only if both patterns match. For example, consider the transformation

. sd.
<expr>"1" { <entit y>+<ent i ty>} +<entit y>"1"
—=>

r_)l_us( <expr>"1",<entity>"1")
. SC.
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wherethe<expr > non-terminal correspondsto an arbitrary expression. Here, <expr >" 1" will match
an expression only if that expression isthe addition of two <ent i t y>s.> Thus, the expression 1+2+3
would be transformed into pl us(1+2, 3).

I ndefinites

It isfrequently useful to test if apattern occurs anywhere inside another pattern; for example, to test
if an expression contains aparticular identifier. Anindefinite pattern can be used to detect such cases.
An indefinite pattern is indicated using question marks ("?"): for example, the pattern

| anbda <ident>"1" @<entity>"1" { ? <ident>"1" ? } end.

wheretheforml anmbda ... @ expressi on end isthenotation used for A-expressions, will match
a A-expression in which the body expression contains the bound identifier.

The indefinite pattern is{ ? <ident>"1" ? }; it quaifies the pattern <entity>"1". The two
combined may be read as "entity 1 of the form: an entity containing ident 1".

Thus, the full pattern would match
larbda x @g(f(x,y)) end
but would not match
|l ambda x @g(2) end.

If atransformation has a pattern containing an indefinite pattern, the replacement may also contain
an indefinite pattern of the same structure. A question mark in the replacement may be thought of as
representing whatever was matched by the corresponding question mark in the pattern. For example,
the transformation

. sd.
| anbda <ident>"1" @<entity>"1" { ? <ident>"1" ? } end (<ident>"2")
==>
| ambda <ident>"1" @<entity>"1" { ? <ident>"2" ? } end (<ident>"2")
. SC.

in which the bound identifier of a A-expression is bound to a second identifier, would replace one
instance of the bound identifier with that second identifier. Thus, the expression

lanbda x @g(f(x,y)) end (y)
would be transformed into
lanbda x @g(f(y,y)) end (y).

In informal notation, indefinites, and qualified patterns in general, will normally be indicated using
English comments. For example, the pattern

| anbda <ident>"1" @<entity>"1" { ? <ident>"1" ? } end
may be written informally as

Ax-e where e contains X.

LAlthough <expr >"1" and<ent it y>"1" havethesamelabel," 1", thereis no requirement for them to match
the same expression, since they designate different syntactic classes.
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Exclusions

It can be useful to apply atransformation only when a pattern fails to match; for example, when a
A-expression has abody expression which does not contain any instances of the bound identifier. An
exclusion pattern can be used to specify that a section of a program must fail to match a specified
pattern. Exclusions areindicated using the. di fferi ng from marker. For example, the pattern

<expr>"1" .differing from {<entity>"1"+<entity>"2"}

would match any expression that was not the addition of two <enti t y>s. For example, it would
match 2* 3, but would not match 2+3.

Matching a A-expression with abody that does not contain the bound identifier may be performed by
combining an exclusion with an indefinite pattern. So the transformation

. sd.
| anbda <i dent >"1" ) .
@<expr>"1" .differing from { <expr>{ ? <ident>"1" ? } }
end (<expr>)
==>
<expr>"1"
. SC.

would reduce such a A-expression into just the body expression. The pattern of this transformation
may be interpreted as follows:

e The bound identifier of the A-expression is matched by <i dent >" 1" .

e <expr>"1" matches the body expression, which must not be of the form: an expression
containing <i dent >"1".

e Thebound value is matched by the final <expr >. This pattern does not have alabel sinceitis
not used in the replacement and is not required elsewhere in the pattern. (i.e. it does not need
to be correlated with any other pattern in the transformation.)

Exclusions will normally be indicated in informal transformations using comments. For example,
the above transformation may be written

. sd.
Ax-B (e) ==> B where B doesnot containx.}
. SC.

Sub-transformations

Many transformations are such that they should only be applied in a certain context. In such cases,
the context is provided by defining a main transformation (as explained above) and applying a sub-
transformation to the replacement of the main transformation. For example, the g-reduction of a
A-expression (in the absence of name-clashes) can be performed by replacing with the bound value
all instances of the bound identifier in the body of the expression. A transformation to perform this
is:

. sd.
| anbda <ident>"1" @<entity>"1" end (<entity>"2")
==>
<entity>"1" { .sd. <ident>"1" ==> <entity>"2" .sc. }
C.

When this transformation is applied, a A-expression is replaced with its body expression, modified
by applying the sub-transformation <i dent >" 1" ==> <entity>"2".
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Informally, this transformation may be written:

. sd.
[ Ax-el (e2) ==> el { .sd. x ==> e2 .sc. }}
. SC.

though in the case of 3-reduction, standard A-calculus notation is used:

{.sd. }
Ax-el (e2) ==> el [e2/X]
. SC.

Provisional Transfor mations

Sometimes the simplest way to detect if atransformation should be applied to a program section, is
to provisionally apply the transformation and analyse the result, by matching it against some pattern
(such asthe original program section).

For example, consider again the example of a A-expression in which the body does not contain the
bound identifier. Such an expression can be detected by replacing all occurrences of the bound
identifier in the body expression and then comparing with the original body expression; if the two are
the same, then the body cannot have contained the bound identifier.

This process can be performed by TAMPR using aprovisional transformation, or where clause:

( )
. sd.
| anbda <ident>"1" @ <expr>"1" end (<expr>"2")
. wher e.
<expr>"1" { .sd. <ident>"1" ==> <expr>"2" .sc. }
.is matched by.
<expr>"1"
==>
<expr>"1"
. sC.
| J

The where clause is introduced by the . wher e. marker and consists of everything in braces fol-
lowing the marker. The clause applies a transformation to some program section (in this exam-
ple, <expr>"1") and then checks if the result can be matched by a pattern specified after the
.is matched by. marker (in this example, the pattern is <expr>" 1", but in genera the pattern
can be any valid TAMPR pattern). If that match succeeds, the main transformation is applied (re-
placing the entire A-expression with just <expr >" 1"); if the match fails, the main transformation is
not applied, and the transformation as awhole is considered not to have been applied. The reasoning
underlying this exampleis: if al occurrences of the bound identifier are replaced by the bound value,
and there is no change, then the A-binding is redundant.

Summary
The forms of transformations discussed above constitute almost the entire repertoire of the transfor-

mation language. All the transformations used in the work reported in this thesis were constructed
using only (combinations of) these forms.
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4.3 Transformation Sequences

Often, several transformations are designed to be applied together, either because they are closely
related conceptually or becausethey form amutually recursive set (i.e. the output of onetransformation
in the set can be matched by the pattern of other transformations in the set).

In particular, many of the constructs in the grammar are defined recursively and transformations for
manipulating recursive constructs naturally form ‘base case'/‘recursive case' pairs. For example,
in the wide-spectrum grammar used for this thesis, the non-terminal <expr i st> is a comma
separated list of one or more <expr >s, defined as
<expr list> ::= <expr list> <expr>
| <expr>

Manipulation of <expr |i st>s thus often requires two transformations. one transformation for
processing an <expr |i st > that is a single <expr >; and a second transformation for processing
longer <expr |ist>s.

In such cases, the transformations can be grouped together as a transformation sequence, indicated
by enclosing transformations in braces. The application of a transformation sequence is performed
by exhaustively applying each transformation in the sequence until none of the transformations can
be applied.?

For example, the following transformation sequence performs S-reduction on multiple-argument
A-expressions (assuming no name-clashes and assuming no A-expression is partially applied®):

( R

. sd.
[ anbda <ident>"1" @ <expr>"1" end (<expr>"2")

==>
<expr>"1" { .sd. <ident>"1" ==> <expr>"2" .sc. }
C.
. sd. _ _
| anbda <expr list>"1", <ident>"1"
@ <expr>"1"
end (<expr list>"2", <expr>"2")
==>

| ambda <expr list>"1"
@1 anbda <ident>"1" @<expr>"1" end (<expr>"2")
end (<expr list>"2")

. SC.

. J
Thefirst transformation appliesto a‘base case’, where the A-expression has asingle bound identifier.
The second transformation applies to ‘recursive cases’, converting a A-expression with multiple
bound identifiersinto anest of A-expressions, each with asingle bound identifier, by stripping off the
trailing <i dent > and <expr > into a new A-expression.

These two transformations are closely related and also form amutually recursive set: an application
of the second clearly creates an expression that can be transformed by the first transformation and
possibly the second; and if one of the bound values is an open applied \-expression, the first
transformation may create an expression that can be transformed by either thefirst or the second. For
example:

2The transformations form a sequence rather than a set because their order is important, as discussed in the following
section.
3A function is partially applied when the number of actual arguments isless than the number of formal arguments.
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Ax, f-f(2,x) (a, Ay, z-y*z)

==> by the second transformation

MCAFF(2,x) (Ay,zy*z) (a)

==> by thefirst transformation

AX-AY, zy*z (2,x) (a)

==> hy the second transformation

AX-AY-AzZ-y*z (x) (2) (a)

==> by thefirst transformation

AX-AY-y*x (2) (a)

==> hy thefirst transformation

AX-2% X &a) ] ]

;:> by the first transformation
*a

431 Traversal Order

There are some occasions when it isimportant to consider the application order of the transformations
which constitute a transformation segquence.

A program is parsed into atree according to awide-spectrum grammar. The TAMPR system iterates
over this tree, applying a transformation sequence. Applying a transformation sequence implies
applying each transformation in the sequence, in the order that they occur: the first transformation
whose pattern matches is the one that is successfully applied. What happens once a transformation
has been successfully applied depends on the traversal order.

The traversal order is one of three basic modes designated as*, 1 and down.

* In* mode, TAMPR startsat thebottom of the parsetree and attemptsto apply the transformation
sequence. If application fails, it moves up the tree, and continues moving up until application
succeeds, when traversal begins again at the bottom of the tree. Application terminates only
when TAMPR makes a complete traversal of the tree without applying any transformation in
the sequence: thus, on termination, it is guaranteed that no part of the program is matched by
any of the patterns in the transformation sequence.

1 In 1 mode, TAMPR behaves as in * mode, except that when a transformation is applied,
TAMPR attempts to re-apply the transformation sequence at the same level in the parse tree,
rather than restarting at the bottom of the tree.

down Thedown modeissimilar to 1 mode, except TAMPR begins at the top of the tree and moves
down when application of the transformation sequence fails.

The 1 and down modes can befurther qualified at theindividual transformation level: atransformation
can be marked to indicate that when it has been applied successfully, TAMPR should move to the
next level of the treg, rather than re-applying at the same level.

Most transformation sequences use the* mode, to ensurethat all occurrences of apatterninaprogram
are transformed. Transformation sequences can always be written so that * mode can be used, but
sometimes termination of the application processis more easily obtained by using mode 1 and, rarely,
the modified mode. Mode down is used when it isimportant to match outer occurrences of a pattern
before inner occurrences.

4.4 Summary of Transformations

The basic points about transformations may be summarized as follows:
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e A transformation isarewrite rule, consisting of a pattern and a replacement.

The pattern and replacement describe program sections using syntactic classes drawn from a
wide-spectrum grammar.

Transformations to be applied by TAMPR are grouped into transformation sequences.

TAMPR applies each transformation in the sequence in order.

Application is usually exhaustive.

When devel oping transformations, it isimportant to remember that the TAMPR system is essentialy
atree manipulator with powerful tree matching abilities; it isnot atheorem prover, so any ‘reasoning’
that is to be performed about a program must be represented explicitly in the program (using some
notational convention). Transformation sequences are often designed first to make explicit some
informationthat isimplicitinaprogram, or to recast informationinto aform morereadily manipul ated;
then to make use of the information; and maybe to remove the information if it is no longer required.

45 Derivations

A transformation sequence is normally designed to perform some specific, relatively simple task,
such as g-reduction in the absence of name-clashes. Larger tasks are accomplished by applying a
seguence of transformation sequences, called a derivation.

For example, amore useful form of S-reduction than that previously discussed would allow for name-
clashes. Also, for some purposes, it would be useful if 5-reduction were more selective: for example,
expressions involving applications of program defined functions should normally not be reduced as
reduction often results in an unacceptable increase in the size and computational complexity of a
program. Thus, practical -reduction might be performed as follows:

Mark applications of program defined functions
After this stage, expressions that should be reduced are distinguished from expressions that
should not be be reduced.

Perform «-conversion
After this stage, there are no name-clashes.

B-reduce
Reduceall applied A-expressionsinwhich the bound val ue does not contain the mark introduced
by thefirst step

Remove marks

After thisstage, all applied A-expressions remaining have bound values containing (potentially)
computationally expensive expressions.

Each of these steps may correspond to one or more transformation sequences. A program devel oper
constructs the derivation by listing the transformation sequences in the order in which they are to be
applied; the transformation system applies the derivation by applying each transformation sequence
once, inturn; that is, each transformation sequence is applied once, though the transformations within
each sequence are applied exhaustively.

Thus, when constructing a derivation to perform some task, it is necessary to split the task into
a sequence of steps, each with a well-defined objective that can be implemented as one or more
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transformation sequences. Many of the steps will be designed to simplify some main step by
enforcing some convention or by introducing some local notation that makes explicit information
required for the main step.

45.1 Sub-derivations and I ntermediate Forms

If aderivation isto achieve someradica change in aprogram, then it may be convenient to consider a
derivation as asequence of sub-derivations, each of which isasequence of transformation sequences.
The overall change is then decomposed into a sequence of simpler changes: the program progresses
from theinitial form through a sequence of intermediate forms to the final form.

Asan example of afairly complex derivation, | will here consider the conversion of asimple program
in afunctional form (the A-calculus) into an equivalent Fortran program. The discussion is based
upon [20], which gives adetailed justification for the approach.

For ssimplicity, | assumethat the only datatypes areinteger and boolean, and that booleans occur only
in the predicates of conditionals. As an example program, | use factorial:

fun fac = Anif (eq(n,0)) then 1 else times(n,fac(difference(n,1)))
fun init = ANX-wite(f) (fac(N)) (read_integer).

The transition from referentially transparent, recursive, expression-based A-calculus to state-based,
non-recursive Fortranisquite acomplex problem. Tosimplify the problem, thetransitionisperformed
in four main stages by sub-derivations, each of which isimplemented as a sequence of transformation
sequences.

Each sub-derivation creates an intermediate form for a program:

¢ Recursive ‘Fortran’
The transition is made from an expression basis to a state basis: i.e. variables are introduced.
After this stage of the derivation, the program isimperative in nature. However, functions may
be applied recursively, contrary to the Fortran77 standard.

¢ Recursive parameterless Fortran
Recursive functions are converted into recursive parameterless subroutines by introducing a
stack for function arguments, local variables and return values.

e Non-recursive Fortran
Recursive subroutines are converted into non-recursive routines by introducing GOTGs to direct
execution. The subroutine structure now serves no purpose, so the subroutines are concatenated
to form a single program unit.

e Standard Fortran77
Functional notation is converted into Fortran notation and various aspects are ‘ cleaned up'.

The stages are described in detail below.

Recursive Fortran

Consider a A-calculus function such as

(fun fac = Aniif (eq(n,0)) then 1 else tines(n,fac(difference(n,1))))
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In aFortran function, the function identifier is treated as a variable which stores the return value of
the function. Thus, a pseudo-Fortran equivalent to the A-calculus function is:

function fac(n)
fag = An-if (eq(n,0)) then 1 else tinmes(n,fac(difference(n,1)))
en

Fortran does not have aconstruct for conditional expressions so theassignment tof ac isimplemented
as aconditional statement:

function f
if (eq(n,O
then fac =
el se fac =
endi f

end

i mes(n, fac(difference(n,1)))

Expressions such as conditional expressions and applied A-expressions are referred to here as non-
primitive expressions. In general, anon-primitive expression isimplemented as a statement sequence
in Fortran, with variablesintroduced to store the value of the expression. Implementing non-primitive
expressions is the main issue in this stage of the derivation.

The derivation proceeds as follows:
o Non-primitive expressions are identified by introducing identity A-expressions; that is, A-
expressions of the form Ax-x (€).
o All X-expressions (not just identity A-expressions) are propagated out of primitive expressions;
for example:

. sd.
[ Stirres(/\x-x (e),3) ==> Ax-tines(x,3) (e).J
. SC.

Any identity A-expressions remaining after propagation are reduced.

The purpose of this propagation is to ensure that no non-primitive expression occurs as an
argument to a primitive function, so that later transformations need only examine the ‘outer’
level of expressions in assignments to convert non-primitive expressions.

e The Fortran convention of assigning the return value of afunction to the function identifier is
introduced.

o If the right-side of an assignment is a nhon-primitive expression, it is implemented appropri-
ately: a conditional expression is implemented as a conditional statement; a A-expression is
implemented asapair of assignments (thefirst to assign the bound value to the bound identifier;
the second to assign the body of the A-expression).

The form of the fac function after this stage of the derivation is shown in figure 4.1. The
bl ock ... end construct allows variables to be introduced at any point in a program.

Recur sive Par ameterless Fortran

The main implementation issue in this stage of the derivation is converting recursive functions
into recursive parameterless subroutines by introducing a global stack for the formal arguments to
functions, local variables and return values.

The derivation proceeds as follows:
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==>
i nteger function fac(n)
if (eq(n,0)) then
fac =1
el se
bl ock
i nteger t2
t2 = fac(difference(n,1))
fac = tinmes(n,t2)
end
endi f
\end )

Figure 4.1: Recursive Fortran form of the factorial function

simplifies the replacement of local variables by stack components.

Local blocks are removed by moving all declarations to the top of function definitions. This

The formal arguments of afunction are removed and the function converted into a subroutine.

Instances of the arguments in the function’s body are replaced with references to the stack.

Thelocal variables of afunction are replaced with stack references.

with assignments to the appropriate component of the stack.

Assignmentstothefunctionidentifier (which designatesthefunction’sreturn value) arereplaced

Applications of program defined functions are replaced with subroutine calls, with arguments

placed on the stack before the call and the result removed from the stack after.

r

\

==>

subroutine fac

if (stack(p-2)=0) then
stack(p) =1

el se
stack(p+1+1)
p = p+l+1+2
call fac

p = E-l-l-z

stack(p+1l) = stack(p+1+1+2

stack(p) = tines(stack(p-2),stack(p+l))
engif
en

= difference(stack(p-2),1)

~\

J

Figure 4.2: Derivation to recursive parameterless Fortran of the factoria function

Figure 4.2 showsthe f ac function at the end of this stage of the derivation.

Non-recursive Fortran

The main implementation issue remaining is the removal of recursive subroutines. This removal is
achieved by replacing each subroutine call with a statement that places a return address on the stack
and a GOTO which transfers execution to the start of the body of the subroutine; on completion of
the subroutine, the return address is popped off the stack and used in a computed GOTO to return
execution to the point after the subroutine call. (A computed GOTO has theform GOTO v wherev isa
variable which stores a statement label; execution istransferred to the statement marked by the label.
A statement label L isassigned to avariable v using the command assign L to v.)

The derivation is as follows;
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=-=>
subroutine init
read(stack(p))
p = p+1+1
assign 1 to stack(p-1)
goto 2

1 conti nue
p=p-1-1
mx|teSstack(p+1+1))
goto 100

2 conti nue
if (stack(p-2)=0) then
stack(p) =1
el se

p = p+l1+1+2
assign 3 to stack(p)
goto 2

3 conti nue

st ack

endi f

goto stack(p-1)
100 conti nue

end

|

stack(p+1+1) = stack(p-2)-1

p = E-l-l-z
stack(p+1l) = stack(p+1+1+2
p) = tines(stack(p-2

g,(stack(p+1))

J/

Figure 4.3: Derivation to non-recursive Fortran of factoria function

Mark the start of each subroutine with a statement label.

Replace each subroutine call with a GOTO to the appropriate label, marking the point after the
call with alabel and placing that label on the stack.

At the end of each subroutine, insert acomputed GOTOthat returns execution to the point in the

program marked by the statement label on the stack (placed there by the previous step).

Since the scope of a statement label is restricted to the program unit (subroutine) in whichiitis

defined, the program units must be concatenated into a single unit for the GOTCs to be valid.

Figure 4.3 shows the program after this stage of the derivation.

Standard Fortran77

The final stage of the derivation performs some ‘cleaning up’; for example:

o declaring the stack and stack pointer and converting instances of the | F- THEN- ELSE- ENDI F
control construct into GOTGs (so removing the jumps into and out of conditional statements
created in the previous stage; some people find such jumps disturbing);

e converting some notation to ensure compatibility with the Fortran77 standard — such as
converting prefix functions into infix operators and converting applications of the el enent

function into Fortran's bracket notation.

This stage of the derivation is straightforward, so | do not discuss it in detail. The final program is

shown in figure 4.4.
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==>
program init
par amet er (st acksz=10000)
I nteger stack(stacksz)
i nteger p

p=
read(stack(p+1))
p = ptl+l
assign 1 to stack(p-1)
goto 2

1 conti nue
p=p-1-1
VW|te(stack(p+1+1))
goto 100

2 conti nue
i f (stack(p 2) =0) then
stack(p)
goto 4
endi f
stack(p+1l+l) = stack(p-2)-1
p = p+1+1+2
assign 3 to stack(p)
goto 2
3 contlnue
E 1-1-2
stac §p+1) = stack(g+1+1+2L
stack(p) = stack(p-2)*stack(p+1)
4 conti nue
goto stack(p-1)
100 conti nue
end

\ J

Figure 4.4: Final Fortran77 implementation of the factorial function
46 Summary

A complex derivation from some initial form to some final form can be structured into a sequence of
sub-derivations; each sub-derivation creates an intermediate form, with the sequence of forms leading
gradually frominitial tofinal form. It istheidentification of asuitable sequence of intermediate forms
that may be viewed as the most important aspect of derivations. Each sub-derivation may be further
structured into low-level sub-derivations, each of which creates afiner level of intermediate form.

Ultimately, a sub-derivation is structured as a sequence of transformation sequences. Each trans-
formation sequence typically performs some well-defined task required for the transition from one
program form to the next.

A transformation sequence consists of one or moretransformations which perform the actual rewriting
of the program. Each transformation is typically quite ssmple. The power of derivations lies in the
transformation system performing many applications of simpletransformations, and in the structuring
of transformations into transformation sequences, sub-derivations and derivations.
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Chapter 5

AMT DAP 510 Derivation

In previous chapters | have discussed the principles of functional specification and program derivation.
In this chapter, | demonstrate the application of these principles to the derivation of implementations
for the AMT DAP 510 array processor. | use matrix-vector multiplication as an example.

The discussion is as follows:
e The functional specificationin SML of matrix-vector multiplication.

e A description of the target environment: the AMT DAP 510 array processor, programmed
using Fortran Plus Enhanced.

e A preliminary derivation upon which the SML to Fortran Plus Enanced derivation is based.

o Extension of this preliminary derivation.
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5.1 Introduction

In previous chapters | have discussed the general principles of functional specification and program
derivation. Functional specifications may be of value in themselves, asameansfor formally express-
ing and investigating algorithms, but | believe their value would be greatly diminished if it were not
possible to derive efficient implementations from such specifications. Whether or not thisis possible
in general is still an open question.

A demonstration of feasibility was performed by Boyle and Harmer [22], who derived an efficient
implementation for aCRAY vector system of aCellular Automataal gorithm from aLisp specification.
In this chapter, | discuss a derivation for arather different architecture — an AMT DAP 510 array
processor — and using a different specification language.

The DAP was chosen as the target machine for several reasons

e An efficient DAP implementation of an algorithm must use operations that are very specific
to the architecture; given that a specification is independent of architecture considerations, the
production of an efficient implementation is not trivial.

e The data-paralldl subsets of the diaects of Fortran used to program the DAP provide pro-
gramming models that are well-defined and well-matched to the architecture. (In contrast, the
programming model provided by Fortran77 is both ill-defined and ill-suited to many architec-
tures for which it is used, such asthe CRAY vector architecture.)

o Array processors are commonly used by numerical mathematicians. In addition, programming
models, particularly the so-called Single Program Multiple Datastream (SPMD) model, similar
to the whole-array programming model used for the DAP are being employed for other archi-
tectures (through languages such as Fortran90 and High Performance Fortran; | anticipate that
the derivation developed for the DAP will be suitable for extension to those languages).

e The POT agorithm (defined earlier) had been implemented (manually) on the DAP; the hand-
coded implementation provided a measure for the efficiency of any derived implementations.

In summary, the DAP is a system that is of practical importance to practitioners of numerical
mathematics and that provides an interesting and challenging target for derivation.

The functional specification of the POT and Conjugate Gradients algorithms were discussed earlier;
the derivation of implementations of those algorithms for the DAP is discussed in the following
chapter. However, those algorithms are rather too complex to serve as introductory examples for the
DAP derivation, so instead | use matrix-vector multiplication:

e Matrix-vector multiplication is ubiquitous in numerical mathematics: its efficient implementa-
tion is central to the efficient implementation of many linear algebra agorithms.

e The derivation of matrix-vector multiplication illustrates many of the principles required for
larger examples, while still being concise enough to be easily followed.

Thus, in this chapter | discuss in detail each stage of the derivation that produces implementations
for the DAP from SML specifications. To illustrate the derivation, | trace the derivation of a DAP
implementation of matrix-vector multiplication from an architecture independent SML specification.
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5.2 Functional Specification of Matrix-Vector Multiplication

The multiplication of a matrix of real numbers and a vector of real numbers is a commonly used
operation, so it is provided in alibrary of routines that can be used by a programmer in ignorance
of the details of their implementation. For illustrative purposes, the definition of matrix-vector
multiplication is shown in figure 5.1, along with several functions required by the definition.

( \

structure realarray = struct
open array;

fun times(Aireal array,B:real array):real array
= map(A B, real .tinmes);

fun sun{A:real array):real
= fold(A real.plus,0.0);

fun innerproduct (A real array,B:real array):real
= sum(times(A B));

fun Fvnult(A:reaI matri x, V:real vector):real vector
= let
~val mint = dinmAO0)
in

generate(n]fn(i:int):>innerproduct(rom(A,i),V))

en

fun Pultiply(A:reaI array,B:real array):real array
= let

shape. rank(A);
shape. rank(B

val ra:int
~val rbrint
in
if (ra=1 andal so rb=2) then vmmult (A B)
else if (ra=2 andal so rb=1) then nvnul t (A B)
gl se mmul t (A, B)
end;

énd;

.S'[I'UC'[UI’E op = struct

fun eq .
= overl oad(integer.eq,real.eq, bool.eq);
fun times . _ _ _
q = overload(integer.tines,real.tinmes,realarray. multiply);
end;
open op;

g*An_ex_am le of using matrix-vector mult.*)
un Inlt n:int):real vector
= let
val Areal matrix = read_matrix([n,n]);
val V:real vector = read_vector([n])

Figure 5.1: SML specification of matrix-vector multiplication

e The functional specification defines a value, that value computed by the ‘driver’ function
i ni t. Thevalue computed isthe product of matrix A and vector V, where the values of Aand vV
are unknown until program execution (as indicated by ther ead_vect or andread_mat ri x
functions).
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e The product of A and V is denoted as A*V. The * operator is the infix equivalent to the prefix
function op. ti mes (that is, the function t i mes defined in the structure op).

e Inthe op structure, the function t i mes is defined as being overloaded onto the functions®

i nteger.times which performsinteger multiplication;
real . times which performs multiplication of real numbers;

real array. mul tiply which performs matrix-vector or matrix-matrix multiplication ac-
cording to the dimensionalities of its arguments.

Thus, the function name op. ti nes represents several functions: the overloading is resolved
(i.e. which of the overloaded functions isto be used is determined) using type information.

e The important component of this overloading for this example isreal array. nul tiply,
defined in the real array structure. This structure is based upon the array structure (as
indicated by the open ar r ay statement at the beginning of the structure): that is, all the types
and functions defined in the ar r ay structure also form part of ther eal ar r ay structure. The
latter does though define additional functions suited only to arrays of real numbers.

e Thenul ti pl y function determines whether to perform matrix-vector, matrix-matrix or vector-
matrix multiplication based on the dimensions of its arguments.? For matrix-vector multiplica-
tion, the function mvrmul t is used; this function defines the product as a vector of length equal
to the number of rowsin the matrix (di n( A, 0) ) with each element given by the inner-product
of arow of the matrix with the vector argument.

e The remaining functions are a straightforward definition of inner-product as the sum of the
elementwise product of two vectors.

It isimportant to remember that a programmer would normally be completely unaware of the details
of these structures: he would simply use the * operator to perform various types of multiplication.

The specification of MVM is an abstract specification: it is independent of any particular computa-
tional architecture and isintended to be simple to understand.

5.3 Target Environment: Fortran Plus Enhanced on an AMT DAP 510

The AMT DAP 510 isa Single Instruction Multiple Datastream (SIMD) system, consists of a 32 by
32 grid of processing elements controlled by a single master processor (see figure 5.2).

The master processor — essentially aconventional 32 bit processor with some additional components
for controlling the operations of the processing elements — performs most of the scalar calculations.
The processing elements, which are single bit processors, perform the parallel processing operations.
The master processor issues instructions to the processing elements, which all obey the instruction
simultaneously. The master processor may also issue data to the processing elements.

Each processing element has its own loca memory to which it has direct access; no processing
element has direct access to the memory of any other processing element. In general, in a given

1These are the functions relevant to this example; the overloading is actually somewhat more extensive, including, for
example, the multiplication of an array by a scalar.

20verl oading cannot be used hereasthetypesvect or andmat r i X areindistinguishable: they areboth abbreviations
forarray.
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Figure 5.2: DAP processor grid

operation, all processing element access the same component of their respective memories. Thus, the
memory of all the processing elements may be thought of as consisting of a sequence of planes, the
kth plane being the collection of the & component of each processor’s memory; and the processor
grid can be thought of as performing operations on these memory planes. (Seefigure 5.3.)

Processing element (i,j)

<> O
- <=
<= <
<~
<~
O Memory element (i,j)

in memory plane k

Figure 5.3: DAP memory planes

When a processing element requires a value stored in the memory of another element, it must obtain
the value through a communication mechanism: each processing element is connected to its four
nearest neighbours in the grid, an element on an edge being connected to the corresponding element
on the opposite edge (directions on the grid are designated as north, south,east and west); al the
processing elements can simultaneously obtain a value from one neighbour, though the direction of
the neighbour is the same across the entire grid.

In addition to the nearest neighbour connections, the DAP hardware supports three broadcast mech-
anisms which can be used to duplicate values acrossthe grid. A single scalar value can be broadcast
to each processing element, or a set of 32 scalar values (called avector) can be broadcast to each row
or to each column of the grid. (Seefigure 5.4.)

Column broadcast Row broadcast
111|111 1({2|3|4

AW DN

212|2
3133
41414

PR R

[»]e[~]r]

Figure 5.4: DAP broadcasting to rows and columns

Although the processing elements are single bit processors, the hardware supports certain operations
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for manipulating datawhen each datum isrepresented using more than one bit. Such dataare storedin
memory in either vertical or horizontal mode: in vertical mode, successive bits of adatum are stored
in successive memory planes — each plane thus contains one bit for each of 32 by 32 components
of the data; in horizontal mode, (up to 32) successive hits of a datum are stored across a row of a
memory plane — each plane thus contains bits for up to 32 components of data.

The processor grid can perform parallel operations utilizing both these storage modes. For example,
in horizontal mode, the processor grid or a memory plane can be interpreted as containing 32 integer
values (where each integer is represented using 32 hits). The processor grid can perform in parallel
32 additions between corresponding integers in the processor grid and a memory plane. Similarly,
in vertical mode, the processor grid or a memory plane can be interpreted as representing 32 by
32 boolean values (where each boolean is represented using 1 bit). For example, the hardware can
perform 32 by 32 conjunctions in parallel.

Associated with each processing element is an activity register which controls whether or not the
element participates in certain operations. The activity mask (that is, the grid of 32 by 32 activity
registers) can be set under program control and can thus be used to implement conditional operations.

The DAP hardware al so supports reduction operations (such as summation and conjunction) over the
entire processor grid, and along only the rows or columns (to produce a vector of values).

5.3.1 TheDAP Software

The DAP can be programmed in several languages.

DAP assembler The machine level language. Since the processing elements are single bit proces-
sors, using solely DAP assembler would require manipulation at extremely low levels.

Fortran Plus A superset of Fortran77 with support for data-parallel operations on one and two
dimensional arrays of size equal to the size of the grid of processing elements: that is, a vector
of size 32 or amatrix of size 32 by 32.

Fortran Plus Enhanced Similar to Fortran Plus, but allows vectors and matrices to be any size
(restricted only by available memory). The compiler automatically sections large arrays: i.e.
it divides an array that islarger (in either dimension) than the processor grid into regions the
same size as the processor grid.

For thisthesis, | chose to use Fortran Plus Enhanced as it provides the most convenient programming
model, permitting vectors and matrices of any size are processed in a data-paralel manner. An
investigation reported in [26] showed that while Fortran Plus Enhanced could equal Fortran Plusin
performance for common operations, Fortran Plus can give superior performance for less common
operations. It would be interesting to extend the derivation presented here to derive Fortran Plus
implementations, by explicitly sectioning vectors and matrices, but that isatopic for later work.

5.3.2 Fortran Plus Enhanced

Fortran Plus Enhanced (FPE) is based on Fortran77, but contains extensions that allow the processor
grid to be used. These extensions are based on two data types. Vector and Matrix. A Vector is a
one-dimensiona array of Scalars, a Scalar being a floating point number, an integer or a boolean; a
Matrix is atwo-dimensional array of Scalars.

67



AM T DAPS10 Derivation 0.5 Target Environment: Fortran Plus Enhanced onan AM 1 DAP 010

For manipulating Vectors, FPE provides the abstraction of a processor array that is as large as the
largest Vector; each component of aVector ismanipulated by adifferent processor, but corresponding
elements of different Vectors share a processor. A similar abstraction is supported for Matrices. The
FPE compiler automatically partitions Vectors (which are stored in horizontal mode, see above) or
Matrices (vertical mode) that are larger than the physical processor grid into sections that are the
same size asthe grid.

Fortran Plus Enhanced allows Vectors and Matrices to be treated in much the same way as scalarsin
Fortran 77:

e avariable can be of type Vector or Matrix;

e expressions can evaluate to a Vector or Matrix;

¢ aVector/Matrix variable can be assigned a Vector/Matrix value in a single operation;
o the arguments to afunction can be of type Vector or Matrix;

o afunction can return a Vector or Matrix value.

In addition, FPE provides a set of functions that manipulate or construct vectors and matrices in a
data-parallel manner:

Elementwise functions
Fortran Plus Enhanced extends the common arithmetic and boolean functions to Vectors and
Matrices: aScalar function isapplied to each element of aVector or Matrix, or to corresponding
elements of a pair of Vectors or Matrices. In the latter case, the Vectors or Matrices must be
the same size. In addition, for binary functions, FPE alows a Scalar value to be used in place
of one of the Vector or Matrix arguments, with the meaning that the scalar is expanded to the
same size as the remaining argument.

For example:

e the addition of two Matrices A and B: A+B

adding a Scalar value to each element of a Vector V: 5+V

taking the sguare root of the elements of a Vector V: sqrt (V)

performing the logical and of two VectorsUand V: U. and. V

forming the boolean Matrix with elements true where the corresponding elements of A
andBareequal: A eq. B

There is no method in FPE for extending an arbitrary (programmer defined) Scalar function
into a parallel operation for Vectors and Matrices (i.e. there is no equivalent of the gener at e
or map functions discussed in chapter 2). If an arbitrary Scalar operation is to be applied to
each element of a Vector or Matrix, aloop must be used to apply the operation one element at
atime.

Reductions
FPE provides a set of common reductions. summation, conjunction, disjunction, maximization
and minimization. These functions can be applied to an entire Vector or Matrix (giving a
Scalar), or to the rows or columns of aMatrix (giving a Vector). For example:

¢ the conjunction (logical and) of the elements of the Vector V: al | (V)

¢ the sum of the rows of the Matrix A: sunc( A)
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o the maximum value in Vector V: maxv(V) .

As with elementwise functions, there is no method for performing arbitrary reductions on
Vectors or Matrices (without using aloop).

Permutations
There are several functions available in FPE for permuting® the elements of a Vector or Matrix
such as the Matrix transpose function, the Vector reversal function (which reverses the order
of the elements), and the Vector and Matrix "shift" functions in which al the componentsin a
Vector or Matrix are moved in the same direction (north, south, east or west for a Matrix, left
or right for a Vector).

Expansions
As mentioned above, FPE allows a Scalar value to be used in place of a Vector or Matrix in
binary elementwise functions. FPE also allows a Scalar value to be explicitly expanded into a
Vector or Matrix. In addition, a Vector can be expanded either row-wise or column-wise into
aMatrix.

Patterns
It is frequently useful to have a boolean Vector or Matrix with true values only in certain
locations. For example, along the leading diagonal, or in a particular range of columns. FPE
provides severa functions for defining such patterns.

I ndexing techniques
In addition to the functions discussed above, Fortran Plus Enhanced makes use of avariety of
indexing notations to provide certain useful expressions. For example:

e A( ,i) wheretherow index isintentionally blank, is a Vector with elements the same
asthose of columni of A

e A(i, ) isrowi of A

e U(V) isaScalar, where V is a boolean Vector with only one element true. The Scalar is
the element of U in the same position as the true element of V.

e A( , M isaVector, where Mis aboolean Matrix with only one element true in each row.

Source matrix Boolean index matrix Result vector

112|3]|4 T 1
5]]6|7|8 T 7
9110|1112 T 10
13(14 (1516 T 16

Figure 5.5: Indexing a Matrix using a boolean Matrix

Element 2 of this Vector is taken from row 2 of Matrix A. The column position of this

3Strictly speaking, thefunctionsare not permutations, asthereisnot a1-1 mapping between the el ements of the argument
and the elements of the result.
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element is the position of the true value in row z of M (See figure 5.5.) A particular
example of this type of indexing is extracting the diagona of a Matrix, for which the
indexing Matrix containst r ue values along only the leading diagonal.

e A( , 1) isaVector, wherel isanindex Vector, i.e. it isaninteger Vector in which al the
integers are the in the range 1 to m where m isthe size of acolumn of A.

Source matrix Index vector Result vector
11 2|3|4 T 1
5|6 |78 ? 7
9110|1112 ? 10

1314|1516 7 16

Figure 5.6: Indexing a Matrix using an index Vector

Component i of theresultiselement | (i) inrowi of A. (Seefigure 5.6.)

The last two indexing techniques can be combined with a Scalar index for some truly arcane
notation. For example, if Mis a boolean matrix, then A(2, M is that element of A with row
position 2 and column position the same as the only true element of row 2 of M

In addition to the functions listed above, FPE can modify all of an array or partsof anarray inasingle
assignment. For example, if A and B are matrices of the same size, then

A = B*B
assigns to each element of A the square of the corresponding element of B; and
A(abs(A.gt.1.0)) = 1.0

assignsthevalue 1 to each element of Awhich has magnitude greater than 1, using masked assignment.
The mask is the matrix expression abs( A. gt . 1. 0) : the assignment affects only those elements of
Afor which the corresponding element of the mask hasvaluet r ue.

533 Summary

In general, the primary concern when implementing an algorithm on the DAP is to make use of
elementwise operations wherever possible; the elementwise operations make best use of the grid of
processing elements. For example:

DO 10 i=1,
is vastly more efficient than 28 1]-0)1 ilé?i i) +0(i. i)
10 CONTI NUE ’ ’

because the former is, conceptually, executed in a single step by the processor grid, while the latter
is executed in m xn steps, with only one element of A being assigned in each step.

Other operations such as expansions, permutations and indexing techniques are used to manipulate
data in such away asto alow elementwise operations to be performed; for example:
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e Vectors are expanded into matrices so they can be employed in elementwise operations with
other matrices. For example:

_ o DO 10 i=1, m
(A = B+matr(V, n)) is much more efficient than 10 Ag INU— B(i, )+V

wheremat r (V, m) constructs a matrix with m rows, each identical to the vector V.

o Partsof amatrix, such asthediagonal, can be extracted asavector, so that they can be employed
directly in an elementwise operation with another vector, or be expanded into amatrix and then
employed in an elementwise operation with another matrix.

For example, both of the following program fragments normalize a matrix by dividing each
row by the diagonal element on that row, but

(A = A/ mat c( A(pat uni t di ag(n), ),n))
is much more efficient than
DO 10 i=

[10 Al A(| )/A(i,i)]

e Masked assignment is employed for conditional operations so that elementwise operations can
be applied to an entire vector or matrix, even though not all the elements are affected inthe same
manner. The alternative would be to iterate over the vector or matrix sequentially, determining
one element at a time how that element should be affected by the conditional operation —
vastly less efficient.

For example

(a2 )
A(patunitdiag(n), ) =1

isvastly more efficient than either

4 3\

DO 10 i=1,n

DO 10 j=1.n DO 20 i=1,n
||(= (i)=]) THEN DO 10 j =1,0n
Al,] =1 Al =
EI(_SE) or 10 cg\rn NUE
AI,] =0 Al =1
ENDI F 20 ng\ITINUE

10 CONTI NUE

where pat uni t di ag(n) is the FPE diagonal pattern function (leading diagona elements
true,; al other elements false) .

o Patterns are employed to allow extractions as above or to facilitate masked assignment.

An obvious exception to this* elementwise’ rule isreductions, which are inherently cumulative rather
than elementwise. However, even in reductions, elementwise operations are important in forming
the vector or matrix to be reduced; the aternative would be to iterate sequentially over the vector or
matrix combining one component at atime into the cumulative value.

For example
s =0
(s = sun{ U*V) ) is much more efficient than EO=12+ILJ(_ilj DV(i )
10 CONTI NUE
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5.4 Basc Structure of Derivation

In this section | present an overview of the derivation to convert an SML specification into a Fortran
Plus Enhanced implementation for the DAP; following sections discuss each of the stages of the
derivation in greater detail.

The SML-to-DAP derivation is based upon a Lisp-to-Fortran77 derivation developed by Boyle and
Harmer [22]:

[Lisp—» Fortran77 =  Lisp— A-Caculus— Unfolding — Fortran??.]

The important aspects for this chapter of this derivation are:
e The specification isin Lisp, rather than SML.

e The specification isinitialy transformed into the A-calculus (extended to include named func-
tion definitions and type information). The A-calculus form isafunctiona form with a syntax
that, for reasons discussed later, is simpler to manipulate using transformations.

e Function definitions are unfolded to reduce the overheads caused by function applications. The
Unfolded form is essentially an optimization of the A-Calculus form: unfolding does not alter
the basic nature of the program. The importance of thisisthat the final stage of the derivation,
converting to Fortran77, is the same whether or not unfolding is performed.

¢ Theimplementation language is Fortran77, not FPE. The basic aspects of the conversion from
A-calculus to F77 were discussed in the preceding chapter.

Rather than construct an entirely new derivation, | chose to extend the above Lisp-to-Fortran77
derivation, so | could reuse the sub-derivations that perform unfolding and conversion to Fortran.
Reuse of the latter is not as surprising as it may at first appear, since FPE is a superset of F77.

Thefirst problem to be addressed in extending the derivation is that the specification language, SML,
is not catered for by the derivation; two obvious solutions are to convert an SML specification into
a Lisp specification, or to convert an SML specification into the A-calculus form. There seems
little to be gained by converting into Lisp, and since Lisp is type-less, information would be lost in
the transition; so, the first stage of the SML-to-DAP derivation converts SML into the A-calculus
form. Once in the A-calculus form, the specification can be optimized in the same manner asaLisp
specification by unfolding definitions.

[SML—> Fr7 = SML — X-Caculus— Unfolding — F77.]

Thus, an SML-to-F77 derivation can be constructed. Such aderivation would, strictly speaking, serve
as an SML-to-FPE derivation, since FPE is a superset of F77. (i.e. the implementation produced by
this derivation would be acceptable to the FPE compiler.)

However, such animplementation would be inefficient, for the following reason. All array operations
in aspecification are based primarily upon thetwo functionsgener at e andr educe, but theonly way
to implement an arbitrary generation or reduction in FPE is to use a sequential loop. For example,
the F77 derivation would implement

DO 10 i=1,n
gengrate([n,n], o o as DO 10 j=1,n o
Ai,j-elenment (A i,j])+element(B,[i,j])) i,j) = A(i,j)+B(i,j)
10 I NUE

which would execute in n? sequential steps. In contrast, an efficient implementation that makes
effective use of the processor grid, is
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The Fortran77 sub-derivation is designed to perform the conversion from a simple functiona form
(A-calculus) into imperative form; itisnot designed to addresstheissue of converting array operations
expressed using gener at e and r educe into operations that make effective use of the DAP hardware.
This latter issue is addressed by introducing a new sub-derivation that converts, where possible,
generations and reductions into combinations of FPE's basic data-parallel operations. This new
sub-derivation introduces the Array Forminto the derivation:

[SML—» DAP = SML — A-Caculus— Unfolding— Array Form — FPE.]

The Array Form contains applications of the basic data-parallel operations supported by FPE. How-
ever, these operations are expressed as pure functions, rather than in the mix of functions, operators,
specia index notation and statements employed by FPE. For example, forming a matrix in which
each element isthe greater of the corresponding el ements of two matrices B and C would be expressed
in FPE and in the Array Form as

|\|/:|)APBFPE c A F

= B.gt. rray Form

AEM 95 and [j oi %great erp(B, C, B, O ]
A(.not.M =C

where the function j oi n denotes a data-parallel conditional expression: it evaluates to an array of
the same shape as its arguments, with each element taken from B or C according to whether the
corresponding element of the first argument istrue or false. Using apure, functional form has all the
advantages discussed earlier for functional forms: primarily simpler semantics and syntax.

Finally, the Array Form is converted into imperative form, in the DAP specific syntax of Fortran Plus
Enhanced. The sub-derivation to convert to FPE issimilar to the sub-derivation to convert A-calculus
into Fortran77 because FPE is a superset of F77. The major differences in the two sub-derivations is
that the FPE sub-derivation contains extra transformations for the idiosyncrasies of FPE vector and
matrix syntax. Indeed, the FPE sub-derivation could be used to convert a specification in standard
A-calculus form (with no explicitly data-parallel functions) into standard Fortran77.

541 Two Refinementstothe Derivation

The basic SML-to-DAP derivation is;

[SML—» DAP = SML — A-Caculus— Unfolding — Array Form —- FPE.]

However, thederivation used in practice containstwo further important sub-derivationsfor performing
Satic Evaluation and Common Sub-expression Elimination:

SML — DAP
= SML — A-Calculus— Unfolding — Static Evaluation

— Array Form — Common Sub-expression Elimination — FPE.

Static Evaluation

Function unfolding removes much of the structure of a definition that is introduced by a programmer
to facilitate human understanding, but which can decrease the efficiency of an implementation.
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However, unfolding does not remove intermediate data structures which are caused by constructing
the arguments to functions and return values from functions.

For example, simple unfolding of matrix-vector multiplication results in the following expression

4 N\
array.generate ([m], Ai-
An'-

[array.reduce(shape(A),

e N A ! M
fun times(A:real array,B:real array):real array Ai’:element (A, 01D,
— . N real.plus,0.0)
= map(A,B,real.times); ]
fun sum(A:real array):real hY 7
= fold(A,real.plus,0.0); (AAT- I
fun innerproduct(A:real array,B:real array):real [array.generate(shape(A’),
= sum(times(4,B)); — NS .
fun mvmult(A:real matrix,V:real vector):real vector Ai real.t:lﬁnes'(”
= let element(A ,[i"]),
~ val m:int = dim(A,0) element (V,[i”]))
in
generate(m,fn(i:int)=>innerproduct (row(4,i),V)) ]
L end ) (array.generate (shape.dim(4,0),

, Ai’" - element (A, i”’] )

)
)

\ J

An operational interpretation of the unfolded formiis:

e Construct avector with m elements, in which each element is computed as follows:
— Form abinding for A’: the bound value is computed as follows:

x Form abinding for A” in which the bound value is a vector constructed by copying
all the elements from arow of A.

x Construct a vector of the same shape as A’ in which each element is the product of
an element of A" and an element of the vector V.

— Perform a reduction over the shape the same as the shape of A, in which each value
contributing to the reduction is an element of the vector A'.

The important aspects of the operational interpretation are that, for every element of the product
vector, a vector is constructed by copying a row of the matrix, and a second vector is constructed
by multiplying the elements of the first vector by those of V. These two vectors are not necessary
for the computation: they are present solely because of the modular definition of matrix-vector
multiplication.

It should be clear that the first vector can be eliminated by accessing the elements of the matrix in
situ, rather than copying them into a vector; and the second vector can be eliminated by merging the
forming of the elementwise product with the summation. Eliminating the data structures results in
the expression:

array. reduce(shape(A),
Aireal . times(
el enent (A [i,i']).
el enent (V,[i']))

Such simplifications are performed by the Static Evaluation sub-derivation, so called because the
simplifications are based on eval uating expressions, using the properties of the A-cal culus and various
data types.

The drastically reduced form of MVM created by Static Evaluation is certainly simpler in structure
than the initial, unfolded version. But the simplicity is more fundamental than structural simplicity,
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though that may not be apparent from the above example. In the library functions provided to
allow an SML specification to be executed, array indices are implemented using list operations; such
an implementation was convenient for SML. However, | have no intention of implementing a list
data type for the DAP: array indexing in the FPE implementation will be performed using standard
Fortran77 indexing, or the extensions alowed by FPE. Performing static evaluation has the benefit
of removing amost all list operations performed on indices from a specification.

Aside from the effect list-based array indexing would have on the execution performance of an
implementation, judging whether the reduced form of MVM is more efficient than the original form
isdifficult, as what is efficient depends upon the nature of the implementation system. For example,
if the matrix Aisdistributed over several processors, it may indeed be more efficient for the processor
that is computing a particular component of the product vector to copy a row of the matrix into a
vector which isstored locally (i.e. to prefetch all the required elements of A in asingle communication
operation, rather than fetch each element individually).

However, mattersthat are peculiar to theimplementation system arebest | eft until lateinthederivation:
if for aparticular implementation systemit isbetter to copy arow of the matrix, thenthe copy operation
should be introduced in a stage of the derivation devoted to that implementation system.

Common Sub-expression Elimination

Consider an expression such asf ( e, e) , where e is some computationally expensive expression. A
straightforward implementation of this expression (such as created by the final stages of derivations)
would result in e being evaluated twice. A more efficient implementation would evaluate e once,
assign the value to a variable, and refer to the variable twice. In functional terms, this more efficient
implementation corresponds to the expression Av-[f (v, v)] (e).

The A-abstraction of multiple occurrences of an expression isknown as common sub-expression elin-
ination, or CSE. Many compilers for imperative languages perform CSE, but imperative languages
present many difficulties (mainly arising from side effects) that complicate CSE; it is to be expected
that CSE can be performed much more easily in a pure, referentially transparent context.

54.2 Summary

The SML-to-DAP derivation has the form

SML — DAP
= SML — A-Calculus— Unfolding — Static Evaluation

— Array Form — Common Sub-expression Elimination — FPE.

The stages can be summarized as follows:

e SML The source form — the specification — is constructed in an abstract, modular fashion
using standard notations to facilitate human understanding.

e \-Calculus The specification is cast into a standard, functional form whose simple syntax
facilitates transformation.

¢ Unfolding The structure of the specification is simplified to improve efficiency.

75



AM T DAP 510 Derivation 2.0 From SML to A-Calculus

e Static Evaluation Further structure isremoved, to produce a succinct form.

e Array Form Array expressions are recast into aform that make makes effective use of the DAP
hardware.

e Common Sub-expression Elimination The specification is restructured to eliminate repeated
computations.

e FPE The program is converted into imperative form, expressed in DAP specific syntax.
Of the stages of the derivation:

e The conversion from SML to A-calculus is mostly my own work, though several of the
transformations were provided by Harmer.

e The Unfolding sub-derivation is the same as a sub-derivation developed by Boyle and Harmer
for Lisp specifications, but which | extended to accommodate type information.

e The Static Evaluation sub-derivation is my own work.

e The Array Form sub-derivation was developed by me, though the idea of separating shape
information was suggested by Harmer.

e The Common Sub-expression Elimination derivation is my own work.

e The sub-derivation to convert Array Form into FPE was based on the A-calculus to F77 sub-
derivation developed by Harmer and Boyle. | extended the derivation to accommodate type
information and the idiosyncrasies of FPE and to extend reuse of storage.

Probably the most interesting of the sub-derivations is the conversion to Array form: that sub-
derivation produces a fundamental change in the nature of a specification, but does so in an elegant,
straight-forward manner. It is a prime example of how | believe derivations should work.

55 From SML to \-Calculus

In this and the following sections, | discuss each stage of the derivation in detail. This section
discusses the conversion from SML to A-calculus.

SML is convenient as a specification language as it provides mechanisms for a programmer to
structure a specification (primarily function and structure definitions) and allows standard notation
(e.g. + indicating matrix addition) or fairly intuitive notation (f n(x) =>e indicating a function),
facilitating human understanding of a specification.

However, human understanding is not of primary importance when performing a derivation automat-
icaly: ease of manipulation is. In thisrespect, SML (in common with many languages) is somewhat
flawed; for example:

e When manipulating expressions in operator form, attention to details of precedence amongst
the various operators is required.

e The same basic concept appears in multiple guises. for example, local expressions can be
viewed as being essentially the same as function prototypes which have been applied to
arguments, and function definitions are essentially named function prototypes. For example,
the local expression
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| et
ek x =X is equivalent to ((fn(x) =>B) (X) )
end

o Definitions can be introduced in multiple locations. at the top level of the specification, inside
structures and inside local expressions. Transformations that manipulate definitions must first
undertake the task of locating the definitions.

e Theuseof open statementsto make the definitions contained in structures available astop level
definitions means that the same function can be invoked under two different names (function f
in structure S can beinvoked asbothf and S. f).

e The same name can be introduced by more than one definition: ause of such a name refersto
the most recent, preceding definition. Manipulations involving such a name must determine to
which definition it refers.

These comments are not criticisms of SML: SML is useful in this work precisely because of its
convenience for human programmers, not for its suitability (or lack thereof) for transformation.

To simplify transformation, an SML specification is converted into asimple functional form: essen-
tially the A-calculus, extended to allow definitions to be named and to include type information. The
A-calculus form is alist of function definitions in which expressions are denoted in function prefix
form (e.g. the expression x+y becomesop. pl us(x, y) ). The A-calculus form is much more readily
manipulated than SML:

e EXxpressions are in function prefix form, with arguments to functions explicitly delimited, so
no precedence rules are required.

e Function prototypes, function definitions and local expressions are all expressed as A-express-
ions, and so can al be manipulated uniformly. For example:

4 N\

fn(x) =>F — Mx-F

fun f(x) = F — fun f = Ax-F
| et
val x = X

inE — MX-E (X
\end

e Definitionsall occur at the top level where they are easily located.

o Definitions are unordered: where necessary, definitions have been renamed to ensure their
names are unique, so there isno need for complex rules on the scope of names.

o All referencesto adefinition usethefull name of the definition (intheform St r uct ur e. nane).

¢ Where necessary, definitions have been renamed so that no definition introduces a name that
has already been introduced by another definition.

The conversion from SML to A-calculus is mostly syntactic, so details of the method are postponed
until appendix A. Figure 5.7 shows the A-calculus form of MV M.

551 Summary

After conversion from SML to A-calculus, a specification consists of a (conceptually) unordered set
of function and type definitions in which expressions can take only the forms: constant, identifier,
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fun realarray.tines:(real array*real array->real array)
= MA Breal array. map2(A B, real . tinmes);
fun realarray sum (real array- >real)
= Mrealarray.fol d(A real.plus,0.0);
fun real array. i nnerproduct: (real array*real array->real array)
= MA Brealarray. smﬂrealarray ti mes(A, B));
fun realarray mvrul t: (real matrix*real vect or - >r eal vect or)
= MA V-
Am i nt -
real array. generat e(m
Aisint- realarray i nnerproduct (matrix.row(Ai),V))
(shape. di m(A 0));
fun real array. nult|ply (real array*real array->real array)
= MA B
Ara:int-Arb:int-
i f (bool.and(op.eq(ra,l1l),op.eq(rb,2)))
t hen realarray vimui t (A, B)
el se if (bool.and(op. eq ra,2),op.eq(rb,1)))
t hen realarray mvimrul t (A, B)
el se
realarray mmul t (A, B)
Eshape rankE
shape. r ank
fun op. eq
= over| oad(integer.eq, real.eq, bool.eq);
fun op.tinmes ) )
overload(|nteger tinmes,real.tinmes,realarray. multiply);
fun init:(int->real vector)
= An:int-
Mireal matrix-AV:real vector
op.tinmes(A V)
(realarray.read_matrix([n,n]))
(realarray.read_vector([n]));

Figure 5.7: A-calculus form of MVM

prefix function application, A-bindings and conditional expressions.

A specification is basically unchanged in nature (for example, there is a one-to-one mapping from
function definitions in the SML form of the specification to function definitions in the A-calculus
form; there is also a one-to-one mapping between expressions) but isis simpler in form and syntax,
so facilitating later stages of the derivation.

5.6 Unfolding

In functional specification, programmers are encouraged to employ functional abstraction of data
(e.g. using functions to access components of data rather than accessing the components directly)
and functional decomposition of operations to facilitate human understanding of a specification. One
consequence of thisisthat a specification often contains many functions that are simply compositions
of other functions, that aid the programmer in devel oping the specification by improvingitsmodul arity,
but that perform no significant computation in themselves.

If a derivation preserves all functions as functions/subroutines in an implementation, that imple-
mentation can suffer high overheads associated with the function invocation mechanism (for, say,
placing arguments on a stack and retrieving results from the stack, or saving the values of processor
registers). To reduce such overheads, the number of function invocations can be reduced by unfolding
definitions: each use of a definition is replaced with the body of the definition, with any formal and
actual arguments appropriately matched.
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Aside from reducing overheads due to function calls, unfolding is useful for other reasons:

Unfolding permits an axiomatic approach to program manipulation
When constructing Abstract Data Types, it is often possible to encapsulate the underlying
implementation of the data type into a small set of basic functions; the rest of the functions —
the derived functions — for the data type can be constructed in terms of those basic functions,
in ignorance of the underlying representation. For example, the basic functions of the array
ADT aregener at e, el enent , shape and r educe; functions such asmap, f ol d, r ow, sum
etc. are defined, ultimately, in terms of those basic functions.

When such a manner of construction is used for a data type, the semantics of the data type
can be defined by specifying just the semantics of the basic functions. the semantics of al the
remaining functions follow from the semantics of the basic functions, which thus act as axioms
for the data type.

When function unfolding is applied to adata type, only the derived functions may be unfolded,
leaving only applications of the basic functions. Then, when considering transformations for a
datatype, it is necessary to consider only the basic functions, since the applications of al the
derived functions have been removed. For example, when converting array expressions into
data-parallel form, it is necessary to consider only gener at e and r educe: nmap need not be
considered, because map no longer exists.

Thus, unfolding definitions permits program manipulation to be performed based upon the
axioms of datatypes.

Unfolding increases the granularity of computation
The function definitions remaining after unfolding generally represent major parts of the com-
putation required by an algorithm. Each of these functionsis likely to be a suitable candidate
for aprocess in a process-parallel execution model.

Even in a sequential execution model, unfolding may help improve the effectiveness of any
processor instruction or data caches by increasing the number of operations performed before
the cache must be rebuilt (due to transfer of execution to another function).(?

Unfolding places definitions in context
One of the advantages (as regards human construction and understanding of specifications) of
functional decompoasition isthe high degree of isolation enforced between afunction definition
and applications of that function: adefinition can be considered independently of the context in
whichitisto be applied, and afunction can be used without regard to the function’s definition.

However, often the context in which afunction is applied can be used to perform optimizations
or simplifications. For example, the mul ti pl y function was designed to perform different
computations (matrix-vector, matrix-matrix or vector-matrix multiplication) based upon some
testsonthe dimensionalities of itsarguments. Unfoldingthedefinitionof mul ti pl y at the point
of application may allow the outcome of the tests to be determined by analysis, so eliminating
the need to perform them during program execution; the definition can then be simplified to
just that portion required for the context (matrix-vector multiplication for the MVM example).

In addition, the presence of a program-defined function in a generating function can obstruct
the conversion of the generation into data-parallel form: How would the application of the
program-defined function be performed in a data-parallel manner? No mechanism exists in
Fortran Plus Enhanced for, say, applying a program-defined function to all the elements of a
matrix simultaneously.
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For example, many of the array functions used in thisthesis are polymorphic, permitting arrays
to have any type of element. Unfolding places each such function in context, where the type
of the array elements may be known, thus obviating the need to support polymorphism in an
implementation, and also perhaps permitting optimizations based on the element type.

Thus, unfolding effectively allows a definition to be optimized for or specialized to each of its
uses independently, and can dramatically increase the effectiveness of Static Evaluation.

The sub-derivation for unfolding was based on a sub-derivation developed by Boyle and Harmer for
Lisp specification, which | extended to accommodate type information.

5.6.1 TheMVM Example

fun init
= An-
AAAB:
Ara-Ar b-
if (bool.and(integer.eq(ra,1),integer.eq(rb,2)))

then ...
eltsﬁ if (bool.and(integer.eq(ra,2),integer.eq(rb,2)))
en ...
el se
Am
array generate([n]. A[i]-
AA
array reduce(shape(A)
ALi']- elerrent A Ti',
real. pl us, )
(/\A”
array. gener at e(shape(A’),
Ali"]real .times(
el enent (A, [i"]),
elenent (V,[i"]))

(array. gener at e(shape. di n( A, 0),
A7 -element (A [i,i']))

)

(shape. dln(A 0))
Eshape rankg
shape. rank( A
(realarray.read natrrx([n nl))
(realarray.read _vector([n]));

Figure 5.8: Unfolded form of MVM

Unfolding definitions causes MVM to collapse into a single function, as shown in figure 5.8, where:

e The ellipses represent calculations that are irrelevant for this example; they will be eliminated
by Static Evaluation.

e A isbound to the element-wise product of arow of Aand V.
e A’ isbound to arow of A.

5.6.2 Summary

Unfolding recasts a specification into aform with increased locality: each definitionis placed into the
contexts of its applications, allowing each application to be optimized independently. Any function
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definitions remaining after unfolding are likely to represent major computations.

5.7 Static Evaluation

In this section, | discuss the simplification of a specification by Static Evaluation.

The modular structure of afunctional specification requires the construction of many data structures
that are arguments to functions or return values from functions. Simple unfolding of definitions
reduces the number of function applications, but it does not remove the data structures; removal of
the data structures is performed by Static Evaluation, which uses the properties of the A-calculus and
of various data types to evaluate expressions.

For example, the unfolded form of MVM is shown in figure 5.8. The unfolded form contains the
following expression:

r)\AII_
array. gener at e(shape(A’),
Ali”]-real.times(
el ement (A, [i"]),
el enent (V,[i"]))

(array. gener at e(shape. di n( A, 0),
i el ement (A [i,i"]))

| J/

Removal of A" is performed as follows:

e [(3-reduce the outer A-expression.

array. gener at e(shape(A”),
A[i"]real . times(
el ement (
array. gener at e(shape. di n(A, 0),
A1/ -el ement (A [i,i'"])).
[i"1),
el enent (V, [i"))

|\ J

e The expression now contains an application of el enent to gener at e: that is, the expression
constructs an array and then retrieves a single element. But the semantics of gener at e
specify that the value of an element of an array constructed using gener at e isthe value of the
application of the generating function to the index for that element:

element(generate(S, Xi-g),7)=Ni-g(i') .

Thus, the application of el enment to gener at e can be evaluated.

array. gener at e(shape(A’),
Ai-real . times(
ALi""] -el ement (A [i,i") (i"),
el ement (V, [i "))

e The X-expression so formed can be reduced.
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array. gener at e(shape(A’),
A[i" real . times(
el ement (A [i,i']),
el ement (V, [i'7))

Thus, a sequence of simple evaluations, based on the properties of the A-calculus and of the array
functions, removes the intermediate data structures.

571 Method

The exhaustive application of transformations performed by the transformation system allows Static
Evaluation to be realized very simply, as a sequence of transformations, automatically applied, with
each transformation performing one simple, local evaluation based upon the properties of the A-
calculus or of various data types (primarily arrays). There is ho need to encode some mechanism in
the transformations to locate expressions that can be simplified; no need to consider the interaction of
evaluations, how one evaluation might |ead to another. It issufficient simply to list all the evaluations
that produce simplifications.

Informally, each transformation is readily seen to recast an expression in a simpler form, so the
application process is believed to terminate; it should not be difficult to prove termination formally
by providing a formal measure for expressions and showing that each transformation reduces that
measure; further discussion is beyond the scope of thisthesis.

In the rest of this section, | list some of the transformations that perform the individual evaluations
required by Static Evaluation. The rest of the transformations are similar in nature to the listed
transformations.

Arrays
The defining properties of gener at e are:

element(generate(S, Ni-g), 1 )=Xi-g(i)

shape(generate(S, Mi-g),7)=S .

These properties can be directly utilized as transformations:

Vs N\
. sd.
el enent (generate(S, Ai-g),[j])

. sd.
shape(generate(S, Ai-g))
==>

S
. SC.
.

J

It isworth noting that these transformations, as with all the transformations in this section, are
made possible by the simple semantics of expressions: it is correct to replace one expression
with another simpler expression when they have the same value because the only meaning of
an expression isitsvaue.

Reals
Most of the common operations on real numbers are taken to be primitive operations (i.e.
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having no definition in the specification). Each of these operations has algebraic identities,
often associated with the numbers one and zero. For example:

z+00=z 0.0+ z=x

z*0.0=0.0 0.0%z=0.0
zx1.0=x 10xz=zx

z/r=1.0 .

Again, transformations follow directly from these identities.

.sd. plus(x, 0) ==> X .sc. .sd. plus(0,x) ==> X .SC.
. sd. t!nesgx,O) ==> (0 .sc. .sd. t!nEsEO,x) ==> 0 .sc.
.sd. times(x,1.0) ==>x .sc. .sd. tines(1.0,x) ==> x .sc.

.sd. quotient(x,x) ==> 1.0 .sc.

Many (though not al) of the transformations for reals have counterparts for integers. It should
be clear that transformations can aso be constructed in a similar manner for booleans.

Conditional Expressions
Consider aconditional expression

(if (p) then T else FJ

where T is the ‘true limb’ and F the ‘false [imb’.  Only when p is true, is T evaluated,
consequently, when T is being evaluated, the expression p is known to have valuet rue. In
other words, any occurrence of the expression p in T can bereplaced witht r ue. Similarly, the
expression p can be replaced with the valuef al se inF.

The transformation for this contextual evaluation of conditional expressionsis®:

. sd.
if (p) then T else F
==>

if (p) then T [true/p] else F [fal se/p]
. SC.

A programmer is unlikely to construct expressions which would be affected by contextual
evaluation, but experience has shown that function unfolding often creates expressions of the
form

if (p

t hen ?f p) then A else B

else if (p) then Celse D
presumably because functional decomposition often requires a conditional expression to be
repeated in several functions. Such expressions are simplified by contextual evaluation

==>if (p)
then if étrue) then A else B
else if (false) then C else D

and then simplified with the obvious transformations

4This transformation must be qualified if it is to be used in practice, otherwise its application would never terminate.
One way to qualify it would be to use indefinites in the pattern to check for the presence of the predicate in either limb.
Alternatively, a provisional transformation can be used: the TAMPR system allows a transformation to be provisionally
applied, and for the provisional application to be considered a true application only if the transformation causes a change.
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.sd. if (true) then T else F ==> T .sc.
.sd. if (false) then T else F ==> F . sc.

togive

(::> if (p) then A else D)

The transformations listed above, and others similar in nature, when combined with a 5-reduction
transformation in a transformation sequence and exhaustively applied by the transformation system,
perform Static Evaluation.

5.72 TheMVM Example

The Statically Evaluated form is illustrated by MVM in figure 5.9. Comparison with figure 5.8
demonstrates the effect Static Evaluation can have in drastically simplifying programs.

fun init
= An-
AAAV-
array. generate([n], A[i]-
array. reduce
Alj]-real . times(
e ement§A, i, ;),
el enent (V, 5 ,
reaI.pIus,O.i )
(realarray.read _matrix([n,n]))
(realarray.read_vector([n]));

\. J

Figure 5.9: Statically Evaluated form of MVM

573 Summary

The specification now is still expressed in A-calculus form, but it has been greatly simplified (and
possibly optimized), first by Unfolding, then by Static Evaluation. Almost all the ‘ structure’ that was
present in theinitial specification (to facilitate human understanding) has been stripped away, leaving
asuccinct form amenable to manipulation. From this point on, the derivation reintroduces structure,
but structure that benefits the final implementation, either by simply making it compatible with the
implementation language, or by improving the operational efficiency.

5.8 Array Form

In this section, | discuss the conversion of array operations expressed as generations and reductions
into data-parallel operations suited to the DAP.

In earlier chapters | demonstrated various methods for constructing arrays, using general functions
such as gener at e and map, or using more specific functions such as t ranspose. Ultimately
though, all such functions are defined in terms of gener at e and r educe. The Unfolding stage
of the derivation ensures that functions such as map have been eliminated, so | need only consider
applications of the basic functions.
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Inaspecification, gener at e isnot defined asafunction: rather, gener at e isdefined by theidentities
element(generate(S, Ni-g), 1 )=Xi-g(i)

shape(generate(S, Mi-g))=S .

One important aspect of this definition is that no order is specified for the creation of the elements:
thus, gener at e canbereadily interpreted for data-parallel execution, and soispotentially well-suited
to an array processor.

However, the Fortran Plus Enhanced (FPE) language supports only a fixed set of data parallel
operations (such as the common arithmetic and boolean functions)®: the only way to implement
an arbitrary generation is as a sequential loop. Thus, if an efficient implementation is required,
generations must be converted into combinations of those data parallel operations that are supported.

For example:
genFrat(el(S Al - (i),
pl us(el ement i
elenment(V,i)) becomes
and

gener at e( [ n, n],
AliLj]-or(
eq(el emant(A [i
el ement (B, | ,|i ,
greaterp(elenent(C,[l,J])
element (D, [i,]j])

becomes ((A. eg.tran(B)).or.(C. gt.D) )

)

\ J

Some of the data parallel operations supported by the DAP are designated by pure functions in
FPE; other operations are designated as operators or using special indexing notation in statements.
Rather than attempt to convert from asimple functional form to amixture of functions, operators and
statements, | first convert to an Array Form which is a pure, functional abstraction of the supported
data-parallel operations, and then convert the Array Form into DAP specific form.

The initial conversion to Array Form thus separates the problem of converting array expressions
denoted using gener at e into the supported data-parallel operations, from the problem of converting
a functional form into an imperative form. The postponement of conversion into imperative form
alows any further manipulations on the Array Form to take advantage of the simpler semantics of
pure, functional forms. It also postpones the introduction of the sometimes esoteric Fortran Plus
Enhanced syntax which, though presenting no particular conceptual problems, would unnecessarily
complicate transformations.

The conversion to the supported data-parallel operations is relatively straightforward when al the
operations are el ementwise (i.e. ho inter-processor communication is required). Conversion is more
difficult when index 7 requires elements stored at some other location (i.e. inter-processor communi-
cation isrequired).

The purpose of this section isto demonstrate how algebraic laws can be used to perform the conversion
from gener at e to the Array Form functions. | shall first illustrate the conversion to Array Form,
and then discussin detail the Array Form functions and the conversion to Array Form.

SThis restriction is to be expected given the nature of the hardware.
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5.8.1 Conversion to Array Form: Illustration

The most important functions in the Array Form are the el ementwise versions of the basic arithmetic
and logical functions. The elementwise versions are designated using the function ar r ay. map: for
examplearray. map( A, B, real . pl us) istheaddition of two real arrays.

The primary principle in converting to Array Form is to convert to applications of the elementwise
functions where possible. For example, given the expression

(gener ate(S, \i-real.plus(x,y)) )

the application of gener at e is propagated through the outer function r eal . pl us to introduce the
Array Form elementwise version:

(array. map(generate(S, Ai -x), generate(S, Ai-y), real . plus) )

Each of the arguments to the elementwise version are now themselves generations, on which the
processes of conversion is repeated. At some point, propagation is not possible: i.e. the outer
function does not have an elementwise version; then, the generation is checked to seeif it corresponds
to certain forms that correspond to other, non-elementwise Array Form functions such as the pattern
functions or expansion functions. Conversion to these functions may result in further generations
being introduced, which in turn are processed. (For example, when arow- or column-wise expansion
of a vector is introduced, the vector that is to be expanded must be defined. It is defined as a
generation.)

Other principles can be invoked in the conversion to optimize expressions: for example, a vector
generation of vector reductions can be optimized by converting it into arow- or column-wise reduction
of amatrix, so that all the reductions are performed simultaneously.

To further illustrate conversion, | will trace the conversion of MVM. The statically evaluated formis:

array.generate([n],
Ali]-
array. reduce([n],
Alj]-real.tines(
e errentEA, i, 1),
el enent (V, ']S )
real . pl us, 0. 5

\ J

This expression is a generation over % in which the generating function is a reduction over 5. The
generating function can beevaluated for all the: simultaneously by convertingthegener at e/r educe
composition into a partial reduction: the summation of a matrix along the rows.

~\

==> fol d. rows(
array.generate([n, n],

Ali,j]-real.times
i

real . plus, 0.0)

J

wherethef ol d. r ows function indicates a reduction along the rows of its matrix argument.

The outer function in the generating function isnow r eal . t i nmes; this function has an elementwise
version, sothegeneration ispropagated inward, the application of gener at e becoming anapplication
of the data-parallel mapping function, ar r ay. nap:
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==> fol d. rows(
array. map(
array.generate([n,n], A[i,j]-element(A[i,j])),
array.generate([n,n], A[i,j]-element(V,[j])),
real .tinmes),
real . plus, 0.0)

Thefirst of the remaining generations is an identity generation: it isequivalent to A:

(array.generate([n, n)(ALi,j]-element(A[i,j])) => A)

In the second of the remaining generations, the body of the generating function is independent of
one of the generating indices, i , and so the generation is an expansion: i.e. a matrix is formed by
duplicating a vector along the rows or columns. The vector to be duplicated is formed simply by
deleting theindex i :

array.generate([n,n], A[i,j]-element(V,[j]))
==>
expand. rows(n, generate([n], A[j]-element(V,[j])))

The remaining generation is another identity generation, equivalent to V:

(generate([n],/\[j ]-elenent(V,[j])) ==> V)

Thus, the entire MVM expression becomes:

==> fol d. rows(
array. map( A expand(n, V), real.tines),
real . pl us, 0.0)

The evaluation of this expression isillustrated in figure 5.10.

sum

_ __expand _ elementwise _ along
123 a 1 23| [abc| product [1a 2b 3c|rows [1a+2b+3c |
456« |b| > |a56|lllabc| —o 4a  sb 6c| = | 4a+5b+6ec
7 8 9] c_| 7 8 9] a b c| 7a 8b 9c| 7a+8b+9c |

Figure 5.10: Data-parallel evaluation of MVM

e Thevector V is expanded into an array the same size as A.
e Thetwo arrays are multiplied element-by-element.

e Therows of the resulting array are summed.

5.8.2 Definition of the Array Form and Details of Conversion

The conversion to Array Form is based upon an algebra for converting array expressions involving
single-element expressions into whole-array expressions. The preceding section illustrated that the
most important aspect of the algebra is the equivaence between a generation of a scalar function
which has an elementwise version and an application of that elementwise version. Other important
aspects are equivaences involving generations of conditional expressions and A-bindings. Finaly,
there are numerous special cases for functions such as expansions and the pattern functions.
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In this section, | provide definitions for the major Array Form functions and various examples of
less important functions. | also discuss the equivaences between the Array Form functions and
expressions that may occur in the Statically Evaluated form.

Main Categories of Expressions

The most important categories of expression are:

Elementwise functions
Most of the basic arithmetic and boolean functions have data-parallel versions in FPE. These
functions can al be expressed using the map function, but to emphasize the dataparallel aspect,
| add the prefix ar r ay for the Array Form. For example

e Elementwiseaddition of tworeal arraysisexpressed asar r ay. map2( A, B, r eal . pl us)
and of two integer arraysarray. map2(U, V, i nt eger. pl us).

e Elementwise not of aboolean array: ar r ay. map( A, bool . not) .

The mapping functions are defined as

array. mp(A « array,f:a->0): 3 array
= generat e(shape(A), Ai -f(element (A i)))
array. map2(A « array,B: g array,f:a*f3->y):v array
= generat e(shape(A), Ai -f(elenment (A i),element(B,i)))

where «, § and v are restricted to integer, real and boolean, where f is one of the functions
which can be applied in parallel, and where A and B have the same shape.

These definitions can be used to introduce el ementwise operations into an expression that uses
gener at e:

. sd.
generate(S, Ai-f(a))
=-=>

array. map(generate(S, \i-a), f)

where f isone of the functions which can be applied in parallel
. SC.

That is, a generation of a function f which can be applied in paralel is converted into an
explicitly parallel mapping. The array over which the mapping is performed is computed by
applying the generation to the argument of f .

A similar transformation applies for binary mappings.

. sd.
generate(S, \i -f(a, b))
==>

array. map2(generate(S, \i -a), generate(S, Ai-b),f)
sc.

Elementwisereductions
An elementwise reduction is areduction in which the values being reduced are al elements of
an array: e.g.

(reduce(s, i -el ement (A i), reals. pl us, 0. 0) )

is an elementwise reduction but
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reduce(S,
Ai-real.times(element (U, i),element(V,i))
real s. plus, 0.0)

is ot elementwise since the generating function is not simply an application of el ement . All
the reductions provided by FPE and by the Array Form are elementwise.

The data pardlel versions of the elementwise reductions are expressed using the function
array. f ol d. Partia reductions areindicated by adding ar ows or col s suffix. For example:

e Summation: array. fol d(A, real . pl us, 0.0)

e Forming the logical and along the rows of a matrix:
array.fol d.rows(A bool . and, true).

Thefunction arr ay. f ol d isdefined as

array.fold(A « array, r:a*a->q,init: o): «
= reduce(shape(A), Xi -el ement (A,i),r,init)

This definition is the basis for the transformation for introducing explicitly parallel reductions
into an expression that usesr educe:

sd.

reduce(S, Ai-g,r,init)

==>

array.fol d(generate(S, Ai-g),r,init)
scC.

The generation so introduced is then further transformed.

The partial reductions are defined using a combination of gener at e and r educe:

array.fold.rows(A « array, r:a*a->a,init:«a):a array
= generate(size(A 0), A[i]-
reduce(si ze(A 1), A[j]-element (A [i,j]),r,init))

That is, arow-wisereduction of amatrix isavector in which each el ement isthe reduction of the
elements in the corresponding row of the matrix. A similar definition applies for column-wise
reduction.

Thisdefinition can be used to optimize the eva uation of avector of one-dimensional reductions,
by evaluating all the reductions simultaneously.

. sd.
Sgenerate([nj,)\[i]-reduce([n],)\[j]-g,r,init))
==>

array.fold.rows(generate([mn], A[i,j]-g),r,init)
wherer andi ni t areindependent of i
. scC.

Thistransformation has precedence over the the general transformation for reductions: that is,
a combination of a vector generation and a vector reduction must be transformed before the
genera transformation of reductions.

Conditional expressions
Data parallel conditional expressions are denoted using thej oi n function: if arraysP, T and F
all have shape S, thenj oi n( P, T, F) has shape S with elements taken from T or F according
to whether the corresponding element of P istrue or false. For example, the expression

89



AM T DAP 510 Derivation 2.0 Alray Form

(j oin(array.greaterp(A B), A B) )

forms an array in which each element is the greater of the corresponding elements of A and B.

Thej oi n function isdefined as

join(Mbool array, A« array,B:«a array): «a array
= generat e(shape(M, Ai - _ )
if (element(Mi)) then element(A i) else elenent(B,i))

This definition forms the basis of the general transformation for generations of conditional
expressions:

. sd.

generate(S, Ai-if (p) then T else F)

==>

join(generate(S, Ai-p),generate(S, \i-T), generate(S, Ai -F))
. sC.

Severa optimizations are possible: for example, if the predicate p is independent of the
generating index i , then the conditional can be moved outside the generation:

. sd.
generate(S, Ai-if (p) then T else F)
==>
if (p) then generate(S, Ai-T) el se generate(S, Ai-F)
where p isindependent of i
. SC.

Thisis an optimization as only one of the two remaining generations will be evaluated.

Other optimizations are possible if the predicate is true for only arestricted region of a shape,
such asasingle element arow or column. Then only ascalar or avector heed be computed for
the true part of thej oi n, rather than an entire matrix.

A-expressions
The Array Form does not introduce any new aspects to A-bindings: the A-calculus already
permits arrays to be bound. But here | will discuss how array bindings are formed when
converting to Array Form.

A generation of a A-expression which binds a scalar value can be converted into data-parallel
form by binding an array of values. references to the bound identifier in the body of the
expression are converting into references to the appropriate element of the bound array.

. sd.

generate(S, Ai -Ax-B (e))

==>

AX-generate(S, Ai-B [elenent(X,i)/x]) (generate(S, \i-e))
. SC.

An optimization is possible for A-expressions: if the bound value is independent of the gener-
ating index, the A-binding is moved outside the generation:

. sd.
generate(S, Ai -Ax-B (e))
==>
Ax-generate(S, \i -B) (e)
where e isindependent of i
. SC.
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Other Categories of Expressions

Other functions that occur inthe Array Form are:

Shifts
The Array Form defines functions to correspond to the vector and matrix shifting functions
of FPE: e.g. vector. shiftright and matri x. shi ftnorth. The main purpose in using
function names such as the above rather than the names employed by FPE is that some
transformations manipul ate functions based solely onthevect or or mat ri x prefix. Thus, the
names are more convenient for some transformations.

The conversion of generations into shiftsis performed by transformation such as

. sd.
generate([n], A[i]-if (eq(i,1)) then 0.0 else elenment (A [i-1])
==>
vector.shiftright(A)
. sc.
Expansions

FPE allows the expansion of a scalar into a vector or matrix, and the row- or column-wise
expansion of avector into amatrix. The equivalent Array Form functions arear r ay. expand,
array. expand. rows and array. expand. col s. Aswith the shift functions, these names
are more convenient than those used by FPE.

Expansions arise from generations in which the generating function is independent of the
generating index

. sd.
generate(S, Ai-e) ==> expand(S, e)
where e isindependent of i
. SC.

or some component of the generating index

(. sd.
generate([mn], A[i,j]-e)
==>

expand. rows([ m, generate([n], A[j]-e))
where e isindependent of i
. SC.
. sd.
generate([mn], A[i,j]-e)
==>

expand. col s([n], generate([n], A[i]-e))
where e isindependent of j

. SC.
|

Extractions
FPE alows parts of a matrix (such as a row or column, or the diagona elements) to be
extracted into a vector using specia indexing techniques. The Array Form defines functions
for the common casesr ow, col and di agonal .

Extractions arise from vector generations with generating functions that accesses elements of
amatrix according to certain patterns (along arow, or along the diagonal). For example
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(. sd. )
Sgenerat e([n],A[j]-element (A [i,Jd]))
==>

generate([n], A[j]-element(row A i),[J]))
wherei isindependent of j , J isany function of j

and where A has shape [m, n].
. sC.

d.
Sgenerate([n],)\[i]-el ement (A [i,i]))
==>
di agonal (generate([n,n], A[i,j]-element(Ai,j])))
. SC.

J

(The generation introduce by the di agonal transformation isto allow for caseswhere Ais not
of shape[n, n].)

Patterns
The Array Form defines functions to correspond to FPE's pattern functions: e.g. pat -
tern. di agonal and pattern.lowertri. Again, these names are more convenient than
those used by FPE.

Patterns arise from matrix generations in which the generating functions are simple boolean
relations between the generating indices. For example, the relation 7 < j corresponds to the
lower triangle pattern. Examples of transformations to convert such generations are:

( )
sd.
generate([n,n], A[i,j]-bool.eq(i,j))
==>
pattern. di agonal (n)
. SC
. sd.
generate([n,n], A[i,j]-bool.lesseqp(i,j))
==>

pattern.lowertri(n)
.- S¢

J

Note that the boolean predicates are functions which have elementwise forms, so applications
can be converted by the elementwise transformation. The transformations listed here have
precedence over the elementwise transformation.

Summary
The conversion to Array Form is based primarily upon propagation rules that drive generations into

expressions, creating applications of data-parallel functions en route, and upon rules which eliminate
generations entirely, replacing them with data-parallel functions.

These rules form asimple algebra relating generations of scalar functions to data-parallel functions.

583 MVM Example

The Array Form of MVM isshown infigure 5.11.

584 Summary

After conversion to Array Form, a specification is in a form with an operational interpretation
well-suited to the DAP, athough the form is still pure and functional.
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fun init
= n
AAAB:
fol d. rows(
map2( A,
expand. col s(V, n),
real .tinmes),
real . plus, 0.0)
(realarray.read_matrix([n,n))
(realarray.read_vector([n]))

1
\. J

Figure 5.11: Array form of MVM
5.9 Common Sub-expression Elimination

In this section | discuss a sub-derivation that performs common sub-expression elimination (CSE),
which attempts to ensure that expensive computations are not repeated, by A-abstracting multiple
occurrences of expensive computations.

When constructing afunctional specification, aprogrammer isencouraged to develop aclear, modular
specification. A modular structure can often require more than one function to compute the same
value. For example, inthefull specification of the POT algorithm (discussed in the foll owing chapter),
the functions POTst ep and | sCk both compute the triple matrix product R x A = R (bound to the
identifier B). If an implementation were to repeat this computation, it would be extremely inefficient.

It would be possibl e to rewrite the specification so that the product isevaluated only once, anditsvalue
passed as an argument to both functions. But a specification is supposed to be immune to concerns
of efficiency: the specification of POT was written in manner that seemed most straightforward, and
it should not be changed just to try to improve efficiency.

Further, even when a specification is structured to avoid multiple evaluations of the same expression
(say by binding the value to an identifier), there is no guarantee that the structure will be preserved by
the Unfolding and Static Evaluation stages of the derivation. Those stages assume that all structure
in aspecification is present to facilitate construction or understanding, not for efficiency; those stages
strip away most of the structure of a specification to produce a simple form, because that facilitates
manipulation of programs.

Thus, the task of structuring an implementation to avoid multiple evaluations of an expression is
left to the derivation producing the implementation: the Common Sub-expression sub-derivation
introduces structure (in the form of A-bindings) in an attempt to ensure that expensive computations
are performed only once. The introduction of this structure is performed late in the derivation, just
before conversion to imperative form, by which stage the specification explicitly contains al the
expressions that will be evaluated in the implementation.

Thus, given an expression such as

(FCe.g(h(e))) )

where the evaluation of e iscomputationally expensive, the Common Sub-expression sub-derivation
A-abstracts e:

(xF(x g(h(x0)) (@) )

CSE is rather more complex than simply spotting multiple occurrences of some expression and
abstracting it: the main problems that arise are:
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e | dentifying computationally expensive functions;

¢ Obeying scoperules;

¢ Denotational equality as opposed to syntactic equality;
e Sub-expressions of generating functions;

e Conditional expressions and computational errors.

I dentifying Computationally Expensive Expressions

The first issue to be addressed in CSE is. how to identify computationally expensive expressions.
The approach taken in this thesis is to identify forms of expressions that are not to be considered
expensive, and assume all other expressions are expensive. The inexpensive expressions are:

e Literal constants of any type.
o |dentifiers.

e Shapes: itisexpectedthat all computationson shapes have been eliminated (by static evaluation,
say) and so any shapes remaining must be simple lists of dimensions.

Applications of the tuple component function, pi .

Applications of theel ement function.

Applications of certain functions (such as integer addition and boolean conjunction) are iden-
tified as being inexpensive, if each of their argumentsisitself inexpensive.

Obeying Scope Rules

An expression cannot be abstracted at just any point in a program: scope rules must be obeyed. For
example, an expression that contains the bound identifier of a A-expression cannot be moved outside
the body of that A-expression. So, for example, the following abstractions are wrong:

;\§->9(X)+9(X) (e)

AV-AX-v+v (e) (g(x))

f_(_/\x-g(x) +1 (el), Ax-g(x)+2 (e2))
MWt (Oxv+l (el). Axv+2 (e2)) (g(x))

The first is wrong because it moves the sub-expression g( x) outside the binding scope for x. The
second iswrong because it abstracted two sub-expressions which have different values, though they
are syntactically the same.

Such incorrect abstractions are prevented by a combination of two techniques:

e Abstraction always occurs at the ‘lowest’ possible position. This prevents errors of the first
type, since abstraction would already have taken place inside the A-body (and so would not be
attempted outside the body).
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o All bound identifiers are ensured to be unique. This prevents errors of the second type by
syntactically distinguishing the two applications of g.

Denotational Equality

To function, CSE must be able to decide if two expressions are ‘equivalent’. In the most general
sense, ‘equivalent’ means the expressions compute the same value, but it is impossible to decide
whether two arbitrary expressions compute the same value. Syntactic equality is simple to ascertain,
but is overly restrictive for CSE; for example, it would prevent any two A-expressions which differ
only in their bound-identifiers from being considered equivalent.

So when comparing two expressions, CSE makes copies of the expressions and applies two modifi-
cations:

o all applied A-expressions are [5-reduced;

o if the two expressions are generations or reductions, the unapplied A-expression that is the
generating function of one expression is a-converted to use the same generating index as the
other expression.

If the resulting expressions are syntactically equal, the original two expressions are considered equal.

Sub-Expressions of Generating Functions

Suppose an algorithm is to compute the following two values:

[generate([n],A[i]-g(f(i))) and reduce([n], A[j]-h(f(j)).,r,i nit)]
wheref isacomputationally expensive function.

The evaluation of each of these two expressions requires the evaluation of f (i) fori intherange 1
ton. Thus, thevaluesof f (i) are computed and stored in an array, and the generation and reduction
access the elements of this array:

[generate([rﬂ, AMil-g(v@i])) and reduce([n],A[j]-h(V@j]).r,init)) ]
whereVisgenerate([n], A[ k] -f(k)).

Conditional Expressions

Abstracting an expression can cause a problem by moving an expression out of alimb of aconditional
expression. For example, the abstraction

't () g ‘
[ [
thenpf(g,el) thenpf§g,el)
else if (q) el se i q)
then f (e, e2) ==> then f (v, e2)
el se e3 else e
end end
end end
\(g) J

iswrong sinceit causesthe expression e to be evaluated regardless of the values of p and q, whereas
in the original expression, e is not evaluated if both p and q are false — disaster if e can cause a
computational error.
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Note, however, that the following transformation is correct:

't (p) [Mi¢ o \
i p I p
then f(e,el) t hen f#g,el)
else if (q) el se
then f(e, e2 ==> then f M,ezg
el se f E,e33 else f(v,e3
end end
end end
(&) J

since e occursin all three limbs of the conditionals and so is guaranteed to be eval uated regardless of
the values of the predicates.

If-levels The method used to ensure that abstraction does not cause an expression to incorrectly
move outside a conditional expression is to assign each expression an if-level which indicates how
deeply that expression is nested inside conditional expressions; transformations must not abstract an
expression in such away that itsif-level would change.

So, for example, the above expression before abstraction would be marked

if (p:0)

t hen fgezl,el:l):l

el se i g: 1)
then f e:2,e2:2;:2
else f(e:2,e3:2):2
end: 1

end: 0.

where each expression’s if-level is one greater than that of the immediately enclosing conditional
expression. The if-level forms part of an expression: two expressions are considered equal only if
they have the sameif-level.

Then, if an expression E contains multiple occurrences of an expression e, a A-abstraction of e can
be formed around E only if E and e have the same if-level.

Thus, given the expression

if (p:0)
then f(e:1,el:1):1
else if (qg:1)
then f(e:2,e2:2):2
else e3:12
end: 1
end: 0

the abstraction of e is not performed because e has if-levels 1 and 2 while the (outer) conditional
expression as awhole hasif-level 0.

Lowering If-Levels Therule given above for if-levels is overly restrictive. For example, the rule
as stated above would assign if-level s as shown below:

if (p:0)

then f(e:1,a:1):1
else g(e:1,b:1):1
end: 0

With such if-levels, the sub-expression e cannot be abstracted from the conditional becausee isat a
higher if-level than the conditional. However, because e occursin both limbs of the conditional (and
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not inside afurther conditional), it is guaranteed to be evaluated if the conditional is evaluated, so the
if-level of e can be lowered to that of the conditional without the risk of introducing computational
errors, alowing abstraction

Ax-if (p:0)
then f(x:1,a:1):1
else g(x:1,b:1):1
end: 0

(e:0):0

Thus, the following rule holds: if aconditional at level i contains a sub-expression e at level i +1 in
both of itslimbs, then the level of both es can be lowered toi .

59.1 Method

The implementation of CSE is detailed in appendix B.

592 MVM Example

There are no repeated expressions in the MVM example, so the Common Sub-expression sub-
derivation has no effect on the example. It is however important for the extended examples (chapter
6).

510 Summary

The philosophy of constructing specifications for clarity rather than efficiency requires a derivation
to undertake the task of structuring a specification to avoid repeating expensive computations. The
Common Sub-expression stage of the derivation A-abstracts multiple occurrences of manifestly
equivalent expressions whose computation is non-trivial.

Onelimitation of the sub-derivation isthat there may be occasions when human reasoning isrequired
to decide that two expressions which are not manifestly equivalent do nevertheless compute the same
value; the sub-derivation would fail to abstract such expressions.

A further limitation of the sub-derivation is that abstraction is restricted to within a single function
definition: the same expression occurring in different functions would not be abstracted. This
restriction isnot important for the examples considered in thisthesis (and, | believe, for the majority of
numerical algorithms) because function unfolding collapses each specification into asingle function.

5.11 Fortran Plus Enhanced

The derivation for implementing the Array Form in Fortran Plus Enhanced issimilar to that described
in section 4.5.1 for converting the A-calculus into Fortran77. The main extensions to that derivation
required for FPE are transformations to implement the basic array functionsgener at e andr educe®
and to implement the data parallel conditional j oi n. Other extensions are mostly for matters of
syntax: for example, to accommodate the declaration of vectors and matrices and the novel indexing
techniques employed by FPE.

®Not all applications of these functions will always be eliminated by the Array Form derivation.
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integer n

par anet er (n)
real init(*n
real A(*n,*
real V(*n)
call readmatri XEA,

n
call readvector(V,n
init = sunmc(A*matr(

n)

{/, n))

J/

Figure 5.12: Fortran Plus Enhanced version of MVM

The Fortran Plus Enhanced version of the MVM example is shown in figure 5.12.

5.12 Summary

This chapter has discussed the stages in a derivation to convert an SML specification into a Fortran
Plus Enhanced implementation for the DAP array processor:

SML — DAP
= SML — A-Calculus— Unfolding — Static Evaluation

— Array Form — Common Sub-expression Elimination — FPE.

A specification is constructed in aform that facilitates human understanding;

e itisthen recast into aform that simplifies automated manipulation (by transformations);

o the specification is then reduced to a simple, minima form by unfolding definitions and
evaluating expressions;

e it is then converted into an explicitly data-parallel form with operation semantics suited to
execution by an array processor;

o the specification is restructured to eliminate repeated computations;

o finally, itistranslated into an imperative form suited to the DAP compiler.

Each stage of the derivation was illustrated with matrix-vector multiplication; an important and non-
trivial operation, but still comparatively simple. It remains to be shown how the derivation performs
with a more complex algorithm.

5.13 Chapter Notes

i (page 79)
Curioudly, though, developers of compilers for imperative languages often argue against un-
folding precisely because it increases the number of cache rebuilds (caused by the bodies of
subroutines becoming too large to be able to fit entirely into the cache). However, asillustrated
earlier in the discussion on Static Evaluation, techniques can be employed in a functional
context to reduce the size of function bodies after unfolding; such techniques are unlikely to
be available for subroutines in an imperative context.
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Chapter 6

Extended Examples

In this chapter, | present some extended examples for the DAP derivation:;

e Thefull derivation of the Conjugate Gradient algorithm from SML specification, through each
intermediate form, to the Fortran Plus Enhanced implementation for the DAP.

e The SML specification and FPE implementation of the POT algorithm; the performance of the
FPE implementation is compared with that of a hand-crafted implementation.

The program sections included in this chapter are taken from derivation traces. | have made some
attempt to improve the readability of some of the more awkward sections, but | generally prefer not
to change traces as it is easy to introduce errors; the forms of CG after the Static Evaluation stage
have been left in curried form (the form used by most stages of the derivation).
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6.1 Introduction

A small agorithm, such as the matrix-vector multiplication algorithm in the previous chapter, is
useful for illustrating the process of derivation. However, an important aspect of transformations
is that they should, when possible, be generaly applicable. There is thus the need to illustrate the
effectiveness of the transformations when applied to more complex problems, in which operations
such as matrix-vector multiplication, vector addition, vector scaling, etc. become combined together.

In this chapter, | present the derivation of implementations of two fairly complex algorithms. a bi-
conjugate gradient algorithm (similar to the conjugate gradient algorithm discussed in section 2.2.3)
and the POT algorithm (section 2.2.3). These derivations are intended to provide a more persuasive
illustration than matrix-vector multiplication of the effectiveness of the derivation.

N.B.: some of the program sections included in this chapter are quite long, and it has usually been
necessary to reduce the type size for presentation. There is no other significance in the size changes!

6.2 Conjugate Gradient

In this section, | discuss the Conjugate Gradient algorithm and its specification; following sections
discuss the derivation of an implementation of CG for the AMT DAP array processor.

The Conjugate Gradient algorithm uses an iterative process to compute (an approximation to) the
vector z of order n satisfying the equation Az = b where A is apositive, definite, symmetric matrix
of order nxn and b isavector of order n.

[80] p152
To solve Az = b, where A is a positive definite symmetric n x n matrix:
Set an initial approximation vector o,
calculate theinitial residual 1o = b — Az,
set theinitial search direction pg = rg;
then, for:=0,1,...,
(@ calculatethe coefficient o; = p!r; /p} Ap;,
(b) setthe new estimate z; 1 = z; + a;p;,
(c) evaluate the new residual Tip1 = 1 — Qi Ap;,
(d) calculate the coefficient 3; = —r;14p:/p! Ap:,
(e) determine the new direction p; 1 = 7511 + Bipi,
continue until either r; or p; is zero.

Figure 6.1: Mathematical definition of Conjugate Gradient

The mathematical definition of Conjugate Gradient was presented earlier (section 2.2.3), and is
repeated here for reference (figure 6.1). The name "Conjugate Gradient” often refers to a class of
algorithms which employ the basic method defined in this figure, rather than to a specific algorithm.
The particular version used in this chapter is known as a bi-conjugate gradient agorithm, though |
shall continue to refer to it simply as conjugate gradient or CG. The functional specification isshown
in figure 6.2. This specification is a modification of a specification supplied by some colleagues. as
far as| am aware, no ‘mathematical definition’ of this precise form was constructed; in effect, the
mathemati cians devel oping the algorithm used afunctional specification as their definition.
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rtype cgstate = real vector*real vector*real vector*real vector; )
funI cgiters(a:real matrix,b:real vector):cgstate
= let
§* Terminating condition.*
un isok((x,r,p,q):cgstate): bool

i nnerproduct (r, r)<epsil on;

§* One iteration.*)
Enl ggl ter((x,r,p,q):cgstate):cgstate

val rr:real = innerproduct(r,r);
val al pha:real = rr/innerproduct(q,q);
val x’:real vector = x+p*al pha;
val atq:real vector = transpose(a)*q;
val r’:real vector = r-atqg*al pha;
val beta:real = innerproduct(r’,r)/rr;
val p’:real vector r’+p*bet a;
val g:real vector = a*r’+g*beta

in )
cgstate(x’,r’, p’, q)
~end
in
[ éer ate(cgiter, cgstate(x0,r0,p0, q0), isok)
en

\ J/

Figure 6.2: SML specification of bi-conjugate gradient

e The algorithm is based upon manipulation of a set of vectors z,r,p and ¢ (z being the approxi-
mation to the solution); the type cgst at e isdefined to represent the set of vectors, asa4-tuple
of real vectors. Instances of the cgst at e type are constructed using the function cgst at e.

e The function cgiters takes A and b as arguments and returns a cgst at e containing the
approximate solution.

e The agorithm is iterative in nature, so cgi ters is an application of thei terate library
function.

— Thefirstargumenttoi t er at e isafunction defining the computation that isto be repeated:
cgiter.

— The second argument is a value (an instance of cgst at e) with which to begin the
repetition.

— The third argument is a function which determines when the repetition is to cease (i.e.
when the approximation is sufficiently accurate): i sok.

o Thefunction defining the repeated computation, cgi t er , takes one argument of typecgst at e
and returns a value of the same type. In the specification, pattern matching is used to bind the
names x,r ,p and q to the four components of the cgst at e argument.

e The body of cgiter computes the next set of vectors as local values x/, r’, p’ and q’ and
returns these values as an instance of cgst at e.

e For brevity, the computation of the initial values x0, r 0, p0 and g0 is not shown.

e The bulk of the computational costs are incurred by the two matrix-vector products, in the
computation of at g and q'.

Although the functional specification is not based directly upon a mathematical definition, | believe
that the specificationisstill clear and natural: anyone with abasic knowledge of linear algebra should
be able to follow the specification.
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6.2.1 M-CalculusForm of CG

I now discuss the derivation of a DAP implementation (expressed in Fortran Plus Enhanced) of
Conjugate Gradient from an SML specification.

An SML specification is designed to be simple for people to read and understand, but the syntax
is often cumbersome to manipulate automatically. So, an SML specification is converted into the
A-calculus form, which has avery simple syntax, facilitating transformation.

SML — DAP
= SML — A-Cdlculus....

p
fun isok:cgstate->bool

= Ax001-

Ax:real vector:
r:real vector:
p:real vector:-

/\q:real vector:
innerproduct(r,r)
(pi(4,x001))
(pi(3,x001))
(pi(2,x001))
(pi(1,x001));
fun cgiter:real matrix->(cgstate->cgstate)

4 \
fun cgiters(a:real matrix,b:real vector) = Ma:real matrix-
:cgstate )\x001'
= let

x:real vector:
r:real vector:
p:real vector-

/\q:real vector:

(* Terminating condition.*)
fun isok((x,r,p,q):cgstate):bool
= innerproduct(r,r)<epsilon;

(* One iteration.*) Arr: 1-
fun cgiter((x,r,p,q):cgstate):cgstate [rirea

= let )\alpha:real-

val rr:real = innerproduct(r, r); Ax :real vector-

val alpha:real = rr/innerproduct{(q, q); atq:real vector:

val x,:real vector = x+p*alpha; — /\r,:real vector:

val atq:real vector = transpose(a)*q; beta:real’

val r,:real vector = r-atqg*alpha; /\p :real vector:

val beta:real = innerproduct(r,,r,)/rr; /\qI:real vector*

val p,:real vector = r,+p*beta; cgstate(xl,rl,p,,q,)

val q,:real vector = a*r,+q*beta (op.plus( ,

in T op.times(a,r'),

cgstate(x ,r ,p ,q) op.times(q,beta))

end
in / :
iterate(cgiter,cgstate(x0,r0,p0,q0),isok) (op.plus(r ,op‘tlmes(p,beta)))l ,

[ end ) (op.quotient(rr,innerproduct(r ,r )))

(op.difference(r,op.times(atq,alpha)))
(op.times(matrix.transpose(a),q))
(op.plus(x,op.times(p,alpha)))
(op.quotient(rr,innerproduct{q,q)))
(innerproduct(r,r)
(pi(4,x001))
(pi(3,x001))
(pi(2,x001))
(pi(1,x001));
fun cgiters:real matrix*real vector->real vector
= Aa'Ab'iterate(cgiter(a),

cgstate(x0,r0,p0,q0) , isok)
| J/

Figure 6.3: Conversion to A-calculus form of CG

The main changes that occur to CG when it is converted to A-calculus form (figure 6.3) are:
e Thedefinitions of the functions cgi t er s and i sok become top-level definitions.

e Local values become A-expressions (in particular, note the A-bindings of x’, r’, p’ and ¢’ in
cgiter).
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o Prefix functions are used instead of operators. (Thefunction pi selectsadesignated component
of atuple.)

e The SML specification used pattern matching to bind x, r, p and g to components of the
cgst at e argument of theiteration function (cgi t er); this pattern matching has been removed
by introducing asimple name (x001, of type cgst at e) for the argument and introducing x, r
p and g in A-expressions which bind those names to the appropriate components of x001.

6.2.2 Unfolded Form of CG

A functional specification should bedesigned in an abstract manner, using functional decompositionto
facilitate human understanding. However, functional decomposition isoften detrimental to execution
performance and to manipulation of the specification, so function applications are eliminated, where
possible, by unfolding function definitions.

SML — DAP
= SML — A-Caculus— Unfolding ....

When CG is unfolded, the entire specification collapses into a single function definition, with the
bulk of the computation being performed by the application of i t er at e (which was contained in the
function cgi t er s inthe SML specification).

The unfolded form of CG istoo large to present in its entirety here, but to provide an illustration of
the nature of the unfolded form, | include in figure 6.4 the unfolded form of the expression for x’.

4 3\
Ag312:rea1 ma-
/\g311:rea1 ma-
multiarray.generate
(multiarray.shape (g312:real ma))
(Agt70-
reals.plus
(multiarray.element
(g312:real ma)
(g170) :real

(multiarray.element
(g311:real ma)
(g170) :real
) :real
):real ma
(Ag374:real ma:
)\g373:rea1'
multiarray.generate
(multiarray.shape (g374:real ma))
(Agle7
reals.times
(multiarray.element
(g374:real ma)
(g167) :real

(op.plus (x,op.times(p,alpha)) ) —

)
(g373:real):real
) :real ma
(g439:real):real ma
(pi (3:int)
(g686: (real ma*real ma*real ma*real ma*int)):real ma
):real ma
):real ma
(pi (1:int)
(g686:(real ma*real ma*real ma*real maxint)):real ma

):real ma
\ J

Figure 6.4: The A-calculus and unfolded forms of x’

e 0312 is bound to the first component, x, of the cgst at e argument (g686) to the iteration
function.
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e The vaue bound to g311 isp scaled by «. (The value denoted by al pha in the A-calculus
form isbound to theidentifier g439, whichinturnisbound to g373; the value bound to al pha

isnot shown.)

All of the bindings shown in the figure can be eliminated, and are eliminated, by Static Evaluation.

6.2.3 Statically Evaluated Form of CG

SML — DAP
= SML — A-Caculus — Unfolding — Static Evaluation ... .

p
fun isok:cgstate->bool

= Ax001-
x:real vector:
r:real vector:
)\p:real vector-
)\q:real vector-
innerproduct (r,r)
(pi(4,x001))
(pi(3,x001)) e \
(pi(2,x001))
(pi(1,x001));
fun cgiter:real matrix->(cgstate->cgstate)
= Aa:real matrix-
Ax001-
Ax:real vector:
r:real vector-
p:real vector-

iterate
(/\g686:rea1 array*real array*...-

)\g436:rea1 array-
tuple (2&1,5436,EZ,£2£)
RD,

tuple(
generate([n],

Alg11141-0.0)

)\q:real vector- g457,
Arr:real- g457,
alpha:real* generate([n],
Ax’ :real vector Alg1123]-

atq:real vector: reduce([n],
Alg1122] real.times(

/\rI:real vector- — >
Abeta:real- element(g458, [g1123,g1122]),
)‘PI .real vector- element(g457, [g1122 1)),
)\q,'real vector:* real plus,0.0)
cgstate(xl,r,,p,,ql) ),
(op.plus( /\g430:rea1 ma*real max...-*
. / real.lessp(
.t
zg.t;EZZE::;g‘t’a)) real.sqrt(reduce([n],
) Alg1133]-
(op.plus (rl op.times(p,beta))) real.sqr(element(pi(2,g430),[g1133])),
’ ’ real.plus,0.0)
(op.quotient(rr,innerproduct «',H ) P
(op.difference(r,op.times(atq,alpha))) ),
(op.times(matrix.transpose(a),q)) 1.0E-14
(op.plus(x,op.time(p,alpha))) )
|\ J

(op.quotient(rr,innerproduct{(q,q)))
(innerproduct(r,r)
(pi(4,x001))
(pi(3,x001))
(pi(2,%001))
(pi(1,x001));
fun cgiters:real matrix*real vector->real vector
= )\a')\b'iterate(cgiter(a),
cgstate(x0,r0,p0,q0) ,isok)

J/

Figure 6.5: The A-calculus and Statically Evaluated forms of CG

Functional decomposition can introduce overheads for the management of the intermediate data
structures that are created as arguments for and return values from functions; function unfolding
reduces the number of function applications, but not the number of intermediate data structures.
Static Evaluation attempts to remove these data structures, leaving the specification in avery simple,

concise form.
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The Statically Evaluated form of CG, though much shorter than the Unfolded form, is still rather
large: itis presented here in sections. Figure 6.5 shows the application of i t er at e, which performs
most of the computation. | have introduced labels X', P, Q" and R’ into the expression to indicate
large expressions that are detailed below: the labels are for presentation purposes only — they do
not correspond to, say, names introduced by A-expressions. (Note that the figure also shows the
A-calculus form of these expressions, rather than the unfolded form from which the evaluated form
isderived; as| previously stated, the unfolded form istoo large to be presented here.)

e The bindings for x, r, p and g (components of g436, the argument of the iteration function)
have been reduced.

e The functions cgiters, cgiter and i sok have been unfolded: the diagram on the right
shows the application of i t er at e after unfolding (and evaluation).

e Theinstance of cgst at e returned by the iteration function is now constructed explicitly as a
tuple. (i.e. the definition of the function cgst at e has been unfolded.)

e The bindings for x’, p’ and q’ have been reduced (so the expressions to which the names
were bound, rather than the names themselves, now appear directly as components of the tuple
expression).

e Thebinding for r’ has not been reduced, asit is used in multiple placesin the tuple expression.

The expressions denoted by the labels X', etc. are detailed below.

X' Theexpression labeled X' (figure 6.6) corresponds to the expression bound to the name x’ in the
SML specification: the SML expression is shown beside the Evaluated form below for comparison.

4 N\
generate([n],
Alg1073]-
real.plus(
element (pi(1,g686),[g1073]),
real.times(
element (pi(3,g686),[g1073]),
real.quotient(
reduce([n],
Alg1093]-
real.times(
element (pi(2,g686), [g1093])

val rr:real = innerproduct(r, r);

val a}pha:real = rr/innerproduct{(q, q); —_— element (pi(2,g686), [g10931)),
val x :real vector = x+p*alpha; real.plus,0.0),
reduce([n],
Alg1105]-

real.times(
element (pi(4,g686), [g1105]),
element(pi(4,g686),[g1105]1)),
real.plus,0.0)
)

):real

):real array
\ J/

Figure 6.6: Statically Evaluated form of X’

The functions for the addition of two vectors, for scaling avector and for computing the inner product
of two vectors are defined in terms of gener at e and r educe. Unfolding and Static Evaluation
replace applications of the vector functions with equivalent applications of gener at e and r educe.

The generation is over ashape [n] asthisisthe shape of each of the four vectors manipulated by the
algorithm. The generating function combines: the computation of the inner product involving r ; the
computation of the inner product involving q; the scaling of p; and the addition of x with the scaled
p.
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e Theaddition of the two vectorsin the SML form givesriseto thereal addition at the outer-level
of the generating function in the Evaluated form.

e Thescaling of p givesriseto the real multiplication which is an argument to the addition.

e Theinner products give rise to the two reductions.

R’ Theexpression labeled R (figure 6.7) corresponds to the expression bound to the namer ’ in the
SML specification.

p
generate([n],

Alg1113]-
real.difference(
element (pi(2,g686),[g1113]),
real.times(
reduce([n],
Alg1111]-
real.times(
element(g458, [g1111,g1113]),
element(pi(4,g686),[g1111]1))
real.plus,0.0),
real.quotient(
reduce([n],

val rr:real = innerproduct(r, r);

val alpha:real = rr/innerproduct(q, q); i
val atq:real vector = transpose(a)*q; > )!giﬁ?ggines(
val r :real vector = r-atq*alpha; element (pi(2,g686),[g1106]),

element(pi(2,g686),[g1106])),
real.plus,0.0),
reduce([n],
Alg1107]-
real.times(
element(pi(4,g686),[g1107]),
element (pi(4,g686),[g1107]))
real.plus,0.0)
)

):real
):real array
\ J/

Figure 6.7: Statically Evaluated form of R

The SML form specifies the subtraction of at g*al pha from r. This vector subtraction becomes a
vector generation once function definitions have been unfolded. The shape of the generation is[n] as
thisisthe shape of all the vectors manipulated by the algorithm.

The generating function combines the scaling of at g, the subtraction from r, the computation of
at g (involving the multiplication of g by a transposed) and the computation of al pha (involving the
computation of two inner products, which give rise to two of the reductions in the evaluated form).

P’ Theexpression labeled P’ (figure 6.8) corresponds to the expression bound to the name p’ in the
SML specification.

Aswith R, unfolding matrix and vector functions gives rise to generations and reductions over the
shape [»] common to all the vectors manipulated by the algorithm. The two reductions derive from
the two inner products required for the computation of bet a.

Q' Theexpression labelled Q' (figure 6.9) corresponds to the expression bound to the name g’ in
the SML specification.

As above, unfolding matrix and vector functions gives rise to generations and reductions over the
shape [r]. The generating function combines the computation of the product of a withr’, the scaling
of g by bet a and the addition of the sameto that product and the computation of bet a.
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val rr:real = innerproduct(r, r);
val beta:real = innerproduct(rﬁrj)/rr;

val p,:real vector = r,+p*beta;

p
generate([n],
AlLg1000]-
real.plus(
element (g436,[g1000]),
real.times(
element (pi(3,g686),[g1000]),
real.quotient(
reduce([n],
Alg1003]-
real.times(
element (g436, [g1003]),
element(g436, [g1003]))
real.plus,0.0),
reduce([n],
Alg1094]-
real.times(
element(pi(2,g686), [g1094]),
element(pi(2,g686), [g1094]))
real.plus,0.0)

)
)

):real

):real array
\

Figure 6.8; Statically Evaluated form of P’

val rr:real = innerproduct(r, r);
val beta:real = innerproduct(rﬁlj)/rr;

val q,:real vector = a*r,+q*beta

p
generate([n],
Algoosl-
real.plus(
reduce([n],
ALg990]-
real.times(
element (g458, [g998,g990]1),
element (g436, [g990])),
real.plus,0.0),
real.times(
element (pi(4,g686),[g998]),
real.quotient(
reduce([n],
Alg1004]-
real.times(
element (g436, [g1004]) ,
element(g436,[g1004])),
real.plus,0.0),
reduce([n],
ALg1095]-
real.times(
element (pi(2,g686),[g1095]),
element (pi(2,g686),[g1095])),
real.plus,0.0)

):real
):real array

|\ J

Figure 6.9: Statically Evaluated form of Q'
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6.24 Array Form of CG

The Statically Evaluated form expresses array operations in an implicitly data-parallel manner, using
gener at e and r educe (which arise from the definitions of the matrix and vector library functions).
The Array Form expresses array operationsin an explicitly data-parallel manner, using a set of ssmple
functions which have data-parallel operationa semantics.

SML — DAP
= SML — A-Calculus— Unfolding — Static Evaluation

— Array Form....

(. ) ( iterate )
iterate (\g686-
(Ag686real array*real arrayx*...- /\g436
/\g436:rea1 array- 8 X! 2% i
tuple (X', g436,P,Q") E‘,Ple XD (gase) (B (QD
(&I) s ) =)
tuple(
generate([n], (zgpéi
Alg1114]1:0.0) (g457)
g457, (g457)
8457, (matrix.reduce.rows (real.plus) (0.0)
generate([n], (real.times.array
Alg1123]- (g458)
reduce([n], (matrix.expand.rows (n)
)\[g1122]-rea1.times( — (g457)
element (g458, [g1123,g1122]), )
element (g457, [g1122 1)), )
real.plus,0.0) ))
)
Y, (Ag430-
)\g430 :real ma*real ma*...- real.lessp
real.lessp( (real.sqrt
real.sqrt (reduce([n], (reduce. array (real.plus) (0.0)
Ag1133]- (real.times.array
real.sqr(element (pi(2,g430), [g1133])), Epl 8; Egzggg ;
real.plus,0.0) ) p1 g
) )
1.0E-14 )
)b (1.0E-14)
\. < \ ) J

Figure 6.10: Array Form of iteration

The Array Form sub-derivation successfully converts all of the array operations in CG into explicit
data-parallel form. For example the expression

( N\
generate([n],
A [g1123]- matrix.reduce.rows (real.plus) (0.0)
reduce([n], (1(“22;8‘;7 imes.array
A [g1122] 'real . times( has become (matrix.expand.rows (n)
element(g458, [g1123,g1122]), (g457)
element (g457,[g1122 1)), )
real.plus,0.0) )
\ J

In the former expression, any data-parallelism is only implicit: a direct Fortran implementation of
this expression would sequentially compute each of the n elements of a vector; the computation of
each element would involve n multiplications and (n — 1) additions, all performed sequentially.

In the Array Form expression, the data-parallelism is explicit: the n elements are computed simulta-
neously by summing along the rows of amatrix; the matrix itself isformed as an el ementwise product
of two matrices, one of which isformed by duplicating a vector in a row-wise manner.
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The only major sequentia operation remaining in the Array form of CG is the repeated application
of the iteration function. The Array version of the application of i t er at e is shown in figure 6.10;
as before, large expressions have been replaced with labels in the figure; the expressions are shown
below.

Figure 6.11 shows the expression that was labelled X' in the Evaluated form, and its Array Form
equivalent.

4 3\
generate([n],
. - N

A[g1073] (real.plus.array

real.plus( (pi(1)(2686))

element (pi(1,g686),[g1073]), pii1/ng

roal.times( (reél‘tlmes‘array

element (pi(3,g686), [g1073]), (pi(3) (g686))

(real.quotient
(reduce.array (real.plus) (0.0)
A[1093] - (reél.times.array
o (pi(2) (g686))
element (pi(2,g686) ,[g1093]) (pi(2)(g686))
element(pi(2,g686),[g1093])), - )

)
real.plus,0.0), (reduce.array (real.plus) (0.0)
reduce([n], (real.times.array
Alg1105]- (pi(4) (g686))
real.times( (pi(4)(g686))
)

real.quotient(
reduce([n],

element (pi(4,g686),[g1105]),

element(pi(4,g686),[g1105]1)), )
real.plus,0.0) )
) )

):real \ J/

|\ J

Figure 6.11. Evauated and Array forms of X'

e The generation of real addition has become an application of elementwise addition.

e The first argument to the addition has become the whole vector that is the first component of
g686.

e The argument to the addition was a real multiplication; it has become an application of
elementwise multiplication.

e Thefirst argument to this multiplication has become the whol e vector that isthe third component
of g686.

e The second argument to this multiplication was a rea quotient; it remains area quotient (i.e.
a scalar value) since the entire quotient is independent of the generating index. (A scalar is
equivalent to an expansion.)

e The values being divided were reductions; they are now el ementwise reductions.

e The generating functions of the reductions were real products; the vectors being reduced in
the elementwise reductions are elementwise products, with arguments that are whole vectors
(components of g686).

The expressions labeled R', P’ and Q' are shown in the following figures.
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P
generate([n],

Alg1113]-
real.difference(
element (pi(2,g686),[g1113]),
real.times(
reduce([n],
Algi111]-
real.times(
element(g458, [g1111,g1113]),
element(pi(4,g686),[g1111]))
real.plus,0.0),
real.quotient(
reduce([n],
Alg1106]-
real.times(
element (pi(2,g686), [g1106]),
element (pi(2,g686),[g1106]1)),
real.plus,0.0),
reduce([n],
Alg1107]-
real.times(
element (pi(4,g686),[g1107]),
element (pi(4,g686), [g1107]))
real.plus,0.0)
)

):real

. J/

p
(real.difference.array
(pi(2)(g686))
(real.times.array
(matrix.reducecols (real.plus) (0.0)
(real.times.array
(g458)
(matrix.expand.cols (n)

(pi(4) (g686))
)

)
)

(real.quotient
(reduce.array (real.plus) (0.0)
(real.times.array
(pi(2)(g686))
)(pi(2)(5686))

)

(reduce.array (real.plus) (0.0)
(real.times.array
(pi(4) (g686))

)(pi(4)(5686))

Figure 6.12: The Evaluated and Array of R

p
generate([n],
Alg1000]-
real.plus(
element (g436, [g1000]),
real.times(
element (pi(3,g686),[g1000]),
real.quotient(
reduce([n],
AlLg1003] -
real.times(
element (g436, [g1003]),
element (g436, [g1003]))
real.plus,0.0),
reduce([n],
Alg1094]-
real.times(
element (pi(2,g686), [g1094]),
element (pi(2,g686), [g1094]))
real.plus,0.0)

)
)

) :real

J/

P
(real.plus.array

(g436)

(real.times.array

(pi(3)(g686))

(real.quotient
(reduce.array (real.plus) (0.0)
(real.times.array (g436) (g436) )

)

(reduce.array (real.plus) (0.0)
(real.times.array
(pi(2)(g686))

)(pi(2)(g686))

Figure 6.13: The Evaluated and Array forms of P’
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p
generate([n],

Algoosl-

real.plus(

reduce([n], ( )
[z990]- (real.plus.array

g A (matrix.reducerows (real.plus) (0.0)
real.times(

(real.times.arra
element (g458, [g998,g990]) , (g458) y
element (g436,[g9901)),

(matrix.expand.rows (n) (g436) )

real.plus,0.0), )
real.times( )
element(pi(4,g686),[g998]), (real.times.array
real.quotient( (pi(4) (g686))
reduce([n], (real.quotient
A[g1004]' —_ (reduce.array (real.plus) (0.0)
real.times( (real.times.array (g436) (g436) )
element (g436, [g1004]), )
element (g436,[g1004])), (reduce.array (real.plus) (0.0)
real.plus,0.0), (real.times.array
reduce([n], (pi(2)(g686))
AlLg1095] - (pi(2) (g686))
real.times( )
element (pi(2,g686), [g1095]), )
element(pi(2,g686), [g1095])), )
real.plus,0.0) ))
) . /

) :real
):real array

\. J

Figure 6.14: The Evaluated and Array forms of Q’

6.2.5 Common Sub-expression Eliminated Form of CG

The Unfolding and Static Evaluation sub-derivations remove most of the structure that is present
in the SML specification, on the assumption that such structure is present primarily for human
understanding. One result of removing this structure isthat the program contains several expressions
that are computed more than once. The Common Sub-expression Elimination sub-derivation removes
multiple occurrences of each (non-trivial) expression by A-abstracting the expression (i.e. by binding
the expression to aname, and replacing all other occurrences of the expression with that name).

SML — DAP
= SML — A-Calculus— Unfolding — Static Evaluation

— Array Form — Common Sub-expression Elimination ... ..

Theform of CG after Common Sub-expression elimination is essentially the same asthe Array Form,
except that some additiona A-bindings have been introduced. The bindings and the uses of the names
introduced by the bindings have been underlined in figure 6.15. (NB: for brevity, the figure shows
only the iteration function.)

¢ 91296 is areal vaue, the inner-product involving the second component, r, of g1284 (the
argument of the iteration function). This binding corresponds to that for rr in the SML
specification.

e 91295 is ared value, the quotient of the previous binding and the inner-product involving
the fourth component, q, of g1284. This binding corresponds to that for al pha in the SML
specification.

e 91283 isareal vector corresponding to the binding for r’.
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4 N\
lambda g1284 @ (real.quotient
lambda g1296:real @ (reduce.array (real.plus) (0.0)
lambda g1295: real @ (real.times.array
lambda g1283:real array @ (g1283)
lambda g1292:real @ (g1283)
tuple )
(real.plus.array )
(pi (1) (g1284)) (g1296)
(real.times.array )d
i en
2212523 (g1284)) (real.difference.array
y (pi (2) (g1284))
) (real.times.array
(g1283) (matrix.reducecols (real.plus) (0.0)
(real.plus.array (real.times.array
(g1283) (g1287)
(multiarray.expand.cols (n)
(real.times.array (pi (4) (g1284))
(pi (3) (g1284)) )
( g1292) )
) )
) (g1295)
(real.plus.array )
(matrix.reduce.rows (real.plus) (0.0) )
(real.times.array end i
(g1287) (real.quotient
(multiarray.expand.rows (n) (g1283)) (g1296)
) — (reduce.array (real.plus) (0.0)
) (real.times.array
(real.times.array (pi (4) (g1284))
(pi () (g1284)) (pi (4) (g1284))
¢ g1292) )
) )
) )
end end
(reduce.array (real.plus) (0.0)
(real.times.array
(pi (2) (g1284))
(pi (2) (g1284))
)
)
end
. J/

Figure 6.15: The iteration function of CG after Common Sub-expression Elimination

e 91292 isared value, the quotient of the inner-product involving the previous binding and the
first inner-product. This binding corresponds to that for bet a in the SML specification.

6.2.6 DAP

Finally, the optimized, functional Array Form is converted into DAP specific form, expressed in
imperative Fortran Plus Enhanced.

SML — DAP
= SML — A-Caculus— Unfolding — Static Evaluation

— Array Form — Common Sub-expression Elimination — FPE.

The Fortran Plus Enhanced implementation of CG is shown in figure 6.16; the SML specification is
also shown.

e The set of vectors manipulated by the algorithm isrealized as four arrays x(*n) , etc. The*s
in the declarations indicate that these arrays are to be processed by the processor grid. The
computation of the vectors for the next approximation is performed as destructive updates on
these arrays, so there are no separate variables corresponding to x’, etc.

e Theiteration required by the algorithm (expressed using i t er at e) isimplemented as a GOTO
loop beginning at the line with label 1 and ending at the line with label 15.
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4 N\
real*8 A(*n,*n)
real*8 x(*n)

e ) % %
type cgstate = reeal vector*real vector*...; iz:i*g ;E*ﬁg

fun cgiters(a:real matrix,b:real vector) :cgstate real*8 q(*n)

= let :
(* Terminating condition.*) integer cnt
€ real*8 b(*n)
fun isok({x,r,p,q):cgstate):bool real*8 ri(*n)
= innerproduct(r,r)<epsilon; real*8 beta

. . real*8 rr
(* One iteration.*)

fun cgiter({x,r,p,q):cgstate) :cgstate
= let

val rr:real = innerproduct(r, r); éontinue

1
val alpha:real = rr/innerproduct(q, q); 2 rr = sum(r*r)
/
val x :real vector = x+p*alpha; —_— .
val atq:real vector = transpose(a)*q; Z ;ztés?gt(rr).lt. 1.0E-14) then
val r,:real vector = r-atqg*alpha; 5 else
val beta:real = innerproduct(rl,rl)/rr; 6 alpha = rr/sum(g*q)
’ ’ 7 r1l = r-sumr(A*matc(q,n))*alpha
val p :real vector = r +p*beta; 8 beta = sum{ri*ri)/rr
val q,:real vector = a*r,+q*beta ?O = sEm:éA*matr(rl,n))+q*beta
in X = X¥p
P 11r=ri
cgstate(x ,r ,p ,q) 12 p = ril+p#*beta
,_end 13 goto 1
in
iterate(cgiter,cgstate(x0,r0,p0,q0),isok) 14 endif
\ end ) 15 continue
| : J/

Figure 6.16: DAP Fortran implementation of Conjugate Gradient

e Line 2 computes the inner-product of r with itself. This value is the measure of the accuracy
of the approximation.

o If theapproximation is sufficiently accurate, the loop is exited by the GOTO statement on line 4.
e Otherwise, the next set of values (x’, r’, p’ and q’) is computed by lines 6 to 12

e Notein particular that lines 7 and 9 compute the two matrix-vector products:

transpose(A) *q — sunr(A*matc(qg, n))

Axr! — sunc(A*matr(ri,n))
In the first product, the matrix A is transposed, but no explicit transpose operation occurs
in the implementation; rather, row and column operations in the implementation of normal
matrix-vector multiplication (i.e. without the transposition) are interchanged. Thisisthe cause
of the dlight difference in form between the implementations of the two products.

Examination of the implementation shows it to be quite efficient: it certainly makes effective use
of the DAP hardware, with all vector and matrix operations being performed in fully data-parallel
manner. The only unsatisfactory aspect of the implementation is the unnecessary use of the variable
r 1: theassignment tor 1 inline 30 could be replaced with an assignment to r , obviating the need to
assignr later. Efficiency could be improved by eliminating two vector assignments and one vector
variable. The improvement would not be major (as vector assignments are very cheap on the DAP),
but is desirable nonetheless; transformations do exists for optimizing the reuse of storage, but that
topic is beyond the scope of thisthesis.

Some of the operations in the SML specification (such as vector addition and scaling) are amaost
identical to their counterparts in the FPE implementation; such operations would have been easy to
implement manually. What are more interesting are the matrix-vector products: the FPE counterparts
of these are somewhat esoteric. Even so, the implementation of CG on the DAP would not be
considered difficult.

113



EXtenaed Examples 0.5 POT

That does not mean that all the effort in constructing specifications and deriving the FPE implemen-
tation has been in vain. The same derivation can be applied to the POT agorithm (discussed in the
next section), the implementation of which for the DAP is not simple. Further, the next chapter con-
siders minor modifications to the derivation that permit sequential and CRAY implementations to be
produced. Then, the the derivation is extended to tailor implementations to use sparse data types, for
sequential, CRAY and DAP systems. The sparseimplementations are definitely not straightforward.

6.3 POT

To illustrate further the effectiveness of the DAP derivation, | here discuss the implementation
of the POT agorithm. For brevity, | present only the specification and the Fortran Plus Enhanced
implementation (omitting the intermediate forms): the specification and implementation are generally
the only forms that would be of interest to a programmer using a derivation, and the implementation
would be of interest only in the sense that it is to be presented to the compilation system; it is not to
be studied. | aso compare the execution performance of the derived implementation with that of a
hand-crafted implementation.

[97]
The POT agorithm for the computation of the eigensystem of areal symmetric matrix A, of
order N, consists essentialy of the following iterative cycle. Given an N x N matrix R of
orthonormal approximations to the eigenvectors of A:

1. Form atransformed matrix B, of order IV, using the sequence of algebraic operations:
V=AxR B:=R'xV

2. Construct atransformation matrix 7', of order N, whose columns form an approximation
to the set of right eigenvectors of the symmetric matrix B. This construction is described
in[8].

3. Compute a new set of eigenvector approximations R, which is represented in matrix
form by the algebraic matrix product

R=VxT.

4. Orthonormalise the set of vectors R.

The cycle ceases whenever the off-diagonal components of B are zero to a predetermined
precision. The diagonal of B then yields the required eigenvalues and the columns of the final
matrix R yield the required eigenvectors.

Figure 6.17: Mathematical definition of POT

The POT algorithm, figure 6.17 is used to calculate eigenvalues and eigenvectors of real, symmetric
matrices. An eigenvector/eigenvalue pair of amatrix A satisfy the characteristic equation Ar = Ar
where r is the eigenvector and A the corresponding eigenvalue. In general, if A isof order N, there
are N such pairs, so the characteristic equation for the full eigensystem (the collective term for the
eigenvalues and eigenvectors) can be written

AR = RN

where R isamatrix of order N and A\ isadiagona matrix also of order N; the columns of R are the
eigenvectors of A and the diagonal elements of /A are the corresponding eigenvalues.
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The mathematical definition of the POT algorithm is repeated in figure 6.17 for ease of reference.
The transformation matrix used in step (2) isdefined in figure 6.18. The orthonormalization referred
toin step (4) isdiscussed in appendix C.

[98]
The function transform generates from its real symmetric argument, By, a non-singular
orthogonal transformation matrix 73, whose el ements are given as follows:

t(1,7) = 2b(4,5)/[d(i, j) + sign(d(i, 1)) \/(d(i, 5)* + 4b(s, 7)?)] @ > j

(4,4) = —t(i,7) 1<y

where
and where, for convenience, the subscript k has been ignored.

Figure 6.18: Mathematical definition of the transformation matrix

6.3.1 SML Specification of POT

Figure 6.19 shows the main functions of the SML specification of POT.

e Thefunction POT computes (an approximation to) the eigensystem:
— The matrix whose eigensystem is to be computed is argument A.
— Theinitial approximation is the unit matrix of the same order as A.

e The computation of the eigensystem is an iterative process, so POT uses the library function
iterate:

— Each iteration applies the function POTst ep to A and to the current approximation of the
eigenvectors.

— The current approximation to the eigenvectors is argument R.

— The iteration terminates when the function |1 sCk applied to the current approximation
returns true.

e Eachiterationformsanimproved approximation to the eigenvectors by forming a (triple) matrix
product with atransformed matrix (the application of t r ansf or mt), and then orthonormalizing
(using the function or t honor mal i ze, the definition of which is not included in thisfigure).

e Thefunctionst r ansf or mand cal cul at e compute the transformation matrix, as defined in
figure 6.18).

e Thefunction| sOk computes the mean of the squares of the off-diagonal elements of the current
eigenvalue approximation and compares the mean with a constant (TCL) which determines the
required accuracy of the solution.

1The function transform defined hereis unrelated to TAMPR transformations!
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4 N\
fun POT(A:real matrix):(real matrix * real matrix)
= iterate(POTstep, (A, UnitMatrix(shape(d))), IsOk)

fun POTstep(A:real matrix, R:real matrix)
:(real matrix * real matrix)
= let

val V:real matrix = A*R
val B:real matrix = transpose(R)*V
val T:real matrix = transform(B)

val R :real matrix = V*T
in

(4, orthonormalize(Rl))
end

fun transform(B:real matrix):real matrix
= let
fun calculate(i:int,j:int):real
= let
~ val d:real = Be[j,jl-Be[i,il]

in
2%B0[i,j]/(d+sign(d)*sqrt(sqr(d)+4*sqr(Be[i,j]1)))
end
in
generate (shape(B),
fn(i:int,j:int) =>
if (i>j) then calculate(di,j)
else if (i=j) then 1.0
else “calculate(j,i))
end

fun IsOk(A:real matrix,R:real matrix) :bool
= let
val V:real matrix = A*R
val B:real matrix = transpose(R)*V
val diag:real vector = diagonal(B)
val N = size(A,0)

lIl(sum(B*B)—sum(diag*diag))/(N*(N—l))<TUL
end

Figure 6.19: Functional specification of POT

The SML specification of POT is asimple rewriting of the mathematical definition to conform with
the specification language.

6.3.2 DAP Form of POT

The main section of the Fortran Plus Enhanced implementation of POT is shown in figure 6.20.

The iteration of POTi t er s has been implemented as a GOTO loop beginning at line 100 and
ending at line 200.

The loop terminated at line 110 computes the product of matrices A and R. This product is
stored as it is used twice: in the computation of B (R” * A = R) and the eigenvector matrix
approximation R (A = R = transform(B)). (The storing of the value was arranged by the
Common Sub-expression Elimination sub-derivation.)

The computation of B (the current approximation to the eigenvalues) is completed at line 125.

If B issufficiently close to being diagonal (the root-mean-square of the off-diagonal elements
is sufficiently close to zero), the loop is exited by the GOTO 200 statement.

The following lines, up to line 126, form the transformation matrix. The definition of
transform explicitly distinguishes elements in the lower triangle from elements in the up-
per triangle; its implementation on a SIMD architecture thus requires the computation of two
matrices (one for lower, one for upper triangle) which are ‘merged’. However, because the
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0.5 POT

7

100

125

110

120

integer n

real*8 tol
parameter (tol=1e-15)
parameter (n=77)

real*8
real*8
real*8

m(*n,*n)
A(*n,*n)
R(*n,*n)
real*8 tranR(*n,*n)
real*8 AR(*n,*n)
integer step
real*8 B(*n,*n)
real*8 g611(*n,*n)
real*8 diagB(*n)
real*8 gb98(*n)
logical mask(*n,*n)
logical g650(*n,*n)
real*8 D(*n,*n)
integer signD(*n,*n)
logical gb95(*n,*n)

continue
AR =A*R
tranR=tran(R)
AR=0
do 110 step=1,n
AR=AR+matr (A(,step) ,n)*
matc(tranR(,step) ,n)+
continue

Compute B

B=AR

g611=0

do 120 step=1,n

g611=g6l1+matc(tranS(,step) ,n)*
matr(b(,step),n)

continue

B=g611

C

126

130

200

Test for convergence
diagB=B(patunitdiag(n),)
g598=diagB
g598=g958*g958
if ((sum(B*B)-sum(g598))/

(n*(n-1)) .1t.tol) goto 200

R := Transform(B)
gb9b=patlowertri(n)

.and. .not. patunitdiag(n)
mask=patlowertri(n)
g650=patunitdiag(n)
R(mask.and.g650)=1
mask (g650)=.false.
g650=g595
D=matr(diagB,n)-matc(diagB,n)
signD=1
signD(D.1t.0)=-1
R(mask.and.g650)=(-2%B)/

(D+signD*sqrt (D*D+4* (B*B)))
R(.not.patlowertri(n))=-tran(S)

update R
D=0
do 130 step=1,n
D=D+matc (AR(step,) ,n)*
matr(S(,step),n)+
continue
S=R

goto 100
continue

Figure 6.20: Fortran Plus Enhanced implementation of POT
N.B.: the comments were inserted manually

transformation matrix is anti-symmetric, only one of these expressions need be computed; the
other expression can be formed by transposing and negating (asin line 126).

Some of the manipulation of masks in this part of the computation is unnecessary: no effort
has been made to optimize mask expressions as they are so cheap on the DAP. (The grid of
single-bit processing elements can manipulate the single-bit representation used for booleans
very efficiently.)

e The eigenvector approximation matrix R is then updated by the loop terminating on line 130.
The orthonormalization of R is not shown. (It isdiscussed in appendix C.)

The FPE implementation of POT is considerably different from its SML specification: the computa
tion of the matrix-matrix products, and of the transformation matrix would seem quite strange to one
not familiar with the DAP.

6.3.3 Evaluation of the POT Implementation

The derived implementation of POT can be evaluated by comparing its performance with that of an

independently developed (hand-crafted) implementation.
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In figure 6.21 the execution time (for the computation of one approximation?) for the implementation
of POT derived by automatic program transformation is shown together with times for two hand-
crafted versions - the first is written in Fortran-Plus and the other written in Fortran Plus Enhanced.
These hand-crafted versions have been analysed in [97]. A hand-crafted Fortran-Plus version of POT
is between 12% and 13% faster than a hand-crafted Fortran-Plus Enhanced version. As reported in
[26] the code produced by the Fortran-Plus Enhanced compiler for frequently occurring linear algebra
operations (e.g. matrix product) is very efficient but it is less so on more specialized operations (e.g.
Gram-Schmidt orthogonalization, discussed in appendix C).

The hand-crafted and automatically derived Fortran Plus Enhanced versions have execution times
that are amost identical. For the large matrix examples the derived implementation is marginally
slower than the time for the hand crafted version (between 0.1% and 0.6% ). This discrepancy arises
from aminor optimization made possible by the particular way the hand-crafted version produces the
transformed matrix. It would be possible to write a transformation that could perform this specific
optimization, but it would probably be too special-purpose to be of general use.

Matrix Size Time per iteration (sec)

Hand Crafted Hand Crafted Automatically Derived

Fortran Plus | Fortran Plus Enhanced | Fortran Plus Enhanced

64 12 135 1.35
128 8.23 9.30 9.31
256 60.92 69.86 70.30

Figure 6.21: Hand-crafted POT versus derived POT

Thevirtual parity in execution times of the derived and hand-crafted versions of POT is evidence that
the DAP derivation is indeed effective even for quite complex algorithms. 1t should be noted that,
while the section of the implementation shown in figure 6.20 is quite complex, the implementation
of orthogonalization (discussed in the next section) is rather more intricate. As orthogonalization is
equally as important to the total execution time (orthogonalization is responsible for about 50% of
the execution time) it can be concluded that the DAP derivation is just as effective at implementing
orthogonalization.

6.4 Summary

Inthe previous chapter, | illustrated the derivation of animplementation of asimplealgorithm (matrix-
vector multiplication). Since the derivation process is entirely automatic, it should — in theory —
be a simple matter to apply the derivation to more complex agorithms, and obtain implementations.
In practice, there are several reasons why derivations may fail to produce efficient implementations
of algorithms more complex than MVM (though the derivations presented in this work do not fail):

e The transformations or the structure of the derivation may have been too tightly tailored for a
particular algorithm; a more complex algorithm may introduce operations that did not arisein
the simple example.

2The time to compute each approximation is constant.
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e Transformations may recognize particular, rather complex operations such as matrix-vector or
matrix-matrix multiplication, and optimize the implementation of these operations. In more
complex algorithms, such operations may be combined with other operations (for example,
in the conjugate gradient algorithm, matrix-vector multiplication is combined with matrix
transposition and vector scaling and addition); the expressionsresulting from such combinations
may not be recognized by the transformations.®

That is to say, transformations based upon special cases are usually more restrictive than
transformations based upon general rules.

The purpose of this chapter wasto illustrate that the derivations discussed in this work are not limited
to simple operations — that they are general purpose.

The problems discussed above are avoided in the derivations presented in this thesis by concentrating
on the devel opment of sequences of programming model s (intermediate forms), which by their nature,
areindependent of particular algorithms; and by designing sub-derivations to convert from one model
to the next using general identities based on the formal properties of the models.*

The production of DAP implementations from SML specifications of Conjugate Gradient and POT
illustrates several aspects of derivations:

o A sequence of intermediate forms has been identified that provides a graceful transition from
SML specification to efficient Fortran Plus Enhanced implementation for the DAT array pro-
Cessor.

o Intermediate forms of non-trivial algorithms can be quite complex; too complex for a person
to manually refine.

o FPE implementations can often be quite arcane, but that is not a major concern when imple-
mentations are automatically derived.

e Thevirtual parity in execution performance of the the derived implementation of POT with an
independent, hand-crafted implementation supports one of the underlying tenets of thisthesis:
that efficient implementati ons can be automatically derived from simple, abstract specifications.

3Such limitations seem to bedevil advanced compilers: for example, the CRAY compiler will recognize matrix-vector
multiplication and convert it into an application of a highly optimized routine coded directly in machine language. But it
will recognize matrix-vector multiplication only in certain forms. Thus, the effectiveness of the conversion performed by a
compiler islimited to those formsthe compiler devel oper anticipated and thought worth the effort of encoding.

40f course, there are occasions when it is expedient to use a transformation that is designed to optimize a particular
algorithm, but generaly it is preferable if the principles underlying the transformation are devel oped into more generally
applicable transformations (that, say, optimize a class of algorithms, rather than a single algorithm).
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Chapter 7

Extending the Derivation for Other
Architectures

In the discussion on functional specifications, | emphasized that one motive for constructing a
specification independent of any particular computational model was to facilitate implementing the
specification of arange of models. In this chapter, | modify the SML-to-DAP derivation to produce
implementations for sequential and vector computational models, using Conjugate Gradient as an
example.

The discussion is as follows:

o Maodifying the structure of the derivation for sequential implementations, with Fortran77 asthe
implementation language.

Those stages in the derivation specific to a sequential implementation.

A brief description of the CRAY X-MP vector processor.

Modifying the structure of the derivation for avector architecture, the CRAY X-MP,

The CRAY implementation of CG.
An evauation of the CRAY implementation.
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7.1 Sequential Implementations

Inthissection, | discussmodifying the SML-to-DAP derivation into an SML-to-Fortran77 derivation.

The derivation to produce DAP implementations is:

SML — DAP
= SML — X-Calculus— Unfolding — Static Evaluation

— Array Form — Common Sub-expressions — FPE.

That is, the initial SML form is converted into a standard functional form with simple syntax, and
then optimized by having definitions unfolded and expressions simplified. A specification is then
tailored for the implementation architecture by recasting it into an explicitly data-parallel form. The
data-parallel form isoptimized by ensuring expensive computations are not repeated, and then finally
converted into the chosen implementation language (Fortran Plus Enhanced).

Of the stages of the derivation, only the Array and FPE stages are directly dependent upon the DAP
being the implementation architecture: converting to A-calculus, unfolding, evaluating and €liminat-
ing common sub-expressions can, and probably should, be applied regardless of the implementation
architecture.

Thus, the initial stages of an SML-to-Fortran77 derivation are already available, to convert an SML
specification into the A-calculus (and to simplify that form). The final stage of the derivation, to
convert A-calculus into Fortran77, is aso already available: it was discussed in section 4.5.1 in the
context of the Lisp-to-Fortran77 derivation. Thus, the SML-to-Fortran77 derivation is as follows:

SML — Fortran77
= SML — A-Caculus— Unfolding — Static Evaluation

— Common Sub-expressions — Fortran77.

That is, after converting to the simple Statically Evaluated form, a specification is restructured to
ensure expensive computations are not repeated, and then converted into Fortran77.

Toillustrate thisderivation, | shall discuss theimplementation of Conjugate Gradient. The derivation
from SML specification to Statically Evaluated form was discussed in the previous chapter, so
here | discuss only the application of the Common Sub-expression Elimination and Fortran77 sub-
derivations.

7.1.1 CG after Common Sub-expression Elimination
The previous chapter discussed theinitial stages of the derivation — conversion to A-calculus form,
unfolding and Static Evaluation; the Statically Evaluated form of CG is shown in figure 6.5.

After Static Evaluation, the Common Sub-expression sub-derivation is applied, to produce the ex-
pression in figure 7.1.

The important aspects of the figure are the A-abstractions at the beginning; uses of the names
introduced by the bindings are underlined in the figure.

¢ g936 isthe inner-product of the second component of g898 (the 4-tuple of real vectors that is
the argument of the iteration function) with itself: this binding corresponds to the binding for
rr inthe SML specification.
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r

Agsos-

A§g§§:rea1'
Agggizreal'
Aggﬁg:real array-

Ag932:rea1'
tuple
(generate ([n])
(A[gse68]"
real.plus
(element (pi (1) (g898)) ([g8e8l))
(real.times
(element (pi (3) (g898)) ([g8e8]))
(g935)
)
end
):real ma

(g960)
(generate ([n])
(A[g884]"
real.plus
(element (g960) ([g8841))
(real.times
(element (pi (3) (g898)) ([gs8s4l))
(g932)
)

end
) :real ma

)
(generate ([n])
(A[g897l
real.plus
(reduce ([n])
(A[g888:int] -
real.times
(element (g906) ([g897,g888]))
(element (g960) ([g888]))
end

)
(real.plus) (0.0)

(real.times
(element (pi (4) (g898)) ([g8971))
(g932)
)
end
) :real ma

(real.quotient
(reduce ([n])
(A[g882]-
real.times
(element (g960) ([g882]))
(element (g960) ([g882]))
end

)
(real.plus) (0.0:real)

)
(g936)
)
end
(generate ([n])
(A[go58]-
real.difference
(element (pi (2) (g898)) ([g9581))
(real.times
(reduce ([n])
(A[g885]-
real.times
(element (g906) ([g885,g958]))

(element (pi (4) (g898)) ([g885]))
end

)

(real.plus) (0.0)
)

(g935))

end
):real ma

end
(real.quotient
(g936:real)

(reduce ([n])
(A[g891]-
real.times
(element (pi (4) (g898)) ([g8911))

(element (pi (4) (g898)) ([g8911))
end

)
(real.plus) (0.0)
)

end
(reduce ([n])
(ALg890]-
real.times
(element (pi (2) (g898)) ([g890]1))
(element (pi (2) (g898)) ([g890]1))

~N

end

)
end (real.plus) (0.0)

end

Figure 7.1: Theiteration function of CG after Common Sub-expression Elimination

¢ 9935 isthe quotient of the previous binding with the inner-product of the fourth component of
9898 with itself; this binding corresponds to the binding for al pha in the SML specification.

¢ 9960 isarea vector; this binding corresponds to the binding for r ’.

e 9932 isthe quotient of the inner-product of the vector in the previous binding, with itself; this
binding corresponds to that for bet a.

The form produced by Common Sub-expression Elimination is computationally efficient: expensive
computations are performed once only.

7.1.2 Fortran77 Implementation of CG

The Fortran77 implementation of Conjugate Gradient is shown in figure 7.2.
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4 N\
real A(n,n) 21 beta = 0.0
real b(n) 22 do24i=1,n, 1
real x(n) 23 beta = beta+r1(i)*ri(i)
real r(n) 24 continue
real p(n) 25 beta = beta/rr
real q(n) .
integerj 26 d0.28 1 = 1, I.l, 1
integer i 27 x(1)= x(i)+p(i)*alpha
real ri(n) 28 continue
real rr .o
real 8940 29 d0.31 1 —.1, n,_ 1
real beta 30 p(1)f r1(i)+p(i)*beta
real alpha 31 continue

32 do 34 i=1,n
33 r(i) = r1(i)

. . 34 continue
continue

1
2 rr = 0.0 .o
3 do20i=1,n,1 3 do it
4 rr = rr+r(i)*r{i) 37 %o 39 ; O oa
5 continue 38 g940 = g940+A(i,j)*r1(j)
: _ 39 continue
g égtészzt(rr)‘lt.lE 14) then 20 (1) = g940+q(i)¥beta
8 else 41 continue
= 42 goto 1
9 alpha = 0.0 goto
10 do 12 j =1, n, 1 43 endif
11 alpha = alpha+q{j)*q(j) 44 continue
12 continue
13 alpha = rr/alpha
14 do 20 i = 1, n, 1
15 r1(i)= 0.0
16 do 18 j = 1, n, 1
17 beta = beta+A(j,i)*q(j)
18 continue
19 r1(i)= r(i)-beta*alpha
20 continue
~ J/

Figure 7.2: Fortran77 implementation of CG

The implementation operates as follows:

o1 isthe start of the loop that implements the iteration required by CG; line 44 isthe end of
the loop.

e 2-5 compute r r, the inner product of r with itself; this value is the measure of accuracy of
the current approximation.

6,7 test if the approximation is sufficiently accurate, and if so, exit the loop.
¢ 9-13  compute the value of al pha, the quotient of the inner-product of q with itself and rr.

¢ 14-20 compute the next valuefor r, storedinr 1:

¢ 15-18 compute one element of the product of the transpose of A and g (using the variable
bet a to temporarily store the value).

19 subtracts that value (scaled by alpha) fromr .

e 21-25 compute bet a, the quotient of the self inner-product of the new value for r (which is
storedinrl)andrr.

e 26-28 subtract p scaled by bet a from x to give the new value for x.
e 29-31 add p scaled by bet a tor 1 to give the new value for p.
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©32-34 copyrlintor.

e 3541 compute the new value for g:

e 36-39 compute one value of the product of A and the new value of r, storing the valuein
g940.

* 40 adds that value to q (scaled by bet a) to give one element of the new value for g.

42 returns to the start of the loop.

In the work discussed in this thesis, | am primarily concerned with implementations for array and
vector architectures, so | shall not discussthe sequential implementation in detail; afew points should
be noted though:

e The most important aspect of the implementation is that updating of the array variables rep-
resenting the four vectors z, 7, p and ¢ manipulated by the algorithm is performed with only
one additional array variabler 1: the in-place updating of x, p and q gives better performance
than storing the updated values in additional variables and then copying the value to x, p and
g. Onefailing of the implementation isthat r’ is not updated in place, but discussion of why
r 1 wasintroduced is beyond the scope of this thesis.

e The computations of r’ and g’ (beginning at lines 14 and 34) are extremely compact: each
computation merges a matrix-vector product with the scaling and addition of a vector. (Such
merging is produced by the Unfolding and Static Evaluation stages of the derivation.) Theo-
retically, these compact forms should be efficient: each avoids the construction of afull vector
for the matrix-vector product, forming each element of the product only as it is needed (the
element’s value being stored in bet a or g940); the merging of the computation of the product
with the scaling and addition of the vector reduces the number of loops required, and so should
reduce overheads associated with managing the loops.

However, the efficiency of a Fortran77 program is always difficult to judge a priori, due to
the manipulation performed by most compilers. Thus, if | intended make extensive use of the
sequential implementation, | would probably introduce further stages in the derivation to tailor
the implementation to the appropriate compiler.

e Theloops beginning at lines 26 and 29 could be merged, further reducing overheads for loops.

7.1.3 Summary of Sequential Sub-derivation

The modification of the SML-to-DAP derivation into an SML-to-Fortran77 derivation isintended as:

e anillustration of the principles that functional specifications can be constructed in a manner
that facilitates implementation on more than one architecture, and that most of the stages of a
derivation are independent of the implementation architecture (and so can be shared by severa
derivations);

o areference point for the CRAY implementation (discussed in the next section), which also is
expressed in Fortran77.

The sequential implementation produced is not intended to be highly efficient: it is certainly quite
efficient, but would require further tailoring to individual implementation systems (particularly to the
Fotran77 compilers for those systems) if it isto be used as a practical implementation.
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7.2 CRAY Implementation of CG

In this section, | consider aderivation to produce implementations suited to CRAY vector processors
from SML specifications. | assume a genera familiarity with the CRAY computer systems, so |
provide only avery basic overview.

7.2.1 TheTarget Environment

The computer system used for this section is a CRAY X-MP. The particular X-MP used has three
processors, each of which has multiple vector units (which provide efficient manipulation of vectors).
However, only one of the three processors was used for the work reported here: that is, this work
used the X-MP as a vector processor, rather than as a multi-processor system. In addition, the CRAY
compiler provides the option to disable vector operations, so the X-MP can be used as an advanced
sequential processor.

The language used to program the X-MP is Fortran77. The compilation system is responsible for
vectorizing programs, i.e. for interpreting the inherently sequential instruction sequence of an F77
program in such away as to make effective use of the vector units. Vectorization is primarily based
upon DO loops whaose bodies are such that the iterations can be performed simultaneously (though a
vector processor pipelines operations rather than performing them simultaneously). For example, the
n assignments in the loop

DO 1 i=1,
A(i) = B( )+O(I)
1 CONTI NUE

where A, B and C are arrays, can be pipelined so that the entire loop executes in approximately n
clock cycles, rather than the n.t clock cycles required by sequential execution (where t is the number
of cycles required for one addition and assignment).

Other classes of DO loops can also be executed efficiently, using special features of the processor
units; for example, the class of reduction loops, which perform reductions:

S 0.0

DOl i=1,n

s —s+A(|)
1 CONTI NUE

The CRAY compiler also recognizes certain forms of loops as applications of particular operations
for which it has efficient routines, hand-crafted in assembly language. For example, the loop

DO 1 i=1,n
V(|) =00

v —\1/n +AGL )W)
CEJ\PFINEI) '] :

is recognized as matrix-vector multiplication, and is replaced by an invocation of a CRAY-supplied
routine, called SGEMVX (" Standard GEneral Matrix-Vector”, and "X" for multiplication).

The vectorizing compilers of major vendors such as CRAY are quite effective at vectorizing loops that
commonly occur in programs used by numerical, scientific and engineering programs. However, even
relatively simple changesto aprogram can be sufficient to inhibit vectorization or other optimizations.
For example: if the computations of the product of a matrix A and a vector U isto be composed with
the addition of avector W it could be expressed as
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DO 2 i=1,n DO_2I_:1,n
o =l ljtn
V() = V() A ) *U) oras e R A D)
2 OONTI NE V(i) = V(i) +Wi)
2 CONTI NUE

The CRAY compiler (version 5) convertstheform on theleft into acombination of vector addition and
SGEMVX, resulting in much quicker execution than for the form on the right, which it only vectorizes.

Thus, the precise form of loops can have a considerable impact upon the execution performance.

7.2.2 CRAY Derivation

Since the CRAY is programmed using Fortran77, the CRAY derivation is essentially the same as the
sequential derivation, though the CRAY derivation has an additional stage that tailors the program
for the CRAY:

SML — CRAY F77
= SML — A-Caculus— Unfolding — Static Evaluation

— CRAY — Common Sub-expressions — Fortran77.

That is, a specification is converted into a simple functional form and optimized. It is then tailored
for the CRAY, further optimized and finally converted into imperative form (expressed in Fortran77).

The important aspect of the derivation is the tailoring for the CRAY. Idedlly, this tailoring should
be based upon a well-defined programming model, similar in nature to that developed for the DAP
array processor. However, the CRAY hardware is in many ways rather more complex than the
DAP hardware: each vector processor has multiple vector units that can perform operations (such
as memory fetch or store, addition and multiplication) independently; some of the vector units can
perform reduction operations as well as elementwise operations; operations can be combined (or
tail-gated) to eliminate memory stores and fetches by keeping data in vector registers.

But perhaps more important is that the programming language (Fortran77) provides such a confused
interface to the hardware: the operations that can be performed by the vector units, and the ways
in which these operations can be effectively combined, are not delineated by the programming
model supported by Fortran77: Fortran77 is an abstraction of a sequential architecture, not a vector
architecture.

In addition, what isimportant is not the programming model supported by the programming language,
but the model supported by that language as interpreted by the compiler. The analysis and manip-
ulation performed by the CRAY compiler to vectorize and optimize a program is necessarily quite
complex, but inevitably incomplete: thus, it can be difficult to judge how the compiler hasinterpreted
a program, and ill-advised to assume that the compiler has obtained the best possible performance
from a program.

The situation with the CRAY compiler is very different from that with the DAP compiler. Fortran
Plus Enhanced does provide an abstraction of the DAP hardware, but it is an abstraction that is well
matched to the hardware. Consequently, the compiler need perform a much simpler analysis of a
program to obtain effective use of the hardware. As a result, the programming model presented
to the programmer is mostly a simplification of the underlying machine; the CRAY programming
environment provides the programmer with amodel that is almost entirely alien to the machine.

The consequences for the CRAY derivation of the above considerations are:
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e The Statically Evaluated form produces generations and reductions that, expressed as DOloops
in F77, are quite well suited to the compiler: the generating functions tend to be quite complex
expressions which the compiler can analyze to extract work for the multiple vector units.

e However, the analysis performed by the compiler will sometimes fail if an expression is ‘too
complex’ (for example, if it contains conditional expressions that are ‘too deeply nested’).

o |n addition, some important optimizations performed by the compiler require loops to conform
to quite rigid templates.

Thus, a straightforward translation of generations and reductions into loops provides reasonable
efficiency, but considerable improvement can be obtained by tailoring loops to ensure that expressions
are not ‘too complex’ and that certain operations appear in forms the compiler will recognize.

It is this tailoring to the CRAY compiler that is performed by the CRAY stage of the derivation.
As might be expected by the above discussion, the tailoring is rather ad hoc: shortcomings of the
compiler are identified and expressions recast to avoid the shortcomings; worthwhile optimizations
performed by compiler are identified and expressions recast to become eligible for optimization.

| would prefer the CRAY stage to be more systematic, but that seems to be precluded by the
programming environment. However, it seems that CRAY (and many other vendors) are adopting
data-parallel versions of Fortran such as Fortran90 and High Performance Fortran as their primary
programming language; it may be hoped that the adoption of such standards would facilitate the
development of auseful programming model. Indeed, it islikely that such amodel would be similar
to the Array Form used for the DAP (since many of the data-parallel features of FPE are shared
by both Fortran90 and High Performance Fortran): then a derivation for a CRAY system could be
constructed from the DAP derivation by replacing the final Array-to-DAP sub-derivation with an
Array-to-Fortran90 or Array-to-HPF sub-derivation.

7.2.3 CRAY Form of CG

r N\
do 230 i =1,n
14do20i=1,n, 1 §é<;%0__]0_01 n
15 r1(i)= 0.0 1
. ridi) = r1(1)+A(J i)*q(j)
16 do 18 j = 1, n, 220 continue

17 beta = beta+A(J 1)*q(J) —
18 continue

19 r1(i)= r(i)-betaxalpha

20 continue

230 continue

do 240 i=1,n
r1(i) = r{i)-ri1(i)*alpha
240 continue
\

J/

do 310 i =1, n
g940(i) = O 0

356 do41i=1,n, 1

do 300 j =
32 ggzxgg-Jo_ol a, g940(i) = g940(1)+A(1 I*r1di)
38 940 = g940+A(i, _])*rl(_]) — 300 continue

39 continue
40 q(i) = g940+q(i)*beta

41 continue do 320 i=1,n

q(i) = g940(i)+q(i)#*beta
320 continue
|

J

Figure 7.3: Modified versions of matrix-vector products for CRAY implementation of CG

The CRAY form of CG isamost identical to the Sequentia form (figure 7.2), with the exception that
the matrix-vector products have been isolated by the CRAY stage of the derivation to allow them to
be recognized by the compiler®: seefigure 7.3.

I Alternatively, the transformations could introduce the CRAY routines directly.
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7.2.4 Evaluation of CRAY Implementation

The CRAY implementation can be evaluated in two ways:

e comparison of the performance of the implementation with and without compiler vectorization
enabled provides an indication of the suitability of the implementation for vectorization by the
compiler;

e comparison of performance of two implementations, one derived using the CRAY stage, the
other without the CRAY stage, provides an indication of the importance of that stage.

12 |

10 | —24—— Scalar

—0O—— With CRAY stage

Time per iteration/seconds

2000 4000 6000 8000
Size

Figure 7.4: Comparison of execution times on CRAY X-MP of versions of CG

Figure 7.4 illustrates the execution performance of CG under the above listed conditions:

scalar: compiler vectorization disabled — the CRAY stage of the derivation makeslittledifference
to the execution performance in scalar mode;

with: compiler vectorization enabled for an implementation produced using the CRAY stage;

without: compiler vectorization enabled for an implementation produced not using the CRAY
stage.

For the vector versions, 9000 was the largest size of matrix that could be stored in memory; | have
no idea what causes the huge increase in execution time at size 8000. For the scalar version, 4000
was the largest size of matrix that could be processed within the CPU time limit imposed on asingle
program; larger matrices could have been processed by submitting the program to a batch queue, but
the timings shown are sufficient to indicate that the scalar version is much slower than the vector
versions.

The CRAY documentation suggeststhat programs well suited to vectorization should exhibit speedups
in the range 8 to 10. The speedup of the with version compared with the scalar version is about 8, so
it can be concluded that the implementation is suitable for vectorization.

The without version is 2 to 3 times slower than the with version, indicating the importance of the
CRAY stage of the derivation.
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7.25 Summary of CRAY Sub-derivation

The lack of an elegant programming model for the CRAY precludes the development of a sub-
derivation to perform comprehensive tailoring of a program for the CRAY. However, asub-derivation
can assist the compiler in vectorizing and optimizing a program, with considerable benefits to the
execution performance.

7.3 Summary

Developing functional specification in a machine-independent manner facilitates the derivation of
implementations for multiple architectures.

The structuring of derivationsinto sub-derivations and corresponding intermediate forms all ows much
of the SML-to-DAP derivation to be used unchanged in both an sequential and a CRAY derivation.
Additional sub-derivations areintroduced to convert aspecification in functional form into Fortran77,
and to tailor an implementation for execution by the CRAY. The CRAY tailoring is subtle, but can
have considerable effect on execution performance.
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Chapter 8

Sparse Matrices

In previous chapters, | have discussed derivations to produce implementations of SML specifications
on sequential, array and vector computational architectures. In this chapter, | discuss an additional
sub-derivation that optimizes implementations to make effective use of compressed storage schemes
for matrices that are known to be sparse (i.e. to have mostly elements that are zero).

This Sparse sub-derivation can be combined with each of the derivations discussed earlier:

e information is provided in a specification to indicate the nature of the sparsity (e.g. that the
Nnon-zeros occupy a certain region of amatrix);

o the specification is converted into A-calculus form and simplified;
o the Sparse sub-derivation is applied to optimize the specification,;

o then the sequential, array or vector sub-derivation is applied to produce an optimized imple-
mentation for the appropriate architecture.

The discussion is as follows:
e A discussion of sparsity.
e Theintroduction of a sub-derivation for a particular form of sparsity: tridiagonal.
e Thedetails of the tridiagonal sub-derivation.
e Anevauation of the implementations produced for sequential, array and vector architectures.

e An evaluation of the implementations produced for sequential and vector architectures for a
second form of sparsity: row-wise.
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Sparse ivialrices o.1 Sparsity
8.1 Sparsty

Inthissection, | discuss sparsity in general and explain some of the termsthat will be used throughout
this chapter.

Inthisthesis, the only sparse data structure that | consider isasparse matrix of real elements. A sparse
matrix is thus a matrix in which most of the elements are zero. It is not necessary to define ‘most’
as a precise proportion of the elements: the use of sparse programming techniques is motivated by
pragmatism, so ‘most’ means a sufficient number that it is worthwhile using special programming
techniques to reduce storage requirements and/or execution time.

Sparse matrices arisein many ‘real life' problems (particularly in engineering and modelling) where
often only afew per cent of the elements of the matrices are non-zero. The use of sparse programming
techniques may be the only way to obtain practical implementations of agorithms manipulating such
matrices, as standard programming techniques usually take too long to execute or require more storage
than isfeasible to provide.

There are many types of sparsity, characterized by the locations of the non-zero elements. The
types can be divided into two groups: structured and unstructured. In structured sparsity, the non-
zero elements occur in patterns in the matrix: their locations can be specified parametrically. In
unstructured sparsity, the non-zeros do not occur in patterns: their locations must be individually
listed.

Figure 8.1 shows an example of a structured and an unstructured matrix. The structured matrix is
atridiagonal matrix: the non-zeros occur only on the leading diagonal, one sub-diagonal and one
super-diagonal (that is, the region for which the row index differs from the column index by not more
than one).

(L) L2 o o 0 | (0100 2]

(21 (2,2) (2,3) O 0 30000

0 (32 (33 (34 O 04500

0 0 (43 (44) (4,5 0006 7

0 0 0 (54 (55 | 180900
(a) A tridiagona matrix (b) An unstructured matrix

Figure 8.1: Sparse matrices

8.1.1 Storing Sparse Matrices
The storage requirements of a program that manipulates a sparse matrix can be reduced by storing
only the non-zero values in some compact form; for example, see figure 8.2.

e The term sparse matrix refers to the matrix shown on the left, with all the zeros in place; a
sparse index locates a position in this matrix.

1These termsare also somewhat imprecise: the locations of the non-zerosin an unstructured matrix could be considered
toformapattern, if only oneiswilling to consider complex enough patterns. Suchimprecisionisof littleimportancethough,
asitisusually resolved by pragmatism: if employing ‘structured’ techniques results in better execution performance, then
use them.
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o.1 Sparsity

e The term primary store refers to the matrix on the right, from which the zeros have been
excised; in general, the primary store need not be a matrix: it may be a vector, or alist, or a
look-up table, for example. A primary index locates a position in the primary store.

(L) L2 0o 0o o0 | [~ @y L2 ]
21) (22 (23 0 0 21) (22 (23)
0 (32 (33 (34 O (32 (3.3 (34)
0 0 43 44 45| |43 44 @45

0 0 0 (54 (59| | (54) (55 - |

The sparse matrix The primary store

Figure 8.2: Storage for atridiagonal matrix

Some means is required to map between sparse indices and primary indices. For a structured matrix,
the mapping can be implemented as a computation. For example, as illustrated above, a tridiagonal
matrix of order n can be stored as an nx3 matrix, with the first column of the primary store
corresponding to the sub-diagonal of the sparse matrix, the second column to the diagonal, and the
third column to the super-diagonal. The mapping from sparse index [z, 7] to primary index [, j'] is

(5, 5]1=[0 =5+ 2]

and theinverseis
[, 51—, + 5 - 2]

Note that the mapping is not 1-1: not every sparse index must correspond to a valid primary index
(only the sparse indices of the non-zeros), and not every primary index must correspond to a valid
gparseindex (i.e. there may belocationsin the primary storewhich do not contain any of the non-zeros
of the sparse matrix). For example, in the the primary store of atridiagonal matrix of order n, the
locations [1, 1] and [n, 3] do not correspond to any position in the sparse matrix: they areinvalid. In
thiswork, such invalid locations are assigned the val ue zero; this allows them to beincluded in some
computations (such as summation of the elements) as though they where valid positions.

j: 25123451 3

01002

30000 Primary store: 123456789

0 4500]|— i 1 1233445T©5
Secondary store:

0006 7

8 0900

Figure 8.3: An unstructured matrix and its primary and secondary stores

For an unstructured matrix, the mapping between sparse and primary indices is implemented as a
look-up table: conceptually, the sparse index for each element in the primary store isrecorded in a
secondary store. See figure 8.3, in which a sparse index is stored as a row index (top row of the
secondary store) and a column index (bottom row).
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The element at location 7’ in the primary store contains the (non-zero) value of that element in the
sparse matrix whose index is stored at location 4’ in the secondary store. This relationship can be
represented as

A= A[A 1]

where A, and A, are the primary and secondary stores for matrix A. (It should be remembered that
the primary and secondary stores need not be arrays, so indexing indicated in the figures should be
interpreted in a generic manner; in thisthesis, though, the stores are aways arrays.)

Thereisno direct method for performing theinverse mapping: the only way to find that primary index
which corresponds to a given sparse index is to search the secondary store for the sparseindex. Itis
usualy preferable to avoid the need for the inverse mapping, as searching is generally an expensive
operation (and can be difficult to parallelize for some architectures).

For some unstructured matrices, it is sufficient to arrange the primary store so that the rows, say,
correspond to the rows of the sparse matrix. Then the secondary store need contain only the column
index of each sparse index [66]; see figure 8.4. Note that some zeros in the sparse matrix can be
stored in the primary store as though they were non-zeros, in order to obtain the same number of
stored elements in each row.

Thisisthetype of storage used for unstructured matricesinthiswork: it isan efficient storage scheme
when the number of non-zeros averaged over the rows is not much less than the maximum number
of non-zeros in any one row. Thisform of sparsity will be referred to here as row-wise sparsity.

Sparse matrix Primary store Secondary store

(01002 12 2 5

30000 30 12
b

04500 4 5 2 3

00O0G©G6 7 6 7 4 5

180900 8 9 1 3

Figure 8.4: Storage for a row-wise sparse matrix

8.1.2 Reducing Execution Time

In addition to reducing the storage requirements of an implementation, the use of sparse programming
techniques can reduce the execution time by allowing operations to be restricted to only the non-zero
elements.

For example, in forming the product of amatrix A and avector V, the t* component of the product
vector isgiven by multiplying the: " row of A element-by-element with V' and summing the elements
of theresult. Now if A issparse, then only the non-zero elements in a given row need be considered
in the multiplication/summation (as the zero elements al contribute nothing to the sum). So for, say,
an order n tridiagonal matrix, matrix-vector multiplication requires only 3n — 2 multiplications and
2n — 2 additions, rather than the 2 multiplications and n(n — 1) additions required when the matrix
is dense.
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8.2 Overview of Sparse Derivations

In this section, | describe the method used to incorporate sparse programming techniquesinto derived
implementations.

Implementing an algorithm in such away as to make effective use of sparse programming techniques
is often treated as a task distinct from the task of implementing the algorithm in ‘dense’ form (i.e.
without using sparse programming techniques). This is understandable, as a sparse implementation
is often radically different from a dense implementation.

However, the approach | adopt in this thesis is to treat the use of sparse programming techniques
as merely yet another implementation technique, in the same manner as paralélization or the im-
plementation of abstract data types. Thus, the same specification is used for both sparse and dense
implementations; just as the same specification is used regardless of whether the target architecture
implements a sequential, vector or array model.

The derivation for a sparse implementation is almost the same as that for the dense implementation:
the only difference is that the derivation for the sparse implementation includes an additional stage
to incorporate sparse programming techniques.

For example, the derivation to produce a dense, sequential implementation is

SML — X-Calculus— Unfolding — Static Evaluation
— Common Sub-expressions — Fortran77

while the derivation to produce a sparse, sequential implementation is

SML — X-Calculus— Unfolding — Static Evaluation
— Sparse — Common Sub-expressions — Fortran77.

That is, an SML specification is converted into a simple, functional form; is optimized by unfolding
definitions and simplifying expressions; is then modified to use sparse programming techniques; and
is then optimized and implementation in Fortran77.

Similarly, for sparse vector and array implementations:

SML — A-Calculus— Unfolding — Static Evaluation
— Sparse — CRAY — Common Sub-expressions — Fortran77

SML — A-Calculus — Unfolding — Static Evaluation
— Sparse — Array — Common Sub-expressions — Fortran Plus Enhanced.

The term "sparse sub-derivation” is here a generic term: there are many forms of sparsity (e.g.
tridiagonal and row-wise), each of which requires a somewhat different sub-derivation (though
fortunately, the sub-derivations are quite similar): the appropriate sub-derivation is inserted into the
derivation at the indicated point.

The positioning of the sub-derivation in the derivation is not arbitrary:

e Unfolding and Static Evaluation produce a simple form of a specification, facilitating the
conversion to sparse programming techniques.
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e The form of the sparse programming techniques is independent of the target architecture, so
the sparse sub-derivation should come before the architecture specific stages of the derivation.

The above discussion omits one detail: which matrices in an algorithm are sparse, and what is the
type of the sparsity, are properties of the data setsthe algorithm is processing — as such, they cannot
be automatically incorporated into an implementation by transformation: they must be specified at
some point by the programmer. Thus, some means must be provided for the programmer to introduce
information specifying that such-and-such a matrix is tridiagonal, or whatever; transformations can
then use this information to optimize an implementation.

How such information is provided is mainly a matter of convenience: perhaps the most convenient
method would be to include assertions in a specification. For example, if a matrix is input into the
‘driver’ function of a specification, then the driver function might also include an assertion that the
matriX is tridiagonal and an assertion that isis row-wise sparse:

function init(n:int)

val Areal matrix = read_matrix([n,n]);
assert: tridiagonal (A n
assert: rowwi se(A [n,w

These assertions indicate that A can be tridiagonal (of order n), or row-wise sparse (with n rows,
each with w non-zeros). Each sparse sub-derivation would then use the appropriate assertion; for
example, the tridiagonal sub-derivation would take A as being tridiagonal and ignore the r owwi se
assertion. The standard, dense derivation would ignore all such assertions.

Effective methods for incorporating information such as sparsity into a specification requires further
research and is outside the scope of thisthesis; in thisthesis, | consider how such information can be
used once it has been supplied.

8.3 TheTridiagonal Sub-derivation

In this section, | discuss the method used to produce tridiagonal implementations.

The starting point | assume is a specification containing information that a particular matrix is
tridiagonal, and that the sparsity is of a particular type. This specification is processed by the initia
stages of the derivation to produce a Statically Evaluated form (preserving the information about

sparsity).

The task of the tridiagona sub-derivation is to convert operations on the tridiagonal matrix into
equivalent operations on the primary store.

To illustrate the method used to achieve this conversion, | will trace the conversion of matrix-vector
multiplication, assuming that the matrix is tridiagonal .

8.3.1 Worked Example: Matrix-Vector Multiplication

Consider the (dense) expression for matrix-vector multiplication:

[generate([n],)\[i]- ]

reduce([n], A[j]-times(element (A [i,j]),elenment(V,[j]),+, 0.0)
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and assume that the matrix A isknown to be tridiagonal, of order n. Since only the non-zero elements
of A(that is, the tridiagonal elements) areto be stored, thenthe expression el enent (A, [i,j]) may
be thought of as representing a composite operation, as follows:

o test whether theindices s, j refer to a stored element;
e if s0, return the stored value;
e otherwise, return zero.

That is, the expression el enent (A, [i,]j]) isequivaent to the conditional expression

(if ([i,j] € tridiagonal (n)) then element (A [i,j]) else 0.0)

wheretri di agonal (n) represents the set of indicesin the tridiagonal region.

Thus, the expression for matrix-vector multiplication can be written

1 A d A
gen](cerat e(j[ : € t[rll ]dlraeg:rfael(([r?)]) t[rjulnt el em(ant (A [i,j]) else 0.0,
el errent§v, (i1,

This form has three advantages over the original form:

e |t contains an explicit conditional expression that distinguishes the zeros from the non-zeros;
this conditional expression can be manipulated by transformations.

e The zero elements are designated explicitly by the number zero (rather than by an application
of el enent ); again, this explicitness permits manipulation by transformations.

e All remaining applications of el ement are known to refer to stored values.
The explicitness of the the new form permits the expression to be simplified:

e Theapplication of t i mes can be propagated into the limbs of the conditional expression.

> generate([n] ALi] reduce([n] Alil-
([i,j] € tridi agona
thentlmas elerrent A [ ) eIerrent(V[J]))
el se tines 0, el errent(\/
+,0.0))

e Theresulting multiplication by zero can be simplified

( A

==> generate([n], Ali]-reduce([n], A[j]-
if ([i,j] € tridia onal(
then tines(element (A [i,j]),element(V,[j]))
el se O)g),
+1

| J/

e Inthereduction, i isfixed, sothe predicate [i,j] € tridiagonal (n) issatisfied for, at
most, three values of j ;{7 — 1,4, + 1}. The reduction can thus be further simplified to give

=> generate([n],

/\[I G f (i =1) then 0.0 else element (A [i,i-1])*element(V,[i-1])
+ element (A i,i)* eIerrent(V[|]) )

+if (i=n) t en 0.0 else element (A [i,i+1])*elenent (V,[i+1]))

in which the conditional expressions check for the first and last rows of A (which have only
two non-zeros rather than three).
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In the expression produced by simplification, the matrix A is still a sparse matrix: it has n? elements,
most of which are zeros; what has changed isthat all applications of el ement refer to non-zeros.

Next, the non-zero region is mapped onto the primary store (an nx3 matrix, denoted as Ap). The
mapping from sparse index to primary index is

which applied to the above expression gives (after some arithmetic simplification)

generate([n],
A[i]-if (i=1) then 0.0 else elenent(Ap,[i,1])*elenent(V[i-1])
+ el enment (Ap, [| 2]) eIement(V[ ]
+ if (i=n) then 0.0 else element(Ap,[i,3])*elenent(V[i+1]).

The above expression is the optimized form of matrix-vector multiplication: each element in the
product vector requires two additions and, at most, three multiplications. The presence of the
conditional expression to test for the first and last elements would reduce efficiency if preserved in
an implementation. It isremoved by later stages of the derivation.?

8.3.2 Method

The above example was intended to illustrate that the derivation of the sparse form has three main
steps:
¢ Introduction of conditional expressions to explicitly test for zero/non-zero values.

e Simplification of the resulting expression.

e Mapping the non-zeros onto the primary store.
These steps are detailed bel ow.
Introduction of Conditional Expressions

Anapplicationof el ement toamatrix whichismarked astridiagonal istransformedinto aconditional
expression which testsif the index refers to a non-zero value.

. sd.
el ement (A:tridiagonal (n),[i,j])
==>
if ([i,j] etr|d|a_onal(nl)2 o
t hen eIement(Atr| iagonal (n),[i,j])
else 0.0

. scC.

2How it isremoved depends on thetarget architecture; that iswhy removal is not attempted by the sparse sub-derivation.
For example, for sequential and vector architectures, the conditional expression can be removed by ‘loop peeling’, whereby
thefirst and last elements are implemented separately from the other elements, allowing the main part of the generation to
be implemented as a simple loop with no conditional expression.
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Simplification

Oncetheexplicit testsfor zero/non-zero el ements have been introduced, transformationsareappliedto
simplify expressions. Some of thissimplification issimilar to that performed by the Static Evaluation
transformations (and indeed, the transformations used to perform the simplification are the same); of
particular relevance are the evaluations involving zero, suchas. sd. x+0 ==> x . sc..

Other aspectsof the simplification are specific to the sparse sub-derivations. In particular, animportant
simplification isthe removal from reductions of the conditional expression introduced by the previous
section. Thisremoval isachieved by splitting reductionsinto apair of reductions: one reduction over
the region where the conditional istrue; the other over the false region.

There are several types of splitting:

Tridiagonal region is sub-set of reduction region
If areduction is performed over a shape [n, n|, and if the reduction’s generating function tests
for membership of the tridiagonal region, then the reduction is split into a reduction over the
tridiagonal region, and areduction over the rest of the shape.

4 )
. sd.
reduce([n, n],
A[i]if ([i] € tridiagonal(n) then T else F,
AX,y-r,init)
==>

AX,y-r (reduce(tridiagonal (n),A[i]-T, Ax,y-r,init),
reduce([n,n]-tridiagonal (n), A[i]-T, Ax,y-r,init))
where S- S’ indicates set difference.
. SC.
|\

\ector reductions
If areduction is over one dimension, and the reduction’s generating function tests for member-
ship of the tridiagonal region, then those non-zeros that contribute to the reduction may form a
sub-set of the tridiagonal region that can readily be separated from the rest of the region, such
asthe non-zeros in agiven row or column.

For example:

( )

sd.

reduce([n],
A[jl-if ([i,j] € tridiagonal (n)) then T else F,
AX,y-r,init)

==>

AX, Y-

Xiiyfr (i=1) then 0.0 else A\ T (i-1))
(A%, y-r (AT (i)) . _
(if (i=n) then 0.0 else A T (i+1))

(reduce([n]-{i-1,i,i+1}, Aj-F, Ax,y-r,init))
wherei isindependent of j .
. sC.

J

Here, the three elementsin row ¢ that lie in the tridiagonal region have been separated.
A similar transformation can be applied for separating out a column of the tridiagonal region.

Two other forms of transformations are important for the sparse sub-derivations:
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Reduction over zeros
The application of the previous transformations often results in reductions in which the gen-
erating function always returns zero. |If the reducing function is addition or, less usualy,
multiplication, then the result is, of course, zero.

( )
sd.
reduce(S, Ai,j-0,real.plus,0)
==>

0
. SC.

sd.
reduce(S, Ai,j-0,real.tines,0)
==>

0
. SC.

Propagation of conditionals
Asillustrated in the worked example, the propagation of function applications into conditional
expressions can alow simplifications to takes place, when the predicate of the conditional
is a test for membership of the tridiagonal region. Such propagation is performed by the
transformation

. sd.
f(if (i € tridiagonal(n)) then T else F)
==>
if (i € tridiagonal(n)) then f(T) else f(F)
. SC.

(and equivalent transformations for functions of more than one argument).

Mapping onto Primary Store
After the simplification stage, operations on the sparse matrix are converted into operations on the
primary store. This conversion is characterized by the mappings:

shapes. tridiagonal(n)—[n,3;

indices. [z, j]—[¢,7 — i+ 2] and the inverse [z, j]—[:, 7 + j — 2] (for non-zero elements).

All array operations are expressed in terms of the three functions el enent , gener at e and r educe,
soitisapplications of these functions that must be converted.

el enent Each application of el ement is by now guaranteed to refer to a non-zero, so the
conversion of el enent isastraightforward application of the above identities.

d.

SeI ement (A tridiagonal (n),[i,j])
==>
element (A:[n,3],[i, j-i+2]).

. SC.

Some additional transformations can be applied to simplify the arithmetic expression produced
by this transformation.

gener at e Theconversion of gener at e primarily requires the application of the shape mapping
to the shape and the inverse index mapping to the generating function. The conversion is
somewhat more complex, though, due to the invalid locations ([1, 1] and [r, 3]) in the primary
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store. Itisassumed that these locations contain the value zero, so the generating function must
return zero for those locations.

- 1\
. sd.
generate(tridiagonal (n), Ai,j-9)
==>
generate([n, 3],
Ai,L’-if ([iil=(1,1] Vv [i,jl=[n, 3])
then 0.0
else \j-g (i+’-2))
\'SC' J

Further transformations can be applied to remove the explicit test for theinvalid locations when
it is known that the generating function would return zero for those locations.

reduce The conversion of reductions is essentially the same as the conversion of generations,
except that the generating function must return the identity element of the reducing function
(which may or may not be zero) for theinvalid locations. Thisensuresthat including theinvalid
locations in areduction does not ater the value of the reduction.

p
. sd.
reduce(tridiagonal (n), Ai,j-g,r,init)
==>
reduce([n, 3], A[i,]']-
if.([ijj]:[l,l] V [i,j]1=[n,3]) then r0 else A-g (j’),
r,init
wherer 0 isan identity element of the reducing functionr .
. SC.

Further transformations can be applied to remove the explicit test for theinvalid locations when
it isknown that the generating function returns the identity element for those locations.

8.3.3 Imperative Implementations of Tridiagonal Form of Conjugate Gradient

Having derived the tridiagonal form of an algorithm, the later stages of the Fortran77, CRAY and
DAP derivations are applied to produce implementations. Since these stages of the derivation are
unchanged from the dense version (chapters 6 and 7), | shal simply present the implementations
produced for Conjugate Gradient. Further, the only parts of CG that change for the tridiagonal
version are two the matrix-vector products, in the computation of r / and the computation of g’. Inthe
following sections, | present the implementations of these products for sequential, CRAY and DAP
architectures, and discuss the efficiency of the CG implementations.

Tridiagonal Sequential Implementation of CG

Figure 8.5 shows the sequential implementations of the two matrix-vector products performed by
Conjugate Gradient.

o Both of the implementations exhibit the effects of ‘loop peeling’: thefirst and last elements of
r1 and g are computed separately to avoid the need for a conditional expression in the main
loop that computes the other elements.

e Inthe computation of r’, the matrix-vector product involves the transpose of A, but no explicit
transposition is performed in the implementation; rather, theindices are modified: the elements
of Athat contribute to the value of the i element of theresult are, in the standard and transposed
versions respectively
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ri(n) = r(n)-(A(n-1,3)*g(n-1)+A(n,2)*q(n))*alpha
T1(1) = 2(1)-(A(1, 2)*qei)+A(2,1)+q(2)) #alpha
] ) DO 1i=2,n"1

val atq:real vector = transpose(a)*q;
r1(i) = r(i)-(A(i-1,3)*q(i-1)+

val r’:real vector = r-atqg*alpha;

. A(i,2)*q(i)+A(i+1,1)*q(i+1))*alpha
1 CONTINUE

q(n) = A(n,1)*r1(n-1)+A(n,2)*r1(n)+q(n)*beta
q(1) = A(1,2)*r1(1)+A(1, 3)*r1<2)+q(1)*beta
DO 1i=2, n-1

gq(i) = A(i,1)*r1(i-1)+A(1,2)*r1(i)
. +AQE, 3)*r1(1+1)+q(1)*beta
1 CUNTINUE

(val qI:real vector = a*rl+q*beta) —

Figure 8.5: Sequential implementation of tridiagonal versions of matrix-vector products for CG

Standard Transposed

Ali, 1) — , 3)
Ali,2) — Ali,2)
Ali,3) — A(i+1,1)

That the substitution of the right terms for the left terms is equivalent to performing matrix
transposition is not, | believe, entirely obvious; yet it follows by the application of simple
rules. Such results are often what present the greatest possibility for error when constructing
an implementation manually.

Examination of theimplementations shows that the sparse sub-derivation is effective inimplementing
these operations: the minimum number of computation required for the operations are performed
with few overheads. Comparison of the execution times for the dense and tridiagonal versions is not
very informative, since the number of computations has been reduced from O (n?) to O(n), so clearly
the tridiagonal version will execute much more quickly.

Such comparison does though indicate the effectiveness of the sub-derivation and the importance of
sparse programming techniques. Figure 8.6 compares the execution times for dense and tridiagonal
implementations on a sequential workstation and on the CRAY operating in scalar (sequential) mode.
It should be noted that the derived tridiagonal version also allowed much larger problem sizes to be
tackled: for the CRAY, the increase in problem size was approximately a thousandfold. The most
obvious feature of these graphs is that the tridiagonal version’s execution time does not noticeably
increase!

F — 9O Dense —O— Dense
—0— Tridiagonal ——0—— Tridiagonal

e
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Time per iteration/seconds
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Size Size

CRAY in scalar mode Sequential workstation

Figure 8.6: Comparison of sequential execution times for dense and tridiagonal versions of CG

Tridiagonal CRAY Implementation of CG

The tridiagonal CRAY implementation of CG is the same as the sequential implementation: the
CRAY sub-derivation has no effect upon the tridiagonal form. There is little further to be gained by
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comparing the dense and tridiagonal execution times: the graph looks much like those in figure 8.6.
However, two useful comparisons can be made:

e Thematrix vector productsincludetermssuchasA(i -1, 3)*q(i-1) andA(i, 1) *r1(i-1).
It is possible that the index expressions inhibit vectorization; a comparison of execution times
in scalar and vector modes may thus be informative.

e The CRAY software library contains implementations of the BLAS routines (Basic Linear
Algebra Subroutines). One such routine performs the assignment

y: =aAx+py

where A is a sparse matrix with an arbitrary number of contiguous sub- and super-diagonals,
x and y are dense vectors and « and  are scalars. This routine can be used to perform the
computation of r’ and q':

val atq:real vector = transpose(a)*q;
val r’:real vector = r-atg*al pha;

(val q:real vector = a*r’+q*beta]

A comparison of the derived implementation and implementation using BLA Sroutine provides
an indication of the absolute efficiency, though it must be remembered that the BLAS routine
is capable of using banded matrices with any number of super- and sub-diagonal, not just
tridiagonal matrices.

| —o— BLAS
—0— Derived

——0—— Scalar
—0O— Vector

IS

Time per iteration/seconds
Time per iteration/seconds

| | | | | |
2010° 405 6105 8C10° 10m0° 2010° 3m0° 4mo® 5[10° 6[10° 7010°
Size Size

Figure 8.7: Execution times of derived tridi-  Figure 8.8: Execution times of derived tridi-
agonal implementation of CG in scalar and  agona implementation and implementation
vector modes using BLAS routine

Figure 8.7 compares the performance of the derived tridiagonal implementation of CG in scalar and
vector modes. The speedup for vector mode is 11-12: this is better than average speedup (8-10),
indicating that the derived implementation isindeed well suited to vectorization.

Figure 8.8 compares the performance of the derived implementation against that of the BLAS-based
implementation. The execution time of the derived implementation is between 20% to 30% less than
that of the BLA S-based implementation, indicating that the derived routine isindeed quite efficient.

Tridiagonal DAP I mplementation of Conjugate Gradient

As with the sequential and CRAY implementations of CG, the important aspects of the tridiagonal
version are the two matrix-vector products, shown in figure 8.9.

e Anexpression of theform A( , ¢) indicates the ¢ column of matrix A.
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val atq:real vector = transpose(a)*q; rl = r-(shrp(A( ,3)*q)
val r :real vector = r-atq*alpha; +A( 2)*q+sh1p(A( 1)*q))*a1pha

! / = A(C ,1)*shrp(b)
{val q :real vector = a¥r +q*beta) — [q +A( 2)*b+A(P 3)*shlp(b)+g*beta

Figure 8.9: DAP implementations of tridiagonal versions of matrix-vector products required by CG

e The functions shr p and shl p shift the elements of a vector to the right or left respectively,
introducing a zero at one end.

e Thetridiagonal (functional) form of matrix-vector multiplication was presented earlier; itis:

generate([n],
Ai-if (i=1) then 0.0 else element(Ap,[i,1])*elenment(V[i-1])
+ elenment (Ap, [, 2]) element (V,[i]
+if (i=n) then 0.0 el se elenent (Ap, [i,3])*el ement (Vi +1]).

Thisform contains conditional expressions for thefirst and last elements of the product vector,
to account for the first and last row contributing one less term to the sums than the other
rows. The DAP implementations of matrix-vector multiplication does not contain conditional
expressions. the vector shifting in the DAP expression has the effect of introducing a zero at
the locations specified by the conditional expressions, so the conditionals are redundant.

e The computation of r’ requires a product with A transposed. The DAP implementation does
not perform an explicit transposition; rather the shifting is modified:

Standard Transposed
A( , 1) *shrp(b) — shrp(A( ,3)*Qq)
Al ,2)*b — Al ,2)*q

A( ,3)*shl p(b) — shlp(A( ,1)*q)

Aswith the sequential implementation, isis not obvious that such modification of the shifting
is equivalent to transposing the matrix.

—o- Dense
o~ Tridiagonal

10t 4

Time per iteration/seconds

. . . . . . . . .
0 64 128 192 256 320 384 448 512 576
Size

Figure 8.10: Execution times for tridiagonal and dense DAP implementations of CG

The DAP implementations of the matrix-vector products are clearly seen to be efficient. Asfor the
sequential implementati ons though, a comparison of execution performance for tridiagonal and dense
implementations, asshown infigure8.10, illustratesthe effectiveness of thetridiagonal sub-derivation
and the importance of using sparse programming techniques (note that the time scale is logarithmic).
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8.34 Summary of Tridiagonal Sub-derivation

The tridiagonal sub-derivation is effective at optimizing standard definitions of operations to make
efficient use of the compact storage scheme used for tridiagonal matrices. In addition, the optimized
form is suitable for processing by further sub-derivations which produce efficient sequential, CRAY
and DAP implementations.

8.4 Row-wise Sparse Matrices

In this section, | discuss the implementations of Conjugate Gradient for a row-wise sparse matrix,
obtained by modifying the tridiagonal sub-derivation.

To recap: arow-wise sparse matrix is a matrix in which the number of elements to be stored is the
same in each row; that number is the width of the sparse matrix. (The stored elements should mostly
be non-zeros, but some may be zeros.)

A row-wise sparse matrix A with n rows and of width w is stored as an nxw primary store 4,
and an nxw secondary store A,. A location [, 5'] in the primary store corresponds to the location
[2, As[z, 7']] in the sparse matrix: i.e.

Apli, J'1=A[A 5] -

Seefigure 8.11.
Sparse matrix Primary store Secondary store
(0100 2 12 2 5
30000 30 1 2
—>
04500 4 5 2 3
0 0O0G©G6 7 6 7 4 5
180900 8 9 1 3

Figure 8.11: Storing arow-wise sparse matrix

8.4.1 The Row-wise Sub-derivation

Details of the row-wise sub-derivation, including aworked example, are presented in appendix B.5.

8.4.2 Imperative |mplementations of Row-wise Sparse Form of CG

Figure 8.12 shows the sequential implementation of the row-wise sparse versions of computations of
CG involving matrix-vector products.

e Thenxn sparse matrix A isrepresented as a primary store Ap and secondary store As, each of
sizenxw, where w isthe maximum number of non-zeros in any row.
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4 N\

do 230 i =
atq(j) =

230 continue

o
or
B
N

do 250 i =
do 240 k =
j = As(i,k)
atq(j) = atq(j)+Ap(i,k)*q(i)
240 continue
\250 continue

(val atq:real vector = transpose(a)*q;) —>

do 340 i = 1,n,1
g63 = 0.0
’ / do 330 k = 1,w,1
val q :real vector = a*r +gibeta — g63 = gb3+Ap(i,k)*r1(As(i, k))
330 continue
q(i) = g63+q(i)*beta
340 continue

Figure 8.12: The row-wise sparse versions of the matrix-vector product computations of CG

e The transposition of A required for the computation of at q is not explicitly performed in the
implementation; rather, comparing with a non-transposed product, the indirect indexing is
shifted from the operand vector V to the product vector P:

Standard Transposed

(P(i) - P(i)+Ap(i,k)*V(As(i,k))) — (P(As(i,k)) - P(As(i,k))+Ap(i,k)*V(i))

Aswith the implementations for the tridiagonal form, itis not obvious that thisis how transpo-
sition should incorporated into the product.

The primary factor contributing to efficiency in the row-wise sparse implementations of CG is the
restriction of the summations to only the non-zero region; this restriction was achieved by the
sparse sub-derivation. However, theindirect array indexing introduced to achieve thisrestriction (in
expressionssuchasr 1( As(i, k))) introduces overheads that may offset the gain in efficiency.

Percentage | Number of operations: | Execution times:
’° 1'5 non-zeros dense/sparse dense/sparse
% 1 2 50 25
é . 5 20 13
. 10 10 7
@ (b)

Figure 8.13: Comparison of sequential execution times of dense and row-wise sparse versions of CG

Figure 8.13(a) compares the execution times of the dense implementation of CG against execution
times of the row-wise version, for row-wise sparse matrices containing 2%, 5% and 10% non-zeros
in each row. (The non-zeros were randomly scattered along each row, though it was ensured that all
the diagonal elements were non-zero, asthisisrequired for convergence of CG.)

Figure 8.13(b) summarizes the results. on average, execution of the row-wise sparse version (for
the various proportions of non-zeros) was 25, 13 and 7 times faster than the dense version; the

145



Sparse atrices o.4 Row-wise Sparse M atrices

corresponding reductions in the number of required computations are approximately 50, 20 and
10. These results suggest that the indirect indexing does indeed introduce considerable overheads
(proportionately more the fewer the elements), but that the row-wise sparse form till provides a
useful reduction in execution times; and, of course, the row-wise sparse version permits much larger
problem sizes to be tackled, due to the reduced storage requirements.

8.4.3 CRAY Implementation of Row-wise Sparse Version of CG

The CRAY row-wise sparse implementation of CG is the same as the sequential row-wise sparse
implementation (figure 8.12): the CRAY sub-derivation has no effect upon the sparse form. As
before, the CRAY implementation can be evaluated by comparing its execution performance in scalar
and vector mode, and by comparing its performance with the dense version of CG.

As with the sequential implementation, the primary concern for efficiency is to what extent the
reduction in operations obtained by restricting summations to the non-zeros is offset by the overheads
introduced by theindirect array indexing. Thelatter islikely to have agreater, detrimental effect than
inthe sequentia implementation sinceit will inhibit vectorization. However, the X-M P processors do
have ‘ scatter-gather’ units designed specifically to implement such indirect addressing, so the effect
on vectorization may be ameliorated somewhat.

| —o— scalar
2 —0O— Vector

Time per iteration/seconds

Size
Figure 8.14: CRAY execution times of row-wise version of CG
in scalar and vector modes (2% non-zeros)

Figure 8.14 compares the scalar and vector performance of the row-wise version of CG. The average
speedup of the vector version over the scalar version is about 4, suggesting only moderately effective
use of the processor vector units (good use of the vector unitsnormally resultsin aspeedup of between
8 and 10).

Percentage | Number of operations: | Execution times;
° 4 non-zeros dense/sparse dense/sparse
2 50 5.8
Al 5 20 2.2
O 10 10 115

(b)

Figure 8.15: Comparison of CRAY execution times of dense and row-wise sparse versions of CG
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Figure 8.15(a) compares the execution performance of the dense and row-wise sparse versions of CG;
figure 8.15(b) summarizes the results. For a matrix with 2% non-zeros, the number of computations
performed by the sparse version is reduced by afactor of 50 compared with the dense version, but
the execution time is reduced by afactor of only 6. For a matrix with 10% non-zeros, the execution
time of the sparse version is almost the same as the dense version.

These results suggest that the indirect indexing does indeed have a considerable detrimental effect
on performance; however, the row-wise sparse version still provides a useful reduction in execution
time for matrices with alow proportion of non-zeros, and it permitslarger problem sized to be tackled
due to the reduced storage requirements.

844 DAP

The indirect array indexing required for the implementation of row-wise sparsity is virtually im-
possible to implement efficiently on the DAP array processor (the hardware does not suppose the
communication required for the indirect indexing), so | do not consider an implementation for the
DAP.

8.4.5 Summary of Row-wise Sparse Sub-derivation

The storage scheme chosen for row-wise sparse matrices is considerably more difficult to use effi-
ciently than the tridiagonal scheme, due to the requirement for an index lookup table. However, the
row-wise sparse sub-derivation does effectively tailor implementations to the chosen scheme.

8.5 Summary

The types of sparsity considered in this work (tridiagonal and row-wise) are only two examples of
many possible types of sparsity: the extension to other types of sparsity should be a simple matter;
indeed, the tridiagonal sub-derivation has already been provisionally extended to permit banded
matrices with any number of sub- and super-diagonal to be used.

The sparse sub-derivations discussed in this chapter are effective at automatically tailoring programs
to use the chosen storage schemes for at least a restricted, though widely used, class of algorithm.
Efficient, imperative implementations for sequential, vector and array architectures can be derived
using the same sub-derivations as for the dense form.

Further research isrequired to explore the limits of what can be achieved for sparse data structures by
automatic tailoring such as discussed in this chapter. In particular, algorithms which compute sparse
data structures may present greater difficulties than algorithms in which the sparse data structures are
input data (as was assumed for this thesis). Also, specifying the nature of the sparsity may become a
problem when more than one type of sparsity is present simultaneously (e.g. one matrix istridiagonal,
another row-wise sparse): this situation does not seem to arise often though.
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Chapter 9

Related Work

The work discussed in this thesis touches on severa fields of research: specification of numerical
algorithms; parallel programming in both imperative and functional contexts, and particularly parallel

programming for numerical algorithms; program transformation and derivation. In this chapter, |
discuss the rel ationship between my work and these research areas.
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9.1 Paralle Programming

Imperative languages are the languages predominantly used to program the high-performance com-
puter systems considered in this thesis. In this section, | briefly discuss some of the issues more
closely related to the work reported in this thesis. The two important issues are the vectoriza-
tion/parallelization of sequential Fortran programs and the array-based diaects of Fortran that have
been recently devel oped.

In addition, extensive research has been carried out on using functional languages to program parallel
computer systems; in the hope that parallel systemswould permit functional programs to compete on
performance with imperative programs and in the hope that the greater expressiveness and simpler
semantics of functional languages would ameliorate the difficulties encountered in programming such
systems.

9.2 Parallelizing Compilers

The mgjority of programs that are executed by parallel computers are expressed in Fortran77. For-
tran77 is inherently sequential, so compilers for paralel systems must perform extensive analysis
of programs to obtain parallel execution, primarily by executing multiple iterations of DO loops
simultaneously.

For example, the loop

DO1i=1,n
[ V(i) =0 ]
1 CONTI NUE
has meaning: "assign 0to V(1); then assign 0 to V(2); etc.". Inthis example, it is obvious that al the
assignments can be performed simultaneously.

9.2.1 Dependence Analysis

In general, the conversion of aloop from sequential to parallel execution is complex. The basic tool
in the conversion isthe loop's dependence graph, which delineates the effect one statement in aloop
has on other statements, or the effect one loop iteration has on another loop iteration. For example,
in the loop

DO 1 i=1,
A(i) = B(i

i) = Ali*1)
1 | NUE

the assignment to A(i ) for some: cannot be performed until the value of A(i) hasbeen used in the
assignment to C(ii - 1) : the second statement is said to be dependent on the first.

Dependencies such as this can be represented as arcs in a graph, with the statements as nodes of the
graph: if the node for a statement is linked to the node for a second statement, the second depends
on thefirst. In general, the construction of the dependence graph for aloop isintractable; two of the
reasons for thisintractability are:

o To decide if there exists a dependence between a statement which uses the values of elements
of an array and a statement that assigns elements of that array, it is necessary to determine the
rel ationship between the indices for the elements used and the indices for the elements assigned
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(if the two are disjoint, there is no dependence between the statements). But array indices can
be arbitrary expressions, whose values are unknown until program execution.

o A Fortran DOloop can be entered and exited at arbitrary points (using GOTO statements). It may
not be possible to decide for which values of the loop index a particular statement is executed.

Worst case approximations may thus be required when constructing the dependence graph; for
example, it may be assumed that a statement which assigns elements of an array affects all the
elements of that array.

Given a dependence graph, many problems occurring in converting aloop from sequential to parallel
execution may be expressed aswell known graph problems. For example, if aloop’s graph isacyclic,
then it is always possible to execute al iterations of the loop simultaneously (though it may be
necessary to reorder the statements in the loop).

An important class of problemsin parallelizing loops is the removal of dependencies. For example,
the loop

DO 1 i=1,N
t = A(i)
B(i =t

1 I NUE

contains a dependency induced by all iterations using the same scalar variable t to store a value
temporarily. The dependency can be broken by replacingt with an array:

DO 1 i=1,N

T(i = A(I

B(i) = T(i
1 CONTI NU

This second form of the loop can then be executed in parallel.

Much of the analysis for converting loops into paralel form is the same whether the computer
system is a vector processor, a shared memory multi-processor or a distributed memory muilti-
processor. Where compilers for these architectures differ is primarily in their treatment of nested
loops: for vector systems, theinnermost |oop isthe one executed in parallel, with outer |oops executed
sequentially; for multi-processor systems, the outermost loop is executed in parallel (asthat provides
the greatest granularity of computation). Compilers may change the order of nested loopsif theinner
or outer loop cannot be executed in parallel, or if another loop has better characteristics (for example,
it is generally better to parallelize aloop with alarge number of iterations).

9.2.2 Code Generation

A compiler computes an (approximate) dependence graph and perhaps manipulates a program to
minimize dependances. The dependence graph may contain information that al the iterations of
some loop can be executed in parallel; the compiler uses this information in generating instructions
for the target system.

o For avector architecture, with finitelength vector units, theiterations of theloop will bedivided
into sections to match the length of the vector units. Each section is pipelined for efficient
execution.

o For shared memory multi-processors, the iterations will be distributed over the processors. The
compiler may arrange the distribution, or the operating system may arrange the distribution
when the program is executed. In addition, the compiler must generally insert synchronization
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commands to ensure that no processor proceeds beyond a loop until al the processors have
completed executing the loop.

e For distributed memory multi-processors, the iterations will again be distributed either by the
compiler or the operating system. The compiler must also insert communication commands to
obtain for each processor any required data that is stored on another processor.

Since communication is normally several orders of magnitude slower than other processor
operations, itisvital that communication be kept to aminimum. The amount of communication
will depend on the way data is distributed over the processors, so the distribution can have a
considerable effect on the performance. Unfortunately, automatically designing an optimum
distribution isan intractable problem, soitisnormally left to the user to design the distribution.
The compiler can then insert code to perform the necessary communication.

9.23 Survey

Vectorizing and parallelizing Fortran77 (and other sequential languages) have been the subject of
intense research for a couple of decades, and continue to be so how. For example, in 1974 Lamport
[68] discussed manipulating loops to obtain better parallel execution; while Dowling [31] discussed
extensions to that work in 1990; and in1987 Allen and Kennedy [2] discussed using parallelization
and vectori zation techniques to convert a Fortran77 program into a Fortran90 (" Fortran8x" as it was
then known) program, rather than simply compiling the program for execution. Extensive details of
vectorization/parallelization can be found in the books by Zima and Chapman [100] and by Wolfe
[101].

This research area is not directly related to this thesis, in that the results of the research are not
employed in the derivations presented here. However, the research is important for this thesis
since Fortran77 is currently the only feasible language for programming many vector and parallel
computer systems (and that has consequences for derivations). In addition, the intractability of many
of the problems that arise in vectorization/parall€elization is a major factor motivating research into
aternative approaches to programming high-performance computer systems; the work reported here
may be viewed as one aternative.

9.3 Array-based Fortran Dialects

Imperative languages have been extended to support parallel programming. The extensions range
from subroutine libraries that are little more than interfaces to operating system routines, to entirely
new languages such as ADA, which where designed with parallel execution in mind.

Of particular relevance to this thesis are the array extensions to Fortran provided by languages such
as Fortran90 [79], Connection Machine Fortran [94], Fortran Plus Enhanced [1], Fortran-D [34] and
Vienna Fortran [10].

These extensions provide, to some extent, an array abstract datatype: many common operations such
as the elementwise addition of two arrays are provided as pure functions (denoted using the usual +
operator). Vienna Fortran is distinguished from the othersin its advanced support for data templates,
which permit the programmer to define the distribution of data on distributed memory systems.

Recently, many of the features of these array-based Fortran dialects have been coalesced into asingle
language called High Performance Fortran [59]. The language definition is still under review and
there are no widely available HPF compilers available yet.
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In some ways, the array extensions to Fortran may be viewed as an attempt to introduce into Fortran
some of the features of functional languages (though it is unlikely that the language developers
consider it in that manner): expressions permit array operations to be denoted in a high-level,
machine-independent manner that allows operations to be succinctly combined and that facilitates
analysis.

Itisthus natural to ask if the wide-spread use of array-based Fortran would render irrel evant the work
reported in this thesis, since programmers would be presented with array operations that are almost
the same as those provided by the array ADT used for this thesis. Of course, | would answer in the
negative:

e The array-based Fortran dialects fall short of providing complete array ADTSs, since, as is
common with Fortran dial ects, the language designers have restricted themsel vesto the simpler
operations which can be implemented efficiently: thereis no standard matrix-product function
for example and no means to apply a programmer defined function in an elementwise manner.

e Some of the Fortran dial ects do provide module mechanisms for hiding implementation details,
but efficiency considerations will probably force programmers to continue using subroutines
as their main (if any) decomposition mechanism. What the derivational approach offers over
Fortran in any form is a separation of the issues of specifying and algorithm and implementing
the algorithm.

e The expression-based array operations are likely to impose just as high overheads on Fortran
implementations as on functional implementations. The developers of compilersfor the Fortran
diaectswill have to address issues such as destructively updating arrays, but they will have to
address the issue in the context of an already complex compilation system. The derivational
approach allows implementation issues to be separated and addressed more easily.

Thus, the primary relevance of the array-based dialects of Fortran for this thesis will probably arise
from their use as programming models replacing the ill-defined model provided by Fortran77. (It
should be simpler to derive HPF implementations than Fortran77 implementations.)

9.4 Functional Languages

Functional languages have been used in combination with parallel architectures in several ways.

Firstly, thesemanticsof functional programming languagesgenerally permit great freedominthe order
in which operations are performed; a compiler can use this freedom to introduce parallel execution.
A general, widely used method for parallel execution is parallel graph reduction (discussed below).

Other methods include interpreting higher-order functions as templates for parallelism (often called
skeletons): the functional arguments to the higher-order function represent computations that are to
be performed while the high-order function itself represents a (potentially parallel) control structure
for performing the computations (see below).

In addition, operations such as mappings and reductions on abstract data types such aslistsand arrays
can beinterpreted for parallel execution.

Secondly, functional programming languages can be extended with operations that grant explicit
control of processes to the programmer: typically the programmer specifies that a new process is to
be created to evaluate some expression. For example, a programmer might construct the expression

F(future(f(x)),future(g(x)),h(x))
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which specifies that a process should be created to evaluate each of the applications of f and g. The
process that spawns the new processes proceeds with the evaluation of the application of h. If the
spawned processes have not yet completed, the initial process will block until they do complete and
provide the val ues of the expressionsthey evaluated. Theinitial processthen evaluatesthe application
of F.

Explicit process control isnot directly relevant to the derivations discussed here, but it islikely to be
relevant when the derivations are extended to multi-processor systems.

In addition, several computer systems have been devel oped specifically to support parallel execution
of functional programming languages. The importance of special hardware is that it offers the
possibility in a radical shift in the relative performance of functional and imperative languages
that would reduce the need for the construction of an imperative implementation of a functional
specification. However, the current view seems to be that special hardware is too expensive for
practical use (and that improving the performance of functional languages on standard hardware
through advanced compilation/transformation techniques is more promising).

9.4.1 Paralld Graph Reduction

A functional program may be viewed as a graph, with operations such as function application and
A-binding represented as nodes and data represented as leaves. Execution of the program can then be
performed as manipulation of the graph, called graph reduction.

For example, execution of the program
Mx-if (eq(x,1)) then 1 else 2 (0)

can be represented as shown in figure 9.1.

A if 0 if
JIN T > /N — > 71N
X if 0 eq 1 2 fase 1 2
7 I\ \
€q 1 2 1
7\
X 1
@ (b) ©

Figure 9.1: Graph reduction of A x-[if (x=1) then 1 else 2] (0)

One of the advantages of implementing functional languages using graph reduction is that graph
reduction is readily interpreted for parallel execution: any sections of a graph which do not share
sub-graphs can be reduced simultaneously. Typically, parallel reduction is performed by initiating
a process on the root node of the graph; when this process encounters an opportunity for parallel
execution (such as a A\-expression which introduces several bindings), it creates one or more new
processes to perform parts of the reduction, while it too performs part of the reduction.

Some of the problems encountered in parallel graph reduction are:
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e As a process reduces some part of the graph, it may require the value of a section of the
graph that is being reduced by another process. In such circumstances, the former processis
suspended until the latter process completes its reduction.

e Functional programs often contain too much potential parallelism: if anew processwerecreated
to realize each opportunity for parallel execution, typical computer systems would become
overloaded, with the combined demand of al the processes (for memory, say) outstripping the
available resources.

e On adistributed memory system, a section of a graph stored on one processor may reference
datastored on another processor. This clearly requires the operating system/language systemto
support communication, but it also complicates automatic storage management (using ‘ garbage
collection’) since agiven section of storage cannot be deallocated until all references (including
references from other processors) to it have been cleared.

Parallel graph reduction has been implemented on many multi-processor systems, including some
systems constructed specifically to support graph reduction.

Graph reduction isimportant for my work for several reasons:

e |tisprobably the most popular approach for implementing functional programs and is thus the
obvious competitor against the derivational approach advocated here. For thetype of algorithms
discussed here, the derivational approach generally provides better execution performance;
but it must be remembered that graph reduction is entirely genera (implementing any valid
program), whereas the derivations reported here are less ambitious.

¢ Many of the optimization techniques (such as unfolding functions and converting tail recursive
functions to iterative form) are shared by graph reducers and derivations.

9.4.2 Parallelism through Skeletons

Higher-order functions are used to capture common schemes of computation. Often, the schemes are
suitable for interpreting for process parallelism.

For example, a“divide-and-conquer’ scheme to compute some function can be viewed as proceeding
as follows: a complex argument to the function is recursively decomposed into simpler parts until
each of the parts corresponds to some base case for which the result of the function is known; the
function is applied to each of the base cases to produce a set of partial results; the partial results are
then recursively combined (in the inverse order to the decomposition of the argument) to produce the
final result.

A higher-order function can be defined to capture this scheme of computation. The high-order
function may take four arguments:

e afunction that tests if avalue should be decomposed;
o afunction to perform the decomposition if required;
o afunction to produce results for the base cases;

e and afunction to combine partial results.

Such ahigher-order function can be interpreted for process parallelism: asingle processisto perform
the computation specified by the higher-order function;

o if the argument is not a base case, the processes decomposes the argument into a set of simpler
values and creates a set of processes to perform the recursive application of the scheme to
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each simpler value; theinitial process waits for each spawned process to return a partial result,
combines the partial results and then terminates, returning the combined result;

o if the argument is a base case, the process terminates, returning the value corresponding to the
base case.

Thus, the decomposition of complex values gives rise to a tree of processes. The leaves of the tree
are processes performing base-case computations. The recombination of partial results corresponds
to the recollapse of the tree into a single processes.

Skeletons are important for my work as they support one of the underlying tenets of this thesis:
that the superior expressiveness of functional languages can be effectively harnessed for paralel
programming. In addition, my use of gener at e and r educe for data parallel programming could
be viewed as a particular example of the use of skeletons.

9.43 Survey

Architectures designed specifically to support parallel execution of functional languages have been
investigated by several research teams. Systems based on graph reduction include the MaRS machine
[27], the Dutch machine [53], the »-STG machine [60], the GRIP machine [87, 86] and the Flagship
machine [65] (which is an extension of the ALICE system [28, 50].) In addition, the SYNAPSE
machine [73] was designed to support parallel execution of Lisp programs.

Other research has investigated the execution of functional programs on standard multi-processor
systems: Peyton Jones details parallel graph reduction in his book [86]; Goldberg [40] discusses the
implementation of the ALFL language on adistributed memory system and a shared memory system;
Loogen et al. discuss graph reduction on atransputer system in [70]; the PARCEL project (Harrison
et al.) [46, 51] investigated the parallel execution of Lisp programs; Larus and Hilfinger use the
CURARE transformation system to optimize Lisp for parallel execution [69].

Jouret [62] discussesthe implementation of afunctional language on SIMD architectures. He defines
aset of functionsthat have operational semanticswell-suitedto SIMD architectures, similar in concept
to the Array form defined in this thesis. His work differs from that reported here in that histask is
to implement a program containing applications of the data-parallel functions, whereas a derivation
must first convert expressions into applications of Array form functions.

Interpreting high-order functions and ADT operations for parallel execution has been the subject of
intensive research recently. Higher-order functions have been discussed by Harrison [47], Bratvold
[24], Maalien [71] (who also discusses parallel data structures) and Darlington (et al.) [29]. Parallel
data-structures have been discussed by Hains and Mullin [43], Merral and Padget [78], Hill [55, 56]
and Axford and Joy [3].

Extending functional languages to include process control has been investigated by severa people.
Gabriel et al. report on the QLisp language in [36, 41]; McGeharty and Krall discuss FutureLisp in
[75, 76]; Halstead et al. discuss MultiLisp in [44] and its extension (Mul-T) in [67]; Giacalone et al.
discuss the Facile language in [38].

A recent review of parallel functional programming by Hammond appeared in [45].
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9.5 Transformation and Derivation

Thereisalarge volume of literature on program transformations and derivations. For the purposes of
thisdiscussion, | shall divide the literature into several categories, though the categories are certainly
not orthogonal.

Program Improvement: the use of transformations to recast a given program into a more efficient
form.

Transformations can be used to formally recast a program into an equivalent but more efficient
form. The initial and final form are generally expressed using the same syntax. An early
example is Burstall’s and Darlington’'s fold/unfold transformations [25] which improve the
efficiency of systems of recursive equations. Improving the efficient of arecursive function has
been discussed further by Boiten [16] and by Harrison and Khoshnevisan [48], while Kaser et
al. discusstheeffect of unfolding on systems of mutually recursive functionsin [64]. Pettorossi
and Burstall provide some examples of transformational improvement in [85].

Birdand Meertens[13, 77, 14, 12] havediscussed transformations (or mathematical rules) based
on formal properties of programs (their discussion is motivated partly by a desire to improve
program efficiency, partly by a desire to provide a formal basis for program development).
The so-called Bird-Merteens formalism has been further discussed by Malcolm in [72], by
Backhouse in [6] and by Skillicornin [92].

Wadler discusses program improvement by eliminating intermediate lists (deforestation) in
[96]; thisis discussed further by Peyton Jones et al. in [39]. Removal of intermediate data
structures in also discussed by McCroksy [74] and Hennessy (et al.) [89] but they do not use
atransformational approach.

Deforestation is closely related to Static Evaluation (discussed in this thesis). Both Wadler
and Peyton Jones concentrate mainly on list-based data structures, while my work is primarily
concerned with arrays; Peyton Jones does consider arrays, but only in terms of their repre-
sentation as lists, so that after deforestation, array operations are recursive functions; thisis
undesirable as it inhibits parallelization. In contrast, after Static Evaluation, array operations
are still expressed using the basic array functions.

In McCrosky'swork, array operations such as transpose are viewed as transformations on array
indices ([¢, j]—[7,4]); he removes intermediate arrays by composing such transformations.
Hennessy takes avery different approach from mine; hisis based on manipulating a data-flow
graph of a program (as part of acompilation process).

Derivation: the use of transformations to obtain an implementation from some higher-level form.

The use of transformations to obtain a more concrete version of a high-level form has been
discussed by Boyle (et al.) in [23, 20, 22, 21]. Roman and Wilcox discuss the tailoring
of implementations to particular architectures in [88] while Skillicorn discusses the use of
computational cost to direct tailoring [91]. In [35] Fradet and Métayer discusses the use of
transformations to compile functional programs.

Morgan (et al.) [81] and Harrison (et al.) [49] have discussed the use of formal rules to
implement (or realize) abstract datatypes. The redlization of ADTsis an important part of the
derivational process, but in my work it is performed mainly by function unfolding together
with the implementation of primitive functions such as gener at e. Their work may be useful
though in aformal analysis of aspects of derivations such as the conversion of a sparse matrix
into a compact store.
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Theory: the transformational/derivational method itself.

The CIP group, consisting of Bauer, Moller, Partsch and Pepper, has been influential in the
investigation of the formal aspects of program transformation: [8, 7, 9]. Partsch has also done
further work as part of the STOP project [83, 15]. Others working in this areainclude Pepper
[84], Singh [90] and Zhu [103].

That research has been concerned mainly with the methodological aspects of transformations:
formal theory and analysis of the transformation process, provision of software tools, etc.
The work reported in this thesis is concerned more with the practical application of program
derivation to enhance the productivity of programmers.

Systems:  transformation tools.

Partsch gives an overview of various transformations systems in [82]; while that survey is
somewhat old (1983), much of it isstill relevant. Feather discussesthe ZAP systemin[32, 33];
Darlington, Harrison, et al. discuss the transformation system that forms part of the ALICE
project in [30]; Yang and Choo discuss the Meta-Crystal system in [102]; Smith discusses the
KIDS system in [93]; Hildum and Cohen discuss a system (which, it seems, has no namel) in
[54]; the PROSPECTRA system is discussed in [63].

Several authors report that a major issue still to be addressed in transformation systemsis the
control of the derivation process; i.e. the specification of strategiesto achieve some goal. The
approach advocated by Boyle is to define a sequence of canonical forms that achieves a goal
(the conversion from some initial form to some final form): consideration of strategy is then
reduced to ensuring the transformations convert one canonical form into the next. (Informally,
the intermediate forms discussed in this thesis may be viewed as canonical forms, though they
probably require formalization before being granted that status.)

The use of normal forms was discussed at least as early as1970 by Boyle, e.g. [17] but the
topic seems to be enjoying renewed interest; for example Hoare in [58].

Imperative: the use of transformations for imperative program devel opment.

Functional languages generally provide more fertile ground for transformations than do imper-
ative language, due the simpler semantics of functional languages. However, some researchers
have been labouring to apply transformational techniques in attempts to formalize the devel-
opment of imperative programs, both sequential and parallel.

In [4] Back develops transformations for a simple imperative language, with semantics defined
using Hoare' s/Dijkstra’s precondition calculus. Back and Sere [5], use a similar basis for
developing parallel programs from sequential programs, as does Gribomont [42]. Von Wright
[95] uses Back’s semantics to develop aframework for formally refining a data type. Morgan
and Gardiner [81] also tackle this prablem.

In addition, much of the literature for vectorization/parallelization of Fortran is discussed in
terms of transformations (though it is debatable as to whether the term as used in that field
means the same as the term used in this thesis).

Imperative transformation is perhaps most relevant to my work as an example of how not
to approach the formal construction of paralel software. It is my opinion that it is vastly
preferable to choose some starting point more amenable to manipulation than sequential,
imperative programs (even if the programming language is minimalist).
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Chapter 10

Conclusions

In this chapter, | summarize and assessthe work presented in this thesis, and suggest areas for further
research:

e Summary
e Assessment

e Further Work
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10.1 Summary of Thesis

Numerical mathematical algorithms are the dominant consumers of the computational resources
available to the research community. For the foreseeable future, their efficient implementation is
likely to be an important area of work for computer scientists.

Numerical algorithms typically have elegant mathematical definitions (or at least have the potential
for elegant definition) that facilitate understanding and analysis. However, the construction of
efficient implementations for high-performance computer systems is a difficult task, as efficient
implementations are typically dominated by architectural considerations rather than algorithmic
considerations.

The consequences of the radically different natures of definitions and (efficient) implementations are
that an implementation:

e jsdifficult to construct;

o isdifficult to adjust to correspond to an evolving algorithm;

o isdifficult to adjust to correspond to evolving implementation techniques;
o isdifficult to transfer to other computational architectures;

e may beincorrect when first constructed;

e can be difficult to correct;

o isdifficult to verify informally;

e ispracticaly impossible to verify formally.

Advances in programming languages may ameliorate some of these problems, but as computer
systems and al gorithms become more complex, many of the problems are likely to worsen.

The method used in this thesis to overcome the above problems is to automate the implementation
process. rather than devote his efforts to devel oping asingle implementation, aprogrammer develops
implementation methods, encoded as transformations and derivations.

e The starting point for automated implementation of an algorithm is a forma definition of
the algorithm. A definition should be high-level, easily understood, easily analysed and easily
mani pul ated; it should be aclear statement of the algorithm, probably close to the mathematical
definition. Human consideration of the algorithm should normally be constrained to the high-
level definition.

e By reducing the implementation process to the automated application of transformations,
the programmer is freed from the often messy details of implementations. the minutiae of
implementations are managed by the transformation system.

Automation also provides a simple solution to the problem of keeping an implementation (or
aset of implementations) in step with an evolving agorithm: change the high-level definition
(which should be a simple task if the specification is designed correctly) and re-apply a
derivation.

Similarly, if an implementation technique changes, change the stage of the derivation corre-
sponding to that technique, or add further stages to the derivation, and re-apply.

e Most transformations are simple enough to be self-evidently correct, and formal analysis
of correctness may be possible for more complex transformations. If an implementation is
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produced from a definition by the application of correct transformations, the implementation is
guaranteed to be correct, by construction.

10.1.1 A Family of Derivations

An important aspect highlighted by the derivational approach is that the implementation process
can be structured: there is a sequence (or perhaps several sequences) of intermediate forms that
lead from a high-level definition to an efficient implementation. Intermediate forms can correspond
to optimization processes on an algorithm definition, to tailoring an implementation for a particular
computational architecture or to optimizing animplementation to use special programming techniques
when input data is known to have certain properties (such as a matrix being sparse).

Further, many of the intermediate forms are shared by derivations for multiple computational archi-
tectures (and for multiple definition languages). This sharing leads to the concept of a family of
derivations, as illustrated in figure 10.1. This structure represented in this figure is one of the most
important results to emerge from this work.

[SML] [Lisp ] [Miranda]

A-calculus

Sparse
[Application specific}«—»

Y
Common
Subexpression

Common

[Fortran??] [ C ] Subexpression

Performance
Fortran

Figure 10.1: A family of derivations

At the top of the tree are possible languages for defining algorithms, functional programming lan-
guages. Functiona languages permit an algorithm to be defined in a manner similar to mathematical
definitions, but provide an entirely formal notation that is often lacking in mathematical definitions.
The only aspect of functional languages which may pose a problem for numerical algorithms isthe
lack of agood array data type; thisis overcome by defining my own array ADT.

Functional programming languages often provide features that simplify their use for human program-
mers; such features range from the purely syntactic (such as infix operators) to more fundamental
features such as structuring mechanisms. For various reasons, such features generally complicate
automated mani pulation of programs, so afunctional specification isconverted into asimple notation,
the A-calculus form. The rest of the implementation process is entirely independent of the precise
specification language.
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A programmer should use decomposition techniquesto reduce the complexity of aspecification. Such
structure induced by decomposition often introduces unnecessary overheads into an implementation,
so the structure is stripped from a specification by unfolding definitions and eval uating certain forms
of expressions. A specification isthen in asimple, concise form.

If required, a specification can be tailored to use specia programming techniques that take advantage
of, say, sparse matrices to reduce execution time and storage. Problem domain information may also
be applied to optimize a specification.()

Up to this point, the implementation process has been independent of the system that isto execute an
implementation; but now the process begins to tailor a specification towards particular architectures.

e A gspecification can be converted into whole-array form, containing explicitly data-parallel
operations suited to execution by an array processor. The specification can then be optimized
by combining multiple occurrences of computationally expensive expressions.

Then animplementation tailored for a specific system, such asthe AMT DAP, can be produced.
Other possible implementations could be for the emerging array-based Fortran dialects such as
Fortran90 or High Performance Fortran.

e Animplementation for sequential system can be produced, using standard Fortran or C as the
implementation language.

e Multi-processor implementations could be produced by introducing process and communica
tion. (Such implementations have not been considered in this thesis, but have been considered
by Boyle.)

The derivations were illustrated using two significant algorithms: POT, for the computation of an
approximate eigensystem of amatrix, and Conjugate Gradient, for the computation of the approximate
solution to a set of simultaneous equations. The discussion included: each major stage of the
derivation of sequential, CRAY and DAP implementations of CG; the tailoring of the sequential,
CRAY and DAP implementations to use compact storesfor tridiagonal and row-wise sparse matrices;
the DAP implementation of POT.

10.2 Assessment

The importance of the work reported hereis:

o It adds further support for the tenet that efficient implementations can indeed be automatically
derived from high-level, algorithmic specifications. Boyle and Harmer provided a demonstra-
tion of feasibility by deriving animplementation of acellular automata algorithm for the CRAY
that out-performed a hand-crafted implementation [22]. The work reported here extends the
range of computational architectures.

o |t alsosupportsthestructuring of theimplementation processinto sub-derivations by identifying
intermediate forms.

e Inaddition, thetailoring for sparse matrices has extended the scope of derivation in animportant
new direction. The construction of a sparseimplementation is usually undertaken asan entirely
separate (and quite complicated) task from the construction of a standard implementation.
Viewing sparse programming techniques are merely another implementation decision, to be
incorporated automatically if so desired, is a considerable shift in perspective.
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e The sub-derivations and transformations developed for this thesis are a strong initial attempt
at realizing the ideas discussed in this thesis. The transformations are not perfect, and | am
already aware of possible improvement and extensions, but | believe the basic methods on
which they are based are sound.

The work reported in this thesis can be assessed in several ways: the suitability of the specification
language; the effectiveness of individual sub-derivations; and the effectiveness of derivations as a
whole.

10.2.1 The Specification Language

The specification language used in thisthesis (a subset of the SML functional programming language)
seems well-suited to specifying numerical algorithms (probably algorithmsin general, but numerical
agorithms arewhat | have most experience of). | have not been aware of any difficultiesin specifying
the computational aspects of algorithms arising from the choice of language, and have not received
any objections when discussing specifications before audiences.

However, what needs to be addressed is the provision of non-computational information, such asthe
shapes of arrays and properties of data structures (such as sparsity). It may be most convenient to
extend type information to provide such information, but that would probably rule out a statically
typed language, and | would prefer not to introduce run-time support for dynamic typing. (Of course,
it may be that dynamic typing could be removed by transformations!). This is a subject for further
research.

The Array ADT also seems well-suited to the majority of numerical algorithms. Specificaly, the
gener at e andr educe functions seem able to express most array computations succinctly, while still
possessing simple semantics. The manipulation performed on array (Static Evaluation, conversion
to Array form, introduction of sparse programming techniques) is quite extensive, but reasonably
straightforward.

| believe that gener at e, as regards analysis and manipulation, is superior as the basic array con-
structor than the mapping function that seems to be the usual choice when implementing arrays. The
choice of map presumably stemsfrom the experience with lists, but lists have an inherently sequential
processing order which isinappropriate for arrays.

Where the Array ADT may require extension is for operations in which the elements of an array
are manipulated in a particular order. Currently, such ordered operations are defined as recursive
functions, inwhich eachiteration of the function manipul ates sub-sets of the elements; such definitions
may be difficult to parallelize. A more useful form of definition may require some general mechanism
for defining an order over sub-sets of the elements of arrays. Thisis asubject for further research.

10.2.2 The Sub-derivations

SML-to-A-calculus Theconversion from SML to A-calculusismostly syntactic, and soisrelatively
straightforward. The more difficult aspects are removing structures and raising local functions
to the top level. The sub-derivation is effective in performing the conversion.

Unfolding The Unfolding sub-derivation was devel oped by Boyle and Harmer so | will not discuss
itindetail. The effectiveness of the sub-derivation wasillustrated in thisthesis by its reduction
of each of the example algorithms into a single function definition! In general, the only factor
limiting the effectiveness of the sub-derivation isthe use of recursive functions.
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Satic Evaluation The sub-derivation isvery effective at simplifying the structure of specifications.
Indeed, one problem to be address is whether it should be as effective as it is: there may be
occasions when it would be better to retain structure (where the structure is important for
computational reasons, and where the structure cannot easily be recovered once removed).
Identification of such occasionsis likely to be difficult and is a subject for further research.

Array Form | believe the basic principle for conversion to Array form (the propagation rules) is
sound. The transformations do though need to be extended to include further special cases,
for expressions such as cyclic shifts of vectors and optimized versions of conditional array
expressions. In addition, there are occasions when | believe the degree of parallelism could
profitably be increased (to use matrix operations rather than vector operations); further work
is required to identify such occasions and establish if they are capable of being handled
systematically.

Soarse The sparse sub-derivations are genera in the sense that they are based upon identities
between data types. However, further optimizations (particularly for simplifying reductions
which partly intersect the non-zero region) are required. In addition, | have not considered in
great detail how the transformations will fare with algorithms which compute sparse matrices,
rather than having sparse matrices as input data. The primary problem is that it may not be
possible to always identify when a matrix expression will produce a sparse matrix. (e.g. isit
possible to automatically determine the structure of the product of two sparse matrices?)

Common Sub-expression Elimination The CSE sub-derivation is based on general principles and
is, | believe, effective at diminating multiple occurrences of expressions that are considered
computationally expensive. There are, however, several issues remaining to be addressed:

¢ Isthe method used to identify expensive computations accurate, or does it require further
refinement?

e The effectiveness of CSE is limited by its ability to determine whether two expressions
are equivalent. Since thisis a generally undecidable problem, CSE must aways remain
incomplete, but further work could usefully extend the types of expressions for which
CSE can decide equivaence.

e Commoning is restricted to within a single function. This was not important for the
algorithms considered here as unfolding reduced the algorithms to a single function, but
it will probably be important for other algorithms.

CRAY Further work is required to establish some useful programming model for the CRAY
Fortran77 compiler. Until such amodel exists, the CRAY tailoring will always be incompl ete.

Fortran77 The conversion to Fortran77 is based heavily on a sub-derivation developed by Boyle
and Harmer, so | will not discussit in detail. The Conjugate Gradient example considered in
this thesis does however show that some refinement to the rules for variable reuse is required.
(In addition, further work is required on reuse involving partial updating of arrays.)

Fortran Plus Enhanced Similar comments apply as for the Fortran77 sub-derivation.
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10.2.3 Derivations

The preceding section discussed the effectiveness of each individual sub-derivation in performing its
appointed task. A separate consideration is how effective are full derivations, constructed from the
sub-derivations.

Perhaps the most important consideration in ng a derivation is to remember that | do not aim
for complete generality:

o Not all aspects of SML are supported; for example, the supported forms of pattern matching
are rather restricted. (I do not wish to support all forms of pattern matching as | view it as
merely a notational convenience, but the resolution of some patterns can involve non-trivial
computation.)

e Thereis no support even for some forms that are, strictly speaking, permissible in the subset
of SML that | use. For example, | assume that al polymorphic functions are unfolded, so that
I do not need to support polymorphism in the Fortran implementation! Thisis alimitation on
the current derivations, but | do not believe it is an important one for the types of algorithms |
consider. (If it does turn out to be important, then the derivations can be extended to alow for

it.)

e Although arrays can have any element type, the current sub-derivations assume the types are
integer, real or boolean. Should an agorithm require arrays of arrays, then an additional stage
should be added to recast nested arrays into a form suitable for the implementation language.
(This may be viewed either as a limitation of the current derivation, or as an example of the
flexibility of the derivational approach!)

e Thecurrent derivation for the DAP also assumes that arrays have no more than two dimensions
(specifically, the sub-derivation attempts to parallelize all dimensions of an array, but Fortran
Plus Enhanced restricts parallel arrays to two dimensions).

Given these restrictions, the derivations do seem to be effective; examination of implementations
of Conjugate Gradient reveals only minor flaws, and comparison of POT with an independent,
hand-crafted implementation shows virtual parity of execution performance.

One problem that has been encountered in assessing derivations is that often it is difficult to obtain
sufficient information about agorithms, their implementation and the implementation process to
permit adirect comparison: if | amto compare the execution performance of aderived implementation
against that of an independent, manually constructed implementation, then it is important that both
implementations are implementations of the same algorithm. Numerous publications report execution
performance animplementation of analgorithm, but fail to provide a precise definition of thea gorithm
or implementation. For this reason, there is often little that can be done to assess an implementation
than to examine it for flaws.

10.3 Further Work

Some area for future research were indicated in the previous section (overcoming limitations of
the current derivation); of particular interest to me would be supporting arrays with more than two
dimensions, as there are several possible approaches: e.g. ‘flattening’ athree dimensional array into
two dimensions so that all the elements can be processed in parallel; choosing two of the dimensions
for parallel processing and implementing the rest sequentially; if some of the dimensions are short,

164



conclusions 10.4 Concluding Remarks

it may be feasible to reduce the dimensionality of the array by converting it into aset of arrays. (e.g.
the FPE array A(n, n, 3) would become the set of three arrays AL(n, n) , A2(n, n) and A3(n, n).)

Also of practical use would be support for arrays which have arrays as elements.
Other potential sub-derivations could address the following problems;

e targeting other architectures, particularly multi-processors;

e targeting other implementation languages such as Fortran90;

o dividing arrays larger than the DAP's processor grid into sections the same size as the grid —
it would be interesting to compare the performance of implementations sectioned by transfor-
mations with that of an implementation sectioned by the FPE compiler;

e optimizing implementations for other types of structured matrices (e.g. other types of sparsity,
symmetric matrices);

e converting two-dimensional arrays into one-dimensional arrays — flattening arrays in this
manner can permit optimizations by making explicit the computations a compiler introduces
when indexing multi-dimensional arrays;

e dynamic alocation of arrays from a global array — this is an important implementation
technique that is conceptually simple but technically difficult.

Other areas for further research include:
o developing a suitable programming model for the CRAY;

e formal proofs of correctness of transformations and completeness of derivations.

10.4 Concluding Remarks

At the start of thisthesis, | said it was an open guestion as to what can be achieved through automatic
program derivation, as regards producing efficient implementations for high-performance computer
systems from high-level specifications.

It remains an open question!

However, | hope that the results presented here provide some encouragement that much useful work
can be performed. | have been pleasantly surprised by some of the results: tasks such as converting
to Array form and tailoring for sparse matrices have turned out to be vastly more elegant than first
anticipated. That sparse tailoring can be automated even to the limited extent presented here was
something of arevelation.

What was also a surprise was the emergence of the relationship between derivations, asillustrated
in the tree of intermediate forms (figure 10.1). Though it is clearly impossible to tdl if the tree will
maintain the same basic structure that is has now, | expect that it may turn out to be an important
conceptual guide for future work.

In conclusion, it would seem that structuring the implementation process and encoding programming
techniques are both feasible and useful. Given the aternative — programmers repeatedly performing
more or less the same work over and over — | believe the specification-derivation approach to
programming will prove to be an important area of both research and practice.
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10.5 Chapter Notes

i (page 161)
The precise point at which problem domain optimization should take placeis problematic: op-

timizations will presumably be based upon certain functions that capture high-level operations
in the problem domain, so optimization must take place before function unfolding strips away
such functions. However, some unfolding should probably be performed to eliminate structure
that isnot essential to the optimizations (for example, simple name-value bindings) asremoving
such structure generally produces opportunities for optimization (especially if optimizations
are based on combinations of problem domain functions). It may bethat alayering of unfolding
isrequired. Thisisasubject for future research.
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Thelntermediate Forms

Themain body of thethesis discussed theintermediate forms produced by derivations. This appendix
provides some additional technical detailsfor some of the forms. A formal grammar is not used, as|
wish to emphasize the ideas involved rather than their syntactic realizations.

The intermediate forms discussed are:

e SML

e \-Calculus

e Typed

e Unfolded

¢ Statically Evaluated

e Common Sub-Expressions
e Fortran77

e Array

e DAP Fortran

e Sparse
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Al SML

An SML specification can contain three categories of entity: definitions, expressions and types.

A.1.1 Definitions

A specification is a sequence of :-

o function-definition afunction definition binds a function expression to a name;

¢ value-definition: avalue definition binds an expression to a name;

o type-definition: atype definition introduces aname that can be used instead of atype expression;
o structure-definition: astructure isone SML method for defining abstract data types;

e open-statement: an open statement allows the types and functions defined in a structure to be
accessed as though they were defined at the top level of the definition.

For example, the specification

structure S = struct
type t = 1nt .
fun maket(i:int):t =1
end
open S
val start:int = 3
fun double(x:int):int = 2*x
fun init():t maket (doubl e(start))

defines the following:-
o the structure S which is"opened" to alow its definitions to be referenced;
e thetypet;
e theinteger valuestart;

o the functions maket , doubl e and i ni t ; the body of i ni t isthe expression to be calculated
by the specification.

Function Definition

A function-definition has the form?!
function-definition :: = fun simple-name formal-arguments: type = expression.
for examplefun f(a:int)(b:real,c:real):real = e.

Two forms of identifiers are used in specifications, which | call simple-name and name. A simple-
name is the standard sequence of characterg/digits; for example, pl us. A nameisasequence of such
simple-names, separated by periods (‘."); for example, i nt egers. pl us. A nameis used to refer to

1The SML programming language normally requires names to be defined before they are used, except in special
environments designed to allow mutually-recursive definitions. The transformations used in this thesis do not require
define-before-use, so | do not consider the special SML environments.
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acomponent of astructure; for examplei nt eger s. pl us refersto the function pl us defined as part
of the structure i nt eger s. All identifiersintroduced by SML definitions must be simple-names.

The formal-arguments occurring in afunction definition have the form
formal-arguments : : = sequence of (Sequence of simple-name:type).

The type following the arguments is the ‘return’ type of the function; that is, it is the type of an
application of the function (in which all arguments are supplied).

Value Definition

A value-definition has the form
value-definition :: = val simple-name: type = expression

for exampleval espilon:real = 1E~14 definesthe nameepsi | on to be equivalent to 1E~14.

Type Definition

A type definition can be one of two forms:
type-definition : : = standard-type-definition | parameterized-type-definition
A standard type-definition has the form:
standard-type-definition :: = type simple-name = type-expression
while a parameterized type-definition has the form
parameterized-type-definition :: = type typevariable simple-name = type-expression

where type-variable is defined as’simple-name (that is, a simple-name preceded by a quote mark).

Structure Definitions

A structure definition has the form

structure-definition : : =
structure simple-name = struct

gequence of function-, type- and value-definitions and open-statements.
en

Note that a structure definition cannot contain structure definitions (i.e. nested structures are not
allowed), although it should be simple to extend the relevant transformations to allow this.

The components defined in a structure definition may be referenced outside the structure using a
name, as explained above. Inside the structure, acomponent may be referenced using asimple-name.
For example, in the specification
structure S = struct
val f :int= ...
val g:int f*2
end
val h:int = S.f*2
the two values g and h are the same.
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Open Statements

An open statement has the form
open simple-name

An open statement permits all the definitions inside the opened structure to be referenced without
using remote reference.

If a structure definition contains an open statement, the components of the structure so opened are
considered to form part of the structure being defined. For example, given

structure S = struct
fun f(x:int) = x
end

structure T = struct
open S
fun g(y) =y

end

then the structure T consists of both the functions f and g. Thus, the definition of T is equivalent to
structure T = struct

fun fEx:int) =X
fun g(y) =y
nd

A.1.2 Expressions

For simplicity, in the following | ignore issues of precedence amongst operators and the presence of
type information after an expression (essentially, any expression except conditional expressions and
function expressions can be followed by a colon and atype).

An expression can have any of the following forms:-

name
The name should be a formal argument to a function or a name introduced in a function or
value definition.

constant
A literal constant of type real, integer or boolean (the two boolean constants being t r ue and
fal se).

function-application : == expression actual-arguments

The actual-arguments have the form sequence of (sequence of expression). For example

f(1,2)(3.0+4.0)(true).

function-prototype : : = fn formal-arguments=>expression
Function prototypes allow a function to be defined without having to name the definition;
they are equivalent to A-expressions. For example, fn(x:int) => 2*x is equivaent to
Az lint-2x% x.

conditional-expression ::= if (expression) then expression el se expression
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prefix-operator-expression : : = prefix-operator expression
The prefix operators are ~ (negation) and #n (tuple components), wheren is1,2, ....

infix-operator-expression : == expression infix-operator expression
Theinfix operators are +,- ,* / ,: : and @(the final two operators being list prefixing and array
indexing).

tuple-expression : : = ( sequence of expression)
For example: (1, 2, 3) isthe 3-tuple with components 1,2 and 3.

list-expression : : = [ sequence of expression]
This form of list expression is considered to be an abbreviation for the "cons' form. For
example, [ 1, 2, 3] isequivalenttol:: (2::(3::nil)).

local-expression :: = | et sequence of function and value definitions i n expression end
The function and value definitions in a local-expression can only be referenced in the local
expression. The value of alocal expression isthe value of the body expression (the expression
following thei n).

parenthetical-expression : : = ( expression)

A.1.3 TypeExpressions

A type expression can have any of the following forms:-
basic-type ::=int | real | bool | list | array

name
The name must be a name introduced by atype definition.

product-type : : = type*type
A tuple expression has a product type; for example, thetuple (1, 2. 0, t rue) hastype
i nt*real *bool .

function-type : : = type- >type
Not surprisingly, functions have function-types. For example, the function f n(x: i nt)=>1. 0
hastypei nt - >real .

parameterized-type : : = type-expression name
Again, the name must be introduced in a type definition (array and |i st are taken to be

predefined). For example, i nt pair.

parenthetical-type :: = (type)
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A.2 \-Calculus

The A-calculus form used for this thesis is the standard A-calculus extended with named function,
value and type definitions and a set of primitive functions (for integers, reas, booleans and arrays).

As with the SML form, there are three categories of entities in the A-calculus form: definitions,
expressions and types. These are discussed below: where asyntactic classis not elaborated, the class
is the same as defined for the SML form.

A.2.1 Definitions

A specification in the A-calculus form is a sequence of:

function-definition :: = fun name: type = expression
Note the differences from the SML form of function definition: there are no formal arguments
(on the left side of the definition) and the name introduced may be a name, not just a simple-
name.

value-definition

type-definition

There are no structure definitions or open statements; al definitions occur at the top level of a
specification.

A.2.2 Expressions

The various forms an expression may take in the A-calculus form are listed below.

name
constant

function-application

A-expression : : = Aformal-arguments-expression
conditional-expression :: = use expression i f (expression) ot herwi se expression end

Thisform of conditional expression isused in the A-calculus form for purely technical reasons.
(This form of conditiona allows the entire conditional expression to have a type appended,
after theend.)

list-expression
Lists are allowed as they are convenient for denoting shapes and indices.

Note in particular that the A-calculus form does not permit operator, local or tuple expressions.
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A.2.3 TypeExpressions

Type expressions are as described for SML.

A.3 Array Form

The Array form is based on the A-calculus form, but extends the set of primitive functions to include
data-parallel functions. These functions are defined bel ow.

Mappings
All elementwise functions are expressed using the ar r ay. map and ar r ay. map2 functions;

array. map(A « array,f:o->a): « array
= generat e(shape(S), Ai : i ndex-f (A@))

array. map2(A: « array,B:«a array,f:a*a->a): a array
= gener at e(shape(A), Ai : i ndex-f (A@, B@))

where
¢ Aand B have the same shape;
e ¢« isint,real orbool;

e f is one of plus, tinmes, difference, quotient, negative, abs, |essp,
greaterp, | esseqp or greatereqp for ineger and red; I n, exp or sqrt for red
only; and, or or not for boolean only; eq for integer, real and boolean.

Elementwise Reductions, including Partial Reductions
Elementwise reductions are expressed using the ar r ay. f ol d function:

(array.fol d(A @ array,r:a*a,init:a): o
= reduce(shape(A), Ai:index-A@,r,init)

array.fold.rows(A « array,r:a*a,init:a):a array
= generate([size(A 0)],
Ali:int] -reduce([size(A 1)],A[j:int]-A@i,j],r,init))

array.fold.cols(A «a array,r:a*a,init:a):a array
= generate([size(A 1)],
Alj:int]-reduce([size(A 0)],A[i:int]-A@i,j],r,init))

wherer isoneof pl us, ti nes, greaterp orl essp for integer or real; and, or for boolean.

Conditionals
The general data parallel conditional function isj oi n:

join(Mbool array, A« array,B:«a array):«a array
= generate(shape(M,Xi-if (M@) then A@ else B@)

where M A and B have the same shape.

An optimized version ‘updates’ a single element of a vector:

vector.updateel (V: o array,i:int,e:a):« array
= generate(shape(V), A[j:int]-if (j=i) then e else V@i])
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Extractions
The three extraction functions return a specified row or column of a matrix, or the diagonal.

row(A « array,i:int):«a array

= generate([si ze(A 1)] Aj1-A@i,j])
col ¢ urm(A « array,j:int):«a array

= generate([size(A 0)], Ali]-A@i,j])
di agonal (A« array):« array

= generate([size(A 1)],A[i]-A@i,i])

Transpose
Matrix transpose is performed using thet r anspose function:

[transpose(Aza array): a array ]
= generate([size(A 1),size(A0)],A[i,j]-A@]),i])

Expansions
Scalar expansion and expansion of avector into amatrix are defined as:

,expand( S: shape, e: a): a array
= generate(S, \i:index-e)

expand.rows(n:int,V:a array):« array
= generate([n,size(V)], A[i,j]1-V@j])

expand. col s(n:int,V:a array):«a array
= generate([size(V),n], A[i,j]-vV@i])

Shifts
Only planar shifts of vectors and matrices are considered, in which anull value is introduced
along one edge. In the following, nul | isO for integer, 0.0 for real, and f al se for boolean.

N\

rvector shift.left(V:«a array): « array
= generate(shape(V), A[i:int]- _
if (i=size(V)) then null élse va@i +1])

vector shift.right(V:a array):a array

= gener at e( shape Aliint
g (i=1) (therf)rgL\J/I)I e[lseV i-1])

(rratrlx shift.west (A « array):« array
= generat e(shape(A), A[i,j]-
if (j=size(A'1)) then null el se A@i,j+1])

matri x.shift.east (A« array):a array
= generate(shape(A) AliLj]-
(j=1) then null el sé A@i,j-1])

matri x.shift.north(A « array):«a array
= generat e(shape(A), A[i,j]- ) )
if (i=size(A 0)) t hen nuII else A@i +1,j])

matrix.shift.south(A « array):a array
= generat e(shape(A), A[i,j]-
if (i=1) then null else AQi-1,j])
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Appendix B

The Sub-derivations

In this chapter, | discussin detail each of the sub-derivations developed for this thesis:

e SML-to-A-Calculus

e Static Evaluation

e Common Sub-expression Elimination
e Array

e Sparse

The Unfolding sub-derivation and the sub-derivations to convert to Fortran77 or Fortran Plus En-
hanced are based heavily on sub-derivations devel oped by Boyleand Harmer, so they arenot discussed
here.
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B.1 SML-to-\-calculus

Comparison of the SML form (section A.1) and A-calculus form (section A.2) reveals the following
differences:

e Definitions
¢ No structures or open statements in the A-calculus.
e Namesintroduced in A-calculus definitions can be remote-names.

¢ Function definitions have no formal arguments in the A-calculus.

e Expressions
The A-calculus allows A-abstractions but not function prototypes, prefix- or infix-operator
expressions, or local expressions.

The task of the SML to A-calculus derivation isto convert those types of expressions and definitions
present in the SML form but absent in the A-calculus into equivalents in the A-calculus, as described
below.

B.1.1 D¢finitions
Structures

Structures are used in specifications merely to enhance modularity, and can be eliminated by ‘raising’
all definitions occurring inside structures to the ‘top-level’. The main difficulty in such raising is
ensuring that all names are unique while maintaining all references to definitions. (That is, ensuring
that areference isto the same definition both before and after raising, even though the name used to
refer to the definition has changed.)

If al references to a definiton use remote names, the definitions inside a structure can be raised by
prefixing the structure name to the definition name. For example, the structure

structure S = struct

type t = int; ] ] type S.t = int;
val ident = 1; isequivalent to the top-level definitions | val S.ident = 1; |
fugf = e fun S.f = e;

en

Since not al references to a definition use remote naming, two extensions are required for when (i)
the reference occurs inside the same structure as the definition; (ii) the reference follows a statement
that opens the structure.

The first case can be allowed for by converting al references inside a structure to remote references
(by prefixing the structure name to each reference). The second case can be allowed for by replacing
the open statement with a set of definitions (which duplicate the names occurring inside the structure)
which explicitly refer to the definitions inside the structure using remote naming. For example, the
structure definition and open statement

structure_S:struct structure S = struct
‘;gg.f =& is equivalent to ‘;Hg.f =&
open S fun'f = S.f;
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All references following the open statement now refer to the top level definition, which in turn refers
to the definition inside the structure.t

Function Definitions

The A-calculus form does not allow formal arguments on the left side of function definitions. Any
such formal arguments in an SML function definition are moved to the right side of the definition as
bound identifiers of a A-abstraction. For example,

. sd.
[ fun f(i,j)(r)=e ==>fun f = Ai,j-Ar-e
. scC.

B.1.2 Expressions

Applications of infix- and prefix-operators can be eliminated by converting to prefix function applica-
tions. For example, a+b can be converted into pl us( a, b) . Asmost of the operators are overl oaded,
the names chosen for the prefix functions are generic (they do not imply any particular datatype such
asinteger or real), for example, op. pl us and op. ti nmes.

Function prototypes are converted into A-abstractions; for example:

. sd.
fn(i:int)=>e ==> JAi:int-e
. SC.

A local expression which introduces a value binding is equivalent to a closed A-expression:?

. sd. . .
let val i:int = e in B end
==>
Aizint-B (e)

. SC.

If alocal expression introduces multiple bindings, the bindings are first nested then each is converted
into a A-expression.

If alocal expression introduces a function definition, the function definition is separated as a new
top-level function. For example

fu

1>

f
A
I Ax-F.
e

X.

et fun g = \y-G becomes [f“” 9
n F

n

Ay-G
fun f
d

If the body G of the local function depends upon the formal arguments of f , then additional formal
arguments are added to g, and the appropriate values appended to each application of g inf .

1This approach can lead to alarge increase in the size of a specification due to the number of definitions being formed.
An dternative approach which would avoid the increase in size would be to trace references back through open statements
and structures.

2The transformations for converting local expressions where written by Harmer.
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B.2 Static Evaluation

The forms of static evaluation used for this thesis can be categorized as:
e Algebraicidentities of data types.

e J-reduction.
¢ Propagation of accessor functions.

¢ Conditional expressions.

B.2.1 Algebraic Properties of Data Types

Most data types have a range of simple algebraic identities (often the defining axioms of the data
type). For example, the integers have the identities

14+0=¢7 and 7—:=0

and lists have
head(cons(a,l))=a

and
length(nil)=0, length(cons(a,l))=1+ length(l).

Such identities can be used as transformations to evaluate expressions. For example, the two integer
identities give the transformations

.sd. integer.plus(e,0) ==> e .sc.
.sd. integer.difference(e,e) ==> 0 .sc

A comprehensive list of transformations based on algebraic identities is given at the end of this
section.

B.2.2 (-Reduction

Consider an expression such as
Ax-i nteger. plus(x,y) (0).

While this expression performs a calculation that is equivalent to the addition of zero, the expression
would not be evaluated by the algebra-based set of transformations as the addition of zero is not
manifest: the addition involves x andy, not O.

However, by 3-reducing the A-expression, the addition of zero is manifested, and then removed:
Ai-integers.plus(x,y) (0)
==>
i ntegers. plus(0,y)
==>

y.
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Thus, to increase the applicability of the transformations based on algebraic properties, the Static
Evaluation derivation g-reduces most A-expressions. S-reduction itself may result in an increase
in the operational complexity of an implementation, if the bound identifier occurs more than once
in the body of the A-expression. However, the effects of further Static Evaluation transformations
normally outweigh any such increase, and alater sub-derivation can A-abstract multiple occurrences
of an expression.

There are two cases where (3-reduction is not performed: the bound value contains an application of
thefunctioni t er at e, or an application of aprogram defined function. In such cases, theincreasein
operationa complexity caused by 3-reductionislikely to be enormous (since, after function unfolding,
such expressions normally indicate major sections of the computation) and few opportunities exist
for further evaluation of such expressions.

B.2.3 Propagation of Accessor Functions

Consider an expression such as
head(use cons(a,l) if (p) otherw se cons(b,l) end).

Just as with A-expressions, the transformations based on algebraic properties of the list data type
cannot simplify this expression because it does not contain a manifest occurrence of one of the the
patterns. However, propagating the head function into the conditional gives

use head(cons(a,l)) if (p) otherw se head(cons(b,l)) end
which can then be ssimplified
use a if (p) otherw se b end.

The head function isan example of an accessor function, that isafunction that accesses acomponent
of adata structure. (Other examples are the functionst ai | , el ement and pi .) Transformations are
applied to propagate accessor functions though conditional expressions.

B.2.4 Conditional Expressions

There are several forms of evaluation involving conditional expressions. The simplest are:

e Thepredicateisalitera t r ue or f al se: theconditional issimplified into the appropriate limb.

.sd. use T if (true) otherwise F end ==> T .sc.
.sd. use Tif (false) otherwise F end ==> F . sc.

o Thelimbs of the conditional arethe same expression, so the conditional asawholeisequivalent
to that expression:

[.sd. use T if (p) otherwise Tend ==>T .sc.]

Contextual Evaluation

Probably the most important form of evaluation of conditional expressions is contextual evaluation.
That is, for aconditional expression

use T if (p) then F end
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the true limb T is evaluated in the context of the predicate p being true, and the false limb F in the
context of p being false.

For example, in the expression
use plus(l,use 1 if (eq(n,0)) otherw se n end)

i f (eq_(nvo)? . :
ot Qervm se plus(2,use 1 if (eq(n,0)) otherw se n end)
en

the first of the inner occurrences of the expression eq(n, 0) can be replaced with t r ue while the
second of the inner occurrences can be replaced with f al se:

use plus(1l, use 1 if (true) otherwi se n end)

i f (eq(n,O)? _ .
otgervw se plus(2, use 1 if (false) otherw se n end)
en

which can then be further evaluated.

It may seem unlikely that such expressions would occur frequently. However, we have found that
function unfolding often results in just this sort of nested repetition of conditions. (Presumably the
modularity of the original function definitions forces many functions to perform the same test on its
arguments.)

Conditional evaluation is performed by the transformation

sd.

use T if (p) otherw se F end

==>

use T[true/p] if (p) otherwi se F[false/p] end
C.

Thistransformation isvery simple, but also very effective. Additional transformations could be used
— but are not used for the work reported here — to perform other types of contextual evaluation.
For example, if the predicate is a conjunction, then each component of the conjunction is known to
be true in the true limb:

. sd.
use T if (and(p)(q)) otherw se F end
=23

ase T[true/p,true/q] if (p) otherwise F end
. scC.

B.25 Transformations Based on ADT Algebra

Here, for completeness, | briefly list the transformations that are based on the algebraic properties of
ADTs. Most of these transformations are simple, so | do not discuss them.

Arrays
The gener at e function for arrays is defined by the following two identities:
shape(generate(S, f))=S

element(generate(S, M- E), I)=Xi-E(I).

Transformations follow immediately from these identities.
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. SC.
shape(generate(S, Ai -f)) ==> S
. SC.
. sd,
el enent (generate(S, Ai-f),i’) ==> Aif (i)
sc.

Tuples
The basic identity for tuples was stated earlier:

pi(n, tuple(ey, ..., e,...)=e,.
The transformations to implement this identity are

.sd. pi(1,tuple(e ?)) ==> e .sc.
.sd. pi(i,tuple(el ?)) ==> pi(i’,tuple(?)) .sc

wherei isan literal integer constant and wherei  isthe integer constant one lessthani .3

Lists

The specifications reported in this work do not use lists as a main data type. However, the array
ADT usesliststo represent indices of arbitrary dimension. By applying transformations based on list
identities, most of the index manipulation can be eliminated from a specification.

R B

Thent h function is handled similarly to the tuple projection function.

.sd. isenmpty(nil) ==> true .sc.
[.sd. isenptyEcons(e,l)) ==> fal se .sc.]

[.sd. map(cons(e, ), Ax-E) ==> cons(Ax-E (e), map(l, Ax-E)) .sc.]
.sd. map(nil, Ax-E) ==> nil .sc.

Scalars

Transformations for integers, reals and bool eans follow from basic mathematical properties.

Integer and Real Thereislittle difference between the set of transformations for integers and the
set for reals, so | list them together here.

.sd. eq(i,i) ==> true .sc
.sd. eq(i,j) ==> false .sc.
wherei ,j areliteral integer or real constants

3The transformation system does not provide for arithmetic, soi ’ isfound by applying the transformations
.sd. 9==>8 .sc.,.sd. 8==>7 .sc.,..,.sd. 2==>1 .sc.
(only one of these transformationsis applied). These transformations can be extended arbitrarily for tuples with more than
9 components (if ever such a beast occurs).
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The second of these transformations is correct becausei andj must be different when it is applied
(if they were the same, the first transformation would have been applied).

( )
.sd. plus(e, 0) ==> e.sc..sd. plus(0,e) => e ) . SC
.sd. difference(e,0) ==> e.sc..sd. difference(0,e) ==> negative(e) .sc.
.sd. difference(e,e) ==> 0. sc.

.sd. tinmes(e, 0 ==> 0.sc..sd. tines(0,e ==> 0 . SC.
.sd. times(e,1 ==> e.sc..sd. tines(1,e ==> e . SC.
. sd. quotlent 0,e ==> 0. sc.
.sd. quotient(e,e ==> 1. sc.
.sd. quotient(e,1 ==> e.scC.
.sd. negative O) ==> 0. sc.
.sd. negative(negative(e)) ==> e .sc.
. J/
Boolean
. sd. andEtrue e) ==> ¢ .sc. .sd. andée,true) ==> e sc.
.sd. and(false,e) ==> false .sc. .sd. and(e,false) ==> false .sc.
.sd. or(true, e) ==> true .sc. .sd. or(e,true) ==> true sc.
.sd. or(false, e) ==> e .sc. .sd. or(e,false) ==>¢e . SC.
. sd. not(false) ==> true .sc. .sd. not(true) ==> fal se .sc.

B.3 Common Sub-Expression Elimination

Consider an expression such asf (e, e) , where e is some computationally expensive expression. A
straightforward implementation of this expression (such as created by the final stages of derivations)
would result in e being evaluated twice. A more efficient implementation would evaluate e once,
assign the value to a variable, and refer to the variable twice. In functional terms, this more efficient
implementation corresponds to the expression Av-[f (v, v)] (e).

The A-abstraction of multiple occurrences of an expression is known as common sub-expression
elimination, or CSE. Many compilers for imperative languages perform CSE, but imperative lan-
guages present many difficulties (mainly side effects) that complicate CSE to such an extent that the
effectiveness of compilers in this area must be questioned. Certainly, it is to be expected that CSE
can be performed much more easily in a pure, referentially transparent context.

The technique used to perform CSE was discussed in section 5.9; here, | discuss details of the
sub-derivation.

B.31 Method

The CSE sub-derivation has the following main steps:

e Introduction of if-levels

¢ | dentification of computationally inexpensive expressions
¢ Standardization of loop notation

e Common sub-expression elimination

e Clean up
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Introduction of |f-Levels

All expressionshaveanif-level attached (aspart of their typeinformation). Theif-levelsarecalculated
by first setting them all to zero

[.sd. e ==> e: 0 .sc.]

then ensuring that each expression in the limbs of a conditional has an if-level one more than than

the conditiona’s if-level.
( )

sd.

if (p) then T else F end:
==>

it (p)

then T { e:i’ ==> e:(i+1) }
else F {.sd. e:i’ ==> e:(i+1) .sc. }
end: i

. SC.

| J

I dentification of Computationally | nexpensive Expressions

Themethod usedto‘ mark’ inexpensive expressionsistoremovetheif-level; sincethetransformations
that perform the abstraction explicitly check if-levels, any expression without an if-level will not be
abstracted.

For example:
.sd. c:i ==> ¢ .sc.
where c isaliteral constant
sd. x:i ==> x_,sc.

where x is an identifier.

The other transformations are simple and are not listed.

Standardization of L oop Notation

Functionssuch asgener at e andr educe, which involve the evaluation of some expression for some
set of values, are put into a common notation

.sd. generate(S, Ai-g) ==> |l oop(generate, S, Ai-g) .sc.
.sd. reduce(S, Ai-g,r,init) ==> loop(reduce(r,init),S, Ai-g) .sc

which highlights the generating function and the shape it is to be applied over. This alows transfor-
mations, where appropriate, to consider only the shape and generating function, regardless of whether
they form part of a generation or areduction. This notational change is reversed later.

Common Sub-Expression Elimination

The transformation to perform CSE is

E'{ ?ei ?2ei ?}:

Av-E[v/e:i]:i (e:i)
. SC.
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That is, if an expression contains at least two instances of some sub-expression (at the same if-
level as the enclosing expression), the sub-expression is bound to a name and all instances of the
sub-expression replaced with the name.

In the preceding discussion, | stated that abstraction was always performed at the lowest possible
level; thisis guaranteed by the TAMPR’s standard application order.

The above transformation is applied together with the transformation to lower if-levels:

. sd.
if (p) then T{ 2 e:i’ 2} else F{ 2 e:i’ 2} end:i
==>
if (p) then T[e:i/e:i’] else Fle:ile:i'] end:i
wherei’isi +1

. SC.

That is, if both limbs of a conditional expression contain the same sub-expression (at an if-level one
greater than that of the conditional expression itself), theif-level of all instances of the sub-expression
islowered by one.

Expressions which are denotationally equivalent, but syntactically different, are made syntactically
identical by the following transformation.

.sd. E{ ?el?e2?} ==>E{ ?2el?el?} .sc.
whereconpare(el, e2) = true.

The ‘function’ conpar e in thistransformation is evaluated by a set of sub-transformations based on
the structure of the expressions. For example:

( N\
cbnpare(e, e) ==> true
. sC.
. sd.
conpare(if (pl) then Tl else F1,if (p2) then T2 el se F2)
==>
conpare(pl, p2) A conpare(T1,T2) A conpare(Fl, F2)
. sC.
. sd.
conpare(Ax-b (e), E)
==>
conpare(b[ e/ x], E)
. sC.
. sd.
conpar e( Ax1-bl, Ax2-b2)
==>
conpar e( Ax1-bl, Ax1-b2[ x1/ x2])
ScC.
| J

Sub-expressions shared by two generating functions are extracted as follows:
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( )
. SC.
E
{
?
I’)oop(f 1,S, Ai-gl {? el ?})

[)oop(fz, S, \j-g2 {? e2 ?})

==>
E
{

?
[)oop(f 1,S, Ai-gl {? elenent(loop(generate, S, Ak-el[k/i]),[i]) ?})

!'?oop(f 2,S,)j-g2 {? elenent(loop(generate, S, Ak-el[k/i]),[j]) ?})

}
\évherecorrpar e(el,e2[i/j]) = true.
. sd.
|\ J

The newly created arrays may then be abstracted.

Clean Up

The clean up step removes if-levels and restores generations and reductions to their original notation.
The transformations are simple and are not listed.

B.4 Array

The method employed by the Array sub-derivation to convert from generations and reductions into
applications of data-parallel functions was discussed in section 5.8; here, | list the more important
transformations for this conversion.

Elementwise functions
If the outermost function in a generating function has an elementwise equivalent, then the
generation becomes an application of map or map2:

[ sd. )
generate(S, Ai-f(e))
==>
map(generate(S, Ai -e), f)
. SC.
. sd.
generate(S, Ai -f(el, e2))
==>
map2(generate(S, Ai -el), generate(S, Ai -e2),f)
sc

wheref has an elementwise equivalent.

(. J

Generating function is independent of the generating index
If the generating function is independent of the generating index, the generation is equivalent
to an application of the function expand.

.sd. generate(S, \i-e) ==> expand(S,e) .sc.
where e isindependent of i .

For arrays with more than one dimension, the generating function may be independent of some
components of the index. Such components can be separated out for expansion. The func-
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tionsexpand. r ows and expand. col s perform two important examples of such expansions,
expanding a vector row-wise or column-wise into a matrix.

Patterns
If the generating function is characteristic of a pattern, the generation is converted into that
pattern. For example, the matrix pattern with true values only on the leading diagona is
characterized by the equation i=j (it is aso characterized by the shape of the matrix being

sgquare):
( N\

. sd.
gener at e(shape(e, e), A\[i,j]-integers.eq(i,j))
==>
pat tern. di agonal (S)

. SC.

. sd.

gener at e(shape(e, e), A\[i,j]-integers.eq(j,i))
==>

pattern. di agonal (S)

. SC.
. J

Other common matrix patterns can be converted in asimilar manner.

Row and column
The basic pattern for arow of amatrix is:

generate([n])(Aj-element(e)([r,j]))
where e haswidthn and r isindependent of j .

However, this pattern can be generalized somewhat by replacing j in the index with any
function of j :

. sd.
Sgenerate([n])()\j-eIenent(e)([r,J]))
==>
generate([n])(Aj-element(rowe)(r))([J]))
\'/vsh%ree has dimensions [, n], r isindependent of j and J isafunction of j .

Diagonal
A vector generation in which the generating function accessesthe diagonal elements of asquare
matrix corresponds to the extraction of the diagonal.

d.
Sgenerate([n])()\[i]-elemant(e,[i,i]))
==>

di agonal (generate([n,n], A[i,j]-element(e,[i,j])))
Sc.

Identity

The identity generation of an array of shape S is the generation over S in which the generating
function returns element i of the array for index i :

.sd. generate(S, Ai-element(e,i)) ==> e .sc.
where e has shape S.

Transpose
For t r anspose, the components of the shape are exchanged, and the body is an application
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of el ement with an index in which the components of the generating index are exchanged.

. sd.
*Generate([mn], ALi,j]-el ement (e, [j.i]))
::>

matri x. transpose(e)
where e has shape[ n, n

. SC.

Shifts
There are two versions of array shifting in common use: cyclic and planar. In a cyclic shift,
an element at an edge is wrapped around to the opposite edge; in a planar shift, an element
at an edge is lost, and a null value (zero or false) inserted at the opposite edge. The current
version of the derivation recognizes only planar shifts: cyclic shifts are not required for the
algorithms used in this thesis, and have considerably more complex generating functions than
planar shifts.

The characteristic generating function for shifts has one component of an index offset by a
constant amount: here it is assumed the offset is aways one, though it would be simple to
extend to arbitrary constants.

For example:
. sd.
generate(S, \i -el enent (e, [integers.difference(l,1),J]))
==>
matri x. shiftnorth(generate(S, Ai-element(e,[1,J3])))
. sc.

A-expressions
If the body of the generating function is a (closed) A-expression in which the bound value is a
scalar, the generation can be parallelized by replacing the bound value with an array of bound
values and replacing instances of the bound identifier in the body with the appropriate element
of the bound array:

. sd.
generate(S, Ai -Ax-e (v))
==>
AX-generate(S, Ai-e [elenment (X,i)/x]) (generate(S, Ai-v))
sc.

As a special case, if the bound value is independent of the generating index, the closed A-
expression can be moved outside the generation without expansion:

. sd.
generate(S, Ai -Ax-e (v))
==>
Ax-generate(S, Ai-e) (v)

. SC.
where v isindependent of i .

Conditionals
General conditiona expressions are converted into applications of join by propagating the
generation into the limbs and the predicate:
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sd.
generate(S, di-use T if (p) otherw se F end)
2

j_oi n(generate(S, Ai -T), generate(S, Ai -p), generate(S, Ai -F))
. SC.

There are severa optimizationsto this general technique. If the predicateisindependent of the
generating index, then the conditional can be moved outside the generation:

. sd.
generate(S, di-use T if (p) otherw se F end)
==>
use generate(S, Ai-T) if (p) otherw se generate(S, Ai-F) end

. SC.
where p isindependent of i .

If the predicate corresponds to the update of a single element of an vector, the generation is
converted into an application of an update function. Notethat only one scalar valueiscal cul ated
for the true limb (for the single element that is to be updated); this value is the expression for
the true limb instantiated for the index of the element that is to be updated.

. sd.
generate(S, A\[i]-use T if (integers.eq(i,l)) otherw se F end)
==>

vect or. update. el ement (generate(S, A[i]-F),I,T[i/l])
. scC.
where | isindependent of i .

A similar rule applies for a single element, row or column of a matrix. Extending this rule to
higher dimensions would be cumbersome (and is not performed for thiswork) as the predicate
must have the form

and(integers.eq(il,11), andSi ntegers.eq(i2,12),
. integers.eq(in,In) ..))

inwhich each component of theindex is separately tested against an integer value, in any order.

B.4.1 Converting Reductions

The Array form defines some common, simple reductions (particularly: summation, conjunction and
disiunction). If areduction has a pattern that corresponds to one of these reductions, the reduction is
converted into the Array form equivalent.

For example, the transformation for summation of areal vector is

sd.
reduce(S, A[i]-element(U,[i]), real.plus,0.0)
==>

sum(U)
. SC.
where U has shape S.

The most important extension to these conversions is when the generating function of the reduction
isnot simply an application of el enent ; for example

[reduce(S, A[i]-real.tinmes(element (U, [i]),element(V,[i])),real.pl us,0.0)j

in which the generating function is the product of the elements of two vectors. Such expressions are
converted by extracting the generating function as a generation:
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==> reduce(S,
Ali] -el enent (
enerate(S, A[i']-real.tines(element (U [i']),element(V,[i']))),

i),
real . plus,0.0).

The reduction can now be converted while the generation is processed by other transformations.

Partial Reductions

TheArray form row and column versions of reductions which reduce amatrix along only one direction
(e.g. to form a vector in which each element is the sum of the elements in the corresponding row
of the matrix). Such partial reductions occur as generations in which the generating function is a
reduction over one dimension.

For example:
. sd.
generate([n],
Ai -reduce([n], A[j]-element (A [i,j]),real.plus,0.0))
==>
sum col ums(generate([n,n], A[i,j]-element(A i, ,j])))
. scC.

B.5 Row-wise Sparse

In this section, | discuss modifying the tridiagonal sub-derivation for row-wise sparse matrices.
Sparse matrices in general, the tridiagonal sub-derivation and the results of applying the row-wise
sub-derivation to the Conjugate Gradient algorithm were discussed in chapter 8.

B.5.1 Worked Example

As with the tridiagonal sub-derivation (8.3, | shall first trace the derivation of an optimized form
of matrix-vector multiplication, then provide details of the transformations. Most of the derivation
remains unchanged for row-wise sparsity: row-wise sparsity follows the same three steps of

distinguishing the zeros from the non-zeros;

simplifying the resulting expression;

mapping onto primary store, which, for row-wise sparsity, involves the secondary store.
Distinguishing

This step is the same as for the tridiagonal example.

CA[] - CA[J] -t
geinfer?t[?FJ[ ]n] € [rlo]vvv(n'esdg(c[erg,[r?]], v[v)l)] ttlhg‘ris(el enent (A, [i,j]) else 0.0,
el egegg(V, [i1)).
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Simplifying
Most of this step is same as for the tridiagonal example: in particular, al the transformations (based
on the Static Evaluation transformation) for simplifying expression involving zero are the same.

Propagating the application of t i mes through the conditional and simplifying the resulting multipli-
cation by zero gives.

=> generate([n], A[i]- reduce([n] AliT-

if ([i,j] € rovwvlse([ n
thentlrres(elerrent(A[l,J]) element(V,[j]))
el se 0.0,

+1 0 O))'

At this point, the derivation diverges from that in the tridiagonal example. Asin that example, the
predicate in the reduction’s generating function distinguishes row z of the non-zero region. However,
in this example, the number of non-zeros on that row isunknown (it is specified as a parameter to the
program), so the non-zeros cannot be explicitly delineated as they were in the tridiagonal example.
Instead, the function r owis used to indicate arow of the non-zero region, allowing the reduction to
be split into areduction over that row, and a reduction over zeros, the latter being then simplified.

=> generate([n], A[i] -reduce(row(roww se([n
(]

n],VV),i),
/\[J]tlrres(elenent(A[l,J]) el enent (V, )
+ 0.0)).

)

Mapping
This stageis similar in principle to the mapping stage of the tridiagonal sub-derivation, but of course
differs in the mappings applied:

shapes: rowwise([n, m], w)—[n,w];

indices [, 7]—[¢, search([z, j])] and the inverse [z, j|—[, lookup ([, j])]

where the function search performs a search on the secondary store to locate the specified sparse
index, and lookup uses the secondary store the translate the specified primary index into a sparse
column index (implemented as a simple indexing operation on the secondary store).

Applying these mappings to the simplified expression for matrix-vector multiplication gives:

=> generate([n], A[i]-reduce([wW, A[j']-
/\] i mes(
eIen”ent nW] [i,search(A[i,j])]),
el ement

+’(|8f3|€);JSJfA.[i,J ).

|\ J

The use of sear ch in this expression would incur heavy computational expenses in an implementa-
tion, and almost certainly prohibit the derivation of an efficient vector or array form. Fortunately, its
use can be eliminated, first by S-reduction

=> generate([n], A\[i]-reduce([wW, A[j']-
tlrres(

el enent (A [n,w,[i,search(A [i,lookup(AT[i,ji'’DDID).
elg)rr;ant(v[Iookup(A[l,j’])]))
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then by using the identity
search([i, lookup([, j])]) =7

to give

==> generate([n], A[i] -reduce([wW, A[]']"
tingsg;al)enent(A:[n,w],[i,j’]),el ement (V, | ookup([i,j’]))),
+, 0.

This is the optimized form of matrix-vector multiplication: each element of the product vector is
formed by matching the w elements of arow of the primary store, which are located at indices 1 to
w, with the appropriate w elements dispersed through the vector V', performing the w multiplications
and w — 1 additions. This processisillustrated in figure B.1.

A*V

il

/
©oN o A

abcd a.l+b.2+c.3+d.4

Primary
Store

R ——

Secondary 1389
Store

=
o

Figure B.1: Multiplication of arow-wise sparse matrix and a vector

B.5.2 Method
As| have aready indicated, most of the transformations for the row-wise sub-derivation are the same

as for the tridiagonal sub-derivation, so here | shall list only those transformations peculiar to the
row-wise sub-derivation.

Splitting Reductions

The storage scheme for row-wise sparsity allows arow of the sparse matrix to be readily located in
the primary store, so it is useful to split off areduction over arow of non-zeros:

4 )
. sd.
reduce([n],
A[jl-if ([i,j] € tridiagonal(n)) then T else F,
AX,y-r,init)
==>
AX, y-r

(reduce(row(tridiagonal (n)), Aj-T, Ax,y:r,r0),
reduce([n]-rowtridiagonal (n)), Aj-T, Ax,y-r,init))
wherei isindependent of j

and wherer 0 is an identity valuefor r
. SC.

191



I'he Sub-cerivations B.o ROW-Wise Sparse

Mapping

Asinthetridiagonal sub-derivation, there are three transformations for the basic array functions. The
mappings on which the transformations are based are:

shapes: rowwise([n, m], w)—[n,w];
indices [z, 7]—i, search([i, 7])] and the inverse [z, j]—[¢, lookup([z, 7])]-

el enent Thetransformation for el ement issimply the application of theforward index mapping.

. sd.
SeI ement (A:rown se([mn],w,[i,j])
==>

el ement (A [mw,[i,search([i,j])])
SC.

gener at e Thetransformation for gener at e applies the shape mapping to the generation’'s shape
and the inverse index mapping to the generating function. Note that, unlike in the tridiagonal
storage scheme, there are no invalid elements that need to be treated explicitly.

. sd.
sgenerate(rowwi se([mn],w,A[i,j]-0)
==>

Sgenerate([mv\d,)\[i 1'1-Ai-g (1 ookup(A [i,j'])))

reduce Two transformations are required for reduce: onefor areduction over ashape specified as
r owni se (which appliesthe shape mappingto that shape); the other for areduction over arow of
such a shape (introduced by the transformation for splitting reductions). Both transformations
apply the inverse index mapping to the generating function. Again, note that there are no
specia casesfor invalid locations.

(. sd. )
Sreduce(rovwvise([n,n],w),)\[i,j]-g,r,init)
==>
reduce([n,w, A[i,j’]-Aj-g (secondary(A, [i,j’])),r,init)
. SC.
. SC.
generate(rown se([n,n],w, Ali,j]l-9)
==>
generate([n,w, A[i,j']-\j-g (secondary(A [i,j])))
sc.

. J

Additional transformations are required for the row-wise sub-derivation to simplify combinations of
sear ch and | ookup. These functions are, almost, inverses:

search([z, lookup([i, j))]))=j, lookup([i, search([i, 7])])=].

Transformations based on these identities can eliminate occurrences of sear ch, and so avoid the
computational expense of searching the secondary store for an index. (The | ookup function is
implemented as asimple array indexing operation, so it is not asimportant to eliminate its uses.)
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Appendix C

Gram-Schmidt Orthonor malization

The POT agorithm discussed in section 6.3 requires an orthonormalization function (the meaning of
which is explained later): the particular orthonormalization function used in this work is (modified)
Gram-Schmidt (GS). This function is responsible for about half the execution time of the POT
algorithm, so its efficient implementation is important. In addition, the definition of GS, while
conceptually simple, does require some attention to detail. GS thus represents a good test case for
functional decomposition and derivational implementation.

In this appendix, | discuss the derivation of a Fortran Plus enhanced implementation of GS:
¢ Definition of GS

¢ Functional specification

¢ FPE implementation
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C.1 Gram-Schmidt Orthonormalization

The SML specification of POT uses an orthonormalization function. Orthonormalization isastraight-
forward operation, but itsdefinition requires some attention to detail: itisagood candidatetoillustrate
functional decomposition. The efficiency of implementation of orthonormalization isimportant: for
example, orthonormalization consumes approximately half the execution time of POT. Orthonormal-
ization is thus also a good test of the effectiveness of the DAP derivation.

The POT agorithm (amongst others) requires the formation of an orthonormal set of vectors from a
given set of vectors. First, some definitions:

Vectors U and V' are said to be orthogonal if their inner-product is zero.

e A set of vectors is said to be orthogona if each of the members is orthogonal to each of the
other vectors.

A vector is said to be normalized if itslength is 1.

A set of vectors is said to be orthonormal if it is orthogonal and if each of its members is
normalized.

Often, a set of vectors is represented as a matrix whose columns are the vectors. Then, an or-
thonormalization function takes a matrix as argument and returns a matrix whose columns form an
orthonormalized set of vectors. The orthonormalization function used for the DAP implementation
of POT is Gram-Schmidt orthonormalization (GS). GSis based on the following:

e A vector is normalized by dividing by its magnitude (the square root of the sum of the sgquares
of the components).

e That component of avector U which is parallel to avector V' can be found by evaluating the
inner-product (denoted (U, V')) of U and V: if V is normalized, the paralel component is
V=« (U,V).

o If the component of U that is parallel to V' is subtracted from U, the resulting vector has no
component parallel to V': i.e. it isorthogonal to V.

Thus:

U—=U-V =« (U,V)
The method employed by GSisto normalize one vector, and then make each of the remaining vectors
orthogonal to that vector, and repeat until each of the vectors has been normalized. That is:

e Choose a vector that has not been normaized: normalize it.

e Subtract the appropriate component of the normalized vector from each of the other vectors
(that have not yet been normalized).

For numerical stability, the order in which the vectors are normalized is important. In the POT
algorithm, the eigenvectors are ordered according to the magnitude of the approximations to the
eigenvalues.
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C.1.1 SML Specification of GS

GSisan iterative process. it performs n iterations of an operation, where n. is the size of the matrix
to be orthonormalized. It can thus be specified using thei t er at e function.

fun GSEA:reaI matrix,order:int vector,n:int):real matrix
= #1(iterate(GSstep, (A n,constant(n,true), order, 0), finished))

e Theiteration functionisGSst ep, defined below. Thisfunction takes five arguments (combined
asab5-tuple):

— The matrix processed so far.
— The size of the matrix.
— A boolean vector which records those columns that have not already been processed.

— A vector of column indices which defines the order in which the columns are to be
processed.

— The number of columns which have so far been processed (used as an index into the
vector of column indices to locate the column to be processed next).

e The terminating function is f i ni shed; this function simply tests if the number of columns
processed is equal to the size of the matrix.

The GSst ep function must:
o normalize the appropriate column of the matrix;
e orthogonalize the remaining columns with respect to that column;
o modify the mask vector to indicate that the column has been processed;
e increment the count of columns that have been processed.
The SML specification of GSst ep isshown in figure C.1:

e proj ecti on computes the projection of one vector onto another.

e make_ort ho performs the task of orthogonalizing, with respect to a given vector, al those
columns of the matrix that have not already been normalized.

Thegener at e. col s function isalibrary function (defined intermsof gener at e) that hasnot
yet been discussed: it generates a matrix in a ‘column-wise' fashion. That is, the generating
function takes a column index as argument, and returns a vector of elements (rather than a
single element, as does the standard gener at e) which forms the designated column of the
matrix. Consider the generating function:

¢ If acolumn has already been normalized (as recorded in the mask vector), then it is left
unaltered.

e Otherwise, the projection of that column with the given vector is computed and the
projection subtracted from the column.

e nor mal i ze normalizes avector by dividing it by its magnitude.
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r

);

:real
= let
val
val
val

val
in

end

fun projection(U:real vector,V:real vector):real vector
= Vxinnerproduct(U,V);

fun make_ortho(A:real matrix,n:int,mask:bool vector,column:real vector)
:real matrix
= generate.cols(n,fn(i:int)=>
if (not mask@[i])
then column
else col(A,i)-projection(col(A,i),column)

fun normalize(U:real vector):real vector
= U/sqrt(innerproduct(U,U);

fun normalize_column(A:real matrix,n:int,j:int):real matrix
= generate.cols(n,fn(i:int)=>

if (i=j) then normalize(col(A,j)) else col(A,i);

fun GSstep((A:real matrix,n:int,mask:bool vector,order:int vector,count:int))

mask’ :bool vector = updateel (mask,j,false);

" ’ ’
(A" ,n,mask’,order,count’)

~N

matrix*int*bool vector*int vector*int

count’:int = count+1;

j:int = order@[count’];

A :real vector = normalize_column(A,n,j);
A" :real matrix = make_ortho(A',n,mask',j);

Figure C.1: Onestepin GS

e normal i ze_col utm normalizes a specified column of a matrix.

e GSstep

performs one step of the GS method.

o If first increments the count of the columns processed.

e |t then retrieves the index of the next column to be processed from the or der vector.

e That column is normalized.

e Themask of columns still to be processed is updated to exclude the current column (using
the updat eel library function).

e The matrix is orthogonalized with respect to the normalized column.

Although GS is somewhat intricate in its details, functional decomposition allows it to be specified
relatively painlessly.
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C.1.2 DAP Implementation of GS

The function specification of orthonormalization makes liberal use of functional decomposition to
simplify the specification. As is typical of specifications, the specification does not represent an
efficient method for performing orthonormalization. The use of the functions nor mal i ze_col urm
and make_ort ho in particular represent potentially inefficient aspects of an implementation since
they copy the entire matrix and since they construct the copy one column at atime.

Unfolding the functions and simplifying by Static Evaluation removes these inefficiencies. the
bindings for A’ and A" are removed and column-wise matrix constructions are replaced with matrix
generations, which may be interpreted as constructing all the elements simultaneously (rather than
column by column). Converting to Array Form makes use of thisinterpretation to construct matrices
in adata parallel manner, using data-parallel conditional s to mask off those columns that have already
been normalized (and which should not be altered by the orthogonalizing that is performed for
remaining columns).

The Fortran Plus Enhanced implementation of GSis shown in figure C.2.

4 N\
real*8 A(*n,*n)
logical mask(*n)
integer count
real*8 column(*n)
integer order(*n)
real*8 project (*n,*n)

1 count =0

2 mask = true
3 continue
4
5

if (count.gt.n)then
goto 16

6 else

7 count = count+l

8 column = A( ,order(count))

9 column = column/sqrt(sum(column*column))
10 mask(order(count)) = .false.

11 project = matc(column,n)

12 project = matr(sumr(A*project),n)*project
13 A(matr(mask,n)) = A-project

14 A( ,order(count)) = colummn

15 goto 3

16 continue
. J

Figure C.2: Fortran Plus Enhanced implementation of GS

The function of each lineis:

12 initialize the count of the number of columns processed so far and the mask of columns
still to be processed.

3 isthe start of the GOTOloop that implements the iteration of GS; line 16 is the end.

o5 if all the columns have been processed, the loop is exited by the GOTO 16 statement on
line5.

o7 updates the count of the number of columns processed.

89 compute a vector that is the normalized version of the current column.
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Gram-schmidt Orthonormalization C.2 summary

e 10 excludes the current column from the mask of columns still to be processed.

¢ 11-13 orthogonalize the rest of the matrix with respect to the normalized column:
e Line 11 expands the normalized vector column-wise into a matrix

e Line12 usesthat matrix to form simultaneously the inner-product of each column withthe
normalized vector (the expression sunr ( A* pr oj ect ) ), and then to compute simultane-
ously the projection of each column ontothenormalizedvector: matr (..., n) *proj ect .

e The projections are subtracted from the matrix in line 13; the mask in the assignment
(mat r (mask, n)) ensures only those columns that have still to be processed are affected.

o 14 copies the normalized vector into the appropriate column of the matrix.
e 15 returns execution to the start of the loop.
C.2 Summary

Aswith the FPE implementation of the main section of POT, the implementation of orthonormaliza-
tion, particularly the computation of the projections of the columns onto the current column (line 12),
would probably seem quite strange to one not experienced in programming the DAP. Yet it follows
by the application of fairly simple rules to a straightforward specification.

As was argued in the evaluation of the derived implementation of POT (section 6.3.3), the virtua
parity of the derived and hand-crafted implementations of POT indicates that the implementation of
GSisquite efficient, and thus that the DAP derivation is effective.
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