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Abstract

The complexity of hardware platforms available today is increasing. Com-
plex memory hierarchies, multi-core processors, GPUs as coprocessors, etc.
bring new challenges to software developers. Developing efficient applica-
tions to a specific platform becomes increasingly more difficult. Additionally,
developers usually have to maintain versions optimized to different platforms
available, and it is usually difficult to the average programmer to understand
highly optimized software.

This research addresses these challenges using model-driven engineering,
a programming methodology that deals with software complexity raising
the level of abstraction in program development. As a first step, we will
focus on a specific area of application, Dense Linear Algebra, with the goal
to automate development of customized, but well-understood, dense linear
algebra programs. At the same time, we expect that our approach will not
be domain-specific. Work in other domains will help confirm the generality
of our work.

This document presents an overview of the areas and the research ques-
tions we are addressing. It also presents some preliminary results.
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Chapter 1

Introduction

The computational power provided by hardware platforms in the last decades
have been increasing. Initially, this increase was achieved mainly through
higher clock rates, but at some point it was necessary to build more com-
plex architectures to get more powerful platforms. Memory hierarchies, non-
uniform memory architectures (NUMA), multi-core processors, clusters, or
graphics processing units (GPU) as coprocessors, are examples of features
that allowed to increase the computational power provided by hardware.

However, these features / resources are not free, i.e., in order to get ben-
efits from them, the programmer has to be careful in the development of the
application, and tune the application to use the available features. As Sutter
mentioned, the free lunch is over [Sut05]. The programmer has to choose the
algorithm that best fits the target platform, he has to prepare the applica-
tion to use multiple cores / machines, and apply other specific optimizations
for chosen platform. Different platforms expose different characteristics, and
that means that the best algorithm, as well as the optimizations, is platform
dependent [WD98, GHO1, GvdGO08], i.e., we need to develop and maintain
several different versions of an application for the different platforms. This
problem becomes even more important, because usually there is no separa-
tion between platform specific and platform independent code, limiting the
reusability and making maintenance harder. Moreover, the platforms are
constantly evolving (e.g. hardware and software changes), thus requiring an
adaptation of the application.

This new reality moves the burden of improving performance of appli-
cations from hardware manufactures to software developers. To get full
advantage of the hardware, applications must be prepared for it. This is a
complex task, usually reserved for experts in the application domain. More-
over, developers need to have deep knowledge about the platform. These



challenges are particularly noticeable in high-performance computing, due
to the importance given to performance in this community.

A particular type of optimization, that is becoming more and more im-
portant, due to the proliferation of parallel hardware, is algorithm paral-
lelization. With this optimization, we want to improve applications’ perfor-
mance making them able to execute several tasks at the same time. This
type of optimization will receive special attention in this work.

To answer these challenges, as well as to handle the growing complex-
ity of the applications, we need new approaches. Model-driven engineering
(MDE) is a software development methodology that has been used to ad-
dress the complexity of software systems. In this work, we will explore
the use of MDE techniques in the development of high-performance appli-
cations. We start with a specific domain, Dense Linear Algebra (DLA).
This is a well-know and mature domain, that has always received the atten-
tion of researchers concerned with highly optimized applications. We will
use high-level, platform independent models and transformations to encode
the knowledge collected by domain experts. However, it is not our goal to
conceive new algorithms or implementations, but to develop a systematic
methodology to record and apply this knowledge to develop systems auto-
matically. Afterward, we will apply the knowledge obtained in DLA to other

domains.

1.1 Research Questions and Goals

The lack of structure that characterise the development of efficient programs
in domains such as DLA, prevents non-expert to participate in the develop-
ment process. The main questions that we are trying to answer with this

work are:

1. Can we develop general notations / models to represent applications
and to express the optimizations that allow non-experts to understand,
build and maintain them?

2. Can we develop methodologies and tools that help non-experts to build
and maintain optimized (namely parallel) versions of their applications
for several platforms, and that automate some of the tedious tasks in
the optimization process?

MDE has been successfully used to explain the design of applications
in several domains. This thesis aims to continue this line of work with a
new programming methodology for high-performance computing, promoting



incremental development of applications, where complex applications are
built refining, composing, extending and optimizing simpler blocks. Specific
research goals are:

1. Develop a high-level, platform independent model to define opera-
tions and the algorithms that implement these operations. This model
should help non-experts to understand the algorithms. It should also
be extensible, to admit new algorithms and optimizations.

2. Develop methodologies to map operations to specific platforms. De-
cisions such as the choice of the algorithm, optimizations, and paral-
lelization should be supported by these methodologies. The method-
ologies should help non-experts to understand how algorithms are cho-
sen, and which optimizations are applied.

3. Develop tools to support the proposed methodologies.

1.2 Working Method
This research work will be divided in two phases:

1. In the first phase we focus on a specific domain, DLA. We start by
studying the area, and identifying an appropriate set of models to
express the domain knowledge, namely operations, algorithms and op-
timizations. Later, we will develop transformations to map high-level
models to efficient implementations. We will also develop tools to help
in the process of building applications. Finally we will study the infor-
mation that experts need to choose a specific algorithm for a particular
situation, or to apply an optimization, in order to make the tools able
to perform some of the steps automatically.

2. In the second phase we will try to extend the work developed in the
first phase, in order to make it applicable to other domains. This
means to study other domains, namely its basic components (if they
exist), and how applications are built and optimized.



Chapter 2

Background

2.1 Model-Driven Engineering

MDE is a software development methodology that promotes the use of mod-
els to represent the knowledge about a system, and model transformations
to develop software systems. It lets the developers focus on the domain
concepts and abstractions, instead of implementations details, and relies on
the use of systematic transformations to map the domain models to imple-
mentations.

A modelis a simplified representation of a system. It abstracts the details
of a system, making it easier to understand and manipulate, while keeping
the ability to provide the stakeholders that are using the model the details
about the system they need [BGO1].

Selic [Sel03] lists five characteristics that a model should have:

Abstraction. It should be a simplified version of the system, that hides
insignificant details (e.g., technical details about languages or plat-
forms), and allows the stakeholders to focus on the essential properties
of the system.

Understandability. It should be intuitive and easy to understand by the
stakeholders.

Accuracy. It should provide a precise representation of the system, giving
the same answers to stakeholders that the system would give.

Predictiveness. It should provide the needed details about the system.

Economical. It should be cheaper to construct than the physical system.



Models conform to a metamodel, which defines the rules that the meta-
model’s instances should meet (namely the syntaz and constraints). For
example, the metamodel of a language is its grammar, and the metamodel
of a XML document is its XML schema or DTD.

The modeling languages can be divided in two groups. General purpose
modeling languages (GPML), that try to give support for a wide variety of
domains and that can be extended when they don’t fit some particular need.
In this group we have languages such as the Unified Modeling Language
(UML). On the other hand, we have domain specific modeling languages
(DSML), that are designed to support only the needs of a particular domain
or system.

Model transformations convert one or more source models into one or
more target models. They manipulate models in order to produce new
artifacts (e.g., code, documentation, unit tests), and allow the automation
of recurring tasks in the development process.

There are common types of transformations. Refinements are transfor-
mations that add details to models without changing their semantics or
abstract strucutre, and they can be used to transform abstract specifica-
tions in implementations. Abstractions do the opposite, i.e., remove details
from models. Refactorings are transformations that restructre models with-
out changing their semantics. FEztensions are transformations that add new
behavior or features to models. The transformations may also be classified
as endogenous, when both the source and the target models are instances
of the same metamodel (e.g., a code refactoring), or exogenous, when the
source and the target models are instances of different metamodels (e.g., the
compilation of a program).

MDE is used for several purposes, bringing several benefits to software
development. The most obvious is the abstraction they provide, essential
to handle the increasing complexity of software systems. Providing sim-
pler views of the systems, they become easier to understand and to reason
about, or even to show their correction [BR09]. Models are closer to the
domain, and use more intuitive notations, thus even stakeholders without
Computer Science skills can participate in the development process. This
can be particularly useful in requirements engineering, where we need a pre-
cise specification of the requirements, so that developers know exactly what
they have to build (natural language is usually too ambiguous to this pur-
pose), expressed in a notation that can be understood by system’s users, so
that they can validate the requirements. Being closer to the domain also



makes models more platform independent, increasing reusability and making
easier to deploy the system in different platforms.

Models are flexible (particularly when using DSML), giving freedom to
users to choose the information they want to express, and how the informa-
tion should be organized. Users can also use different models and views to
express different views of the system.

Models can be used to validate the system or to predict the system’s
behavior without having to support the cost of building the entire system,
or the consequences of failures in the real systems, that may not be ac-
ceptable [IAB09]. They can be used to check for cryptographic proper-
ties [JO5, ZRU09], to detect concurrency problems [LWLO08, SBLOS], or to
predict performance [BMIO4], for example. This allows the detection of
problems in early stages of the design process, where they are cheaper to
fix [Sch06, SBLO09].

Automation is another benefit MDE. It dramatically reduces the time
needed to perform some tasks, and usually leads to higher quality results
than when tasks are performed manually. There are several tasks of the
development process that can be automated. Tools can be used to auto-
matically analyse models and detect problems, and even to help the user
to fix them [Egy07]. Models are also used to automate the generation of
tests [AMS05, Wel09, TAB09]. Code writing is probably the most expen-
sive, tedious and error-prone task in software development. With MDE
we can address this problem, building transformations that automatically
generate the code (or at least part of it) from models.

Empirical studies have already shown the benefits of using modeling in
software development [Tor04, ABHLO06, NC09].

Some of these tasks (e.g., validation) could also be done using only code.
It is important to notice that code is also a model. However usually it is
not the best model to work with, because of its complexity and its inability
to store all the needed information. For example, code loses information
about the algorithm, which may be useful if we want to change the imple-
mentation of the algorithm. The use of code annotations clearly shows the
need to provide additional information, i.e., the need to extend the (code)
metamodel. Moreover, code is only available in late stages of development
process, which compromises the early detection of problems in the system.

The use of MDE also presents challenges to developers. One of the
biggest difficulties when using MDE is the lack of stable and mature tools.
This is a very active field of research, and we are seeing tools that exist to
help code development being adapted to support models (e.g., version man-



agement [GKE09, GE10, K6nl10], slicing [LKR10], refactorings [MCH10],
generics support [dLG10]), as well as tools that address problems more
specific from MDE world (e.g., model migration [RHW™10], graphs lay-
out [FvH10], development of graphical editors [KRAT10]). Standardization
is another problem. DSMLs compromise the reuse of tools and methodolo-
gies, as well as interoperability. On the other hand, GPMLs are too complex
for most of cases [FR07]. The generation of efficient code is also a challenge.
However, as Selic noticed [Sel03], this was also a problem in the early days
of compilers, but eventually they become able to produce code as good as
the code that an expert would produce. So we have reasons to believe that,
as tools become more mature, this concern will diminish.

2.2 Linear Algebra Computations

Several sciences and engineering domains face problems where they need to
use linear algebra operations to solve them. Due to its importance, the linear
algebra domain has received the attention of researchers, in order to develop
efficient algorithms to solve problems such as systems of linear equations,
linear least squares, eigenvalue, or singular value decomposition.

This is a mature and well understood domain, with regular programs.*
Moreover, the basic building blocks of the domain were already identified,
and efficient implementations of these blocks are provided by libraries. This
will be the first domain studied in this work.

In this section we provide a brief overview of the area, introducing some
definitions and common operations. Developers that need highly optimized
software in this domain, usually recur to well known APIs / libraries, that

will also be presented.

2.2.1 Matrix Classifications

We present some common classifications of matrices, that help to understand
operations and algorithms of linear algebra.

Identity A square matrix A is an identity matrix if it has ones on the
diagonal, and all other elements are zeros. The n X n identity matrix
is usually denoted by I,, (or simply I when the size of the matrix is
not relevant).

'DLA programs are regular because (i) they rely on dense arrays as their main data
structures (instead of pointer-based data structures, such as graphs), and (ii) the execution
flow of the program is predictable without knowing the input values.



Triangular A matrix A is triangular if it has all elements above or below the
diagonal equal to zero. It is called lower triangular if the zero elements
are above the diagonal, and upper triangular if the zero elements are
below the diagonal. If all elements on the diagonal are zeros, it is said
strictly triangular. If all elements on the diagonal are ones, it is said
unit triangular.

Symmetric A matrix A is symmetric if it is equal to its transpose, A = AT

Hermitian A matrix A is hermitian if it is equal to its conjugate transpose,
A = A*. If A contains only real numbers, it is hermitian if it is
symmetric.

Positive Definite A n x n complex matrix A is positive definite if for all
v#0€C" vAv* > 0 (or vAvT > 0, for v # 0 € R™ if A is a real
matrix).

Nonsingular A square matrix A is nonsigular if it is invertible, i.e., if there
is a matrix B such that AB= BA=1.

Orthogonal A matrix A is orthogonal if its inverse is equal to its transpose,
ATA = AAT = 1.

2.2.2 Operations

LU Factorization. A square matrix A can be decomposed into two ma-
trices L, unit lower triangular, and U, upper triangular, such that A = LU.
This process is called LU factorization (or decomposition).

It can be used to solve systems of linear equations. Given a system of
the form Ax = b (equivalent to L(Uz) = b), we can find x, first solving the
system Ly = b, and then the system Uz = y. As L and U are triangular
matrices, any of these systems is easy to solve.

Cholesky Factorization. A square matrix A, that is hermitian and pos-
itive definite, can be decomposed into LL*, such that L is a lower triangular
matrix with positive diagonal elements. This process is called Cholesky fac-
torization (or decomposition).

As LU factorization, it can be used to solve systems of linear equations,
providing a better performance. However, it is not as general as LU factor-
ization, as the matrix has to have certain properties.
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QR Factorization. A matrix A can be decomposed into QR, such that ()
is an orthogonal matrix, and R is an upper triangular matrix. This process
is called QR Factorization (or decomposition).

QR factorization can be used to solve the linear least squares problem.

2.2.3 Basic Linear Algebra Subprograms

Basic Linear Algebra Subprograms (BLAS) is a standard API for linear
algebra domain, that provides basic operations over vectors and matri-
ces [LHKKT79, Don02a, Don02b).

The operations provided are divided in three groups. Level 1 provides
scalar and vector operations, level 2 provides matrix-vector operations, and
level 3 matrix-matrix operations. These operations are the basic building
blocks of the linear algebra domain, and upon them, we can build more
complex programs.

There are several implementations of BLAS available, developed by the
academic community and hardware vendors (such as Intel [Int] and AMD [ACM]),
and optimized to different platforms. Using BLAS, the developers are re-
leased from having to optimize the basic functions for different platforms,
contributing to better performance portability.

2.2.4 Linear Algebra Package

The Linear Algebra Package (LAPACK) [ABD190] is a library that provides
functions to solve systems of linear equations, linear least squares problems,
eigenvalue problems, and singular value problems. It was built using BLAS,
in order to provide performance portability.

ScaLAPACK and PLAPACK are two extensions to LAPACK, that pro-
vide distributed memory implementations of some of the functions of LA-
PACK.

2.2.5 FLAME

The Formal Linear Algebra Methods Environment (FLAME) [FLA] is a
project that aims to make linear algebra computations a science that can
be understood by non-expert in the domain, through the development of a
new notation for expressing algorithms, a methodology for systematic deriva-
tion of algorithms, Application Program Interfaces (APIs) for representing
the algorithms in code, and tools for mechanical derivation, implementa-
tion and analysis of algorithms and implementations [FLA]. This project

11



Algorithm: C :=dot(A4, B,C)

Bp
where Aj has 0 columns, By has 0 rows
while m(Ar) < m(A) do

Partition A%(ALlAR>,B%<BT>

Repartition
B
(AL|AR)%(AO|MA2),<§Z>% I

where a; has 1 column, b7 has 1 row

C:a1b1T+C

Continue with

B
(ALlAR><—<Aoa1|A2)7<§Z><— b%)

endwhile

Figure 2.1: Matrix-Matrix Multiplication in FLAME Notation

also provides a library, libflame [ZCvdGT09], that implements some of the
operations provided by BLAS and LAPACK.

The FLAME Notation. The FLAME notation [BvdG06] allows the
specification of dense linear algebra algorithms without exposing the array’s
indices. The notation also allows the specification of different algorithms for
the same operation, in a way that makes them easy to compare. Moreover,
algorithms expressed using this notation can be easily translated to code
using the FLAME API.

We show an example using this notation. Figure 2.1 depicts a matrix-
matrix multiplication algorithm using flame notation (the equivalent Matlab
code is shown in Figure 2.2).

Instead of using indices, in FLAME notation we start dividing the ma-
trices in two parts (Partition block). In the example, matrix A is divided in
Ay (the left part of the matrix) and Ag (the right part of the matrix), and

12



function [C] = dot(A, B, C0) {
C = CO;
s = size(A,2);

for i = 1:s
C=C+ AC:,i) * B(i,:);
end

Figure 2.2: Matrix-Matrix Multiplication in Matlab

matrix B is divided in By (the top part) and Bp (the bottom part).? The
matrices A7, and Bp will store the part of the matrices that were already
used in the computation, therefore initially these two matrices are empty.
Then we have the loop, that iterates over the matrices, while the size of
matrix Az, (given by m(Ayr)) is less than the size of A, i.e., while there are
elements of matrix A that have not been used in the computation yet. At
each iteration, the first step is to expose the values that will be processed
in the iteration. This is done in the Repartition block. From matrix Af,
we create matrix Ag. The matrix Ag is divided in two matrices, a; (the
first column) and Ay (the remaining columns). Thus, we exposed in a; the
first column of A that has not been used in the computation. A similar
operation is applied to matrices By and Bp to expose a row of B. Then we
update the value of C' (the result), using the exposed values. At the end of
the iteration, in the Continue with block, the exposed matrices are joined
with the parts of the matrices that contain the values already used in the
computation (i.e., a is joined with Ay and blT is joined with By). Therefore,
in the next iteration the next column / row will be exposed.

For efficiency reasons, matrix algorithms are usually implemented using
blocked versions, where at each iteration we process several rows / columns
instead of only one. A blocked version of the algorithm from Figure 2.1 is
shown in Figure 2.3. Notice that the structure of the algorithm remains
the same. When we repartition the matrix to expose the next columns /
rows, instead of creating a column / row matrix, we create a matrix with
several columns / rows. Using Matlab (Figure 2.4), the indices make code
complex (and using language such as C, that does not provide powerful
index notations, it would be even more difficult to understand the code).

2In this algorithm we dived the matrices in two parts. Other algorithms may require
the matrices to be divided in four parts, top-left, top-right, bottom-left and bottom-right.
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Algorithm: C :=dot(A, B,C)

Partition AH(ALlAR),B%<§JT3>

where Aj has 0 columns, By has 0 rows
while m(Ar) <m(A) do

Determine block size b

Repartition

(AL|A3>—>(A0|A1A2>’<§T

B

where A; has b columns, B; has b rows

C=AB+C

Continue with

endwhile

(AL|AR)e(AOA1|A2),<BT

Figure 2.3: Matrix-Matrix Multiplication in FLAME
Version

Notation - Blocked

function [C] = dot(A, B, C0) {
C = CO;
s = size(4,2);

i = 1:mb:s
b = min(mb, s-i+1);
c + a(:,i:i+b-1) * b(i+b-1,:);

Hh
o
o]
H

(¢}
]

Figure 2.4: Matrix-Matrix Multiplication in Matlab

FLAME API. The Partition, Repartion and Continue with instructions
are provided by FLAME API [BQOvdGO05], which allows to easily translate
The FLAME API is

an algorithm implemented in FLAME notation to code.

14
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function [ C_out ] = dot( A, B, C )
[ AL, AR ] = FLA_Part_1x2( A,
0, ’FLA_LEFT’ );
[ BT,
BB ] = FLA_Part_2x1( B,
0, ’FLA_TOP’ );

while ( size( AL, 2 ) < size( A, 2 ) )
[ A0, al, A2 ]= FLA_Repart_1x2_to_1x3( AL, AR,
1, ’FLA_RIGHT’ );
[ BO,
bilt, ...
B2 ] = FLA_Repart_2x1_to_3x1( BT,
BB, ...
1, °FLA_BOTTOM’ );

C=C + al * bilt;

[ AL, AR ] = FLA_Cont_with_1x3_to_1x2( A0, al, A2,

'FLA_LEFT’ );
[ BT,
BB ] = FLA_Cont_with_3x1_to_2x1( BO,
bit,
B2, ...
"FLA_TOP’ );
end
C_out = C;
return

Figure 2.5: Matlab Implementation of Matrix-matrix Multiplication Using
FLAME API

available for C and Matlab languages. The C API also provides some addi-
tional functions to create and destroy matrix objects, to obtain information
about the matrix objects, and to show the matrix contents.

Figure 2.5 shows the implementation of matrix-matrix multiplication
(unblocked version) in Matlab using the FLAME API (notice the similar-
ities between this implementation and algorithm specification presented in
Figure 2.1).

15



Chapter 3

Methodology

To address the challenges that software development in the high-performance
computing comunity presents to developrs, we use MDE. We defined high-
level model to encode the domain knowledge, namely abstractions, algo-
rithms and optimizations. Additionally, we specified transformations that
allow developers to map high-level, platform independent program specifi-
cations to platform specific implementations. In this chapter we present the
methodology that we use, namely the models and the transformations.

3.1 Models

An abstraction models an operation of the domain. It specifies its interface
(input and output ports), and should also provide information about what it
is supposed to do (i.e., its semantics). Each port has a name (and may have
other information, such as data type). In DLA, an abstraction can be a low-
level BLAS routine, such as matrix-matrix multiplication (GEMM, SYMM, etc.),
or more complex and high-level routines, such as Cholesky factorization.
Graphically, an abstraction is expressed by a box, with a name and input
ports (on left) and output ports (on right). Figure 3.1 depicts an abstraction.

A A @

Figure 3.1: Graphical Representation of an Abstraction
An algorithm defines how an abstraction can be implemented. It has

at least the same ports of the abstraction it implements (however it can
have additional ports, that may be a parameter to tune performance, for

16



example). Additionally, an algorithm may contain abstractions and con-
nectors (arrows between abstractions’ ports), specifying which sequence of
operations should be applied to input data to obtain the desired output.
Alternatively, an algorithm can specify a code function that implements an
abstraction.

Graphically, an algorithm is a box with ports, containing a dataflow
graph. Figure 3.2 depicts an algorithm.

> Y

Al
e R I L)

Figure 3.2: Graphical Representation of an Algorithm

A grammar pairs algorithms with the abstractions they implement. Each
production of a grammar specifies an algorithm for an abstraction. The
left-hand side is the abstraction, and the right-hand side is an algorithm.
As textual grammars contain non-terminal, our algorithms contain abstrac-
tions. In textual grammars, productions define the valid replacements for
non-terminal symbols. In our grammars, productions define the valid re-
placements for abstractions, i.e., we can replace an abstraction with any of
its algorithms. When replacing an abstraction by an algorithm we are adding
detail to the model, thus we are performing a refinement of the abstraction.

The language defined by this grammar expresses all possible algorithms
synthesizable by refinement of the domain.

Graphically, a grammar is specified by connecting algorithms to abstrac-
tions, as depicted in Figure 3.3.

X| A 577 > Al
Y \z E» 1 B Z’»ZI

E:% 8 X c 72

Figure 3.3: Graphical Representation of a Grammar: two productions show-
ing two alternative implementations of abstraction A
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3.2 Transformations

Given a program design (a dataflow model of a program), and a grammar
of the abstractions and their implementing algorithms, we want to be able
to build an efficient implementation of the program. As usual in MDE, we
rely on model transformations (in this particular case, graph rewrites), to
incrementally build a program. In the next sections we describe the two
transformations we use to this purpose: refinements and optimizations.

3.2.1 Refinements

Given a program design, we can replace any of the abstractions present by
one of its implementing algorithms. Doing this, we are adding details to the
model of the abstraction (and, thus, to the model of the program), i.e., we
are refining the model.

Consider the grammar from Figure 3.3, and the program design from
Figure 3.4a. Figure 3.4b shows a refinement of the program, where we
replaced abstraction A with algorithm A2.

@ - o A Gz X

A2

(b) —»X—»'X B 3
“'*E*E 7—X[ ¢ [Z+Z—{Z[c " IX]

Figure 3.4: Refinement Transformation

3.2.2 Optimizations

When we compose two dataflow graphs, we may get a sequence of oper-
ations that is inefficient. To address this issue, we provide optimizations.
An optimization is a model transformation that consists on an abstraction
transformation followed by a refinement. First the abstraction creates a sin-
gle box representing the inefficient sequence of operations. Then we use a
refinement to replace the created box with an efficient implementation.
Consider the program design, depicted in Figure 3.4b, that resulted from
the refinement of abstraction A. We have the box C followed by box C~1
(that is the inverse operation of C). The output of box C~! will be exactly

18



the input of box C, therefore these boxes can be removed. This will create
a program that provides the same result, but that is more efficient.

To remove these inefficiencies, we start by removing the encapsulation
boundaries. Then we abstract the inefficient boxes to a single box. Finally,
we refine the new box with an efficient implementation. Figure 3.5 shows
the optimization process applied to the example presented. First, we remove
box A2 (Figure 3.5a), then we abstract the sequence of boxes C — C~!,
originating the box Identity (Figure 3.5b), and finally we refine the Identity
box with an efficient implementation, that connects directly the input to the
output of the box (Figure 3.5¢).

- B 1z

(a) Step 1: remove A2 boundaries

Identity

(b) Step 2: abstract C' and C~! boxes

Identity

\
‘f‘

| X| B
. Z X
by Il anet

(c) Step 3: refine Identity abstraction

Figure 3.5: Design Optimization Steps

We also use the grammar to model the knowledge about optimizations.
The subgraph that was abstracted is a possible implementation for the
Identity abstraction, as well as the refinement applied in the last step.
Thus, this optimization can be modeled using the grammar, as depicted in
Figure 3.6.
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Chapter 4

Proof of Concept: Dense
Linear Algebra
Computations

In this chapter we show an example where we synthesise a program using
the approach we described. We synthesise a distributed memory implemen-
tation of Cholesky factorization, as described in [PMH*11]. The Cholesky
algorithm used is depicted in Figure 4.1.

We have an iterative algorithm, that, at each iteration, updates some
blocks of the matrix (Ai1, Ag; and Agg). To derive a distributed memory
application, we will only model the part of the loop body that updates the
matrix’s blocks, as this is the only part of the algorithm that need to be
refined. Figure 4.2 shows the initial program design of Cholesky loop body.
The loop body has as input and output ports the three matrix blocks that
are modified during an iteration.

We are deriving a distributed memory implementation of the Cholesky
factorization, thus the input matrix blocks are distributed over several pro-
cessors. To execute some operations we need to redistribute the elements
of the matrix. Therefore, we have to refine the Chol, Trsm and HerkLN
abstractions present in the initial design, with distributed memory imple-
mentations of them. Figure 4.3a and Figure 4.3b show the refinements and
the resulting design, respectively. Abstractions of the format xy-zw (such
that x, y, z, w € {M, V, x}) are redistribution operations, that take a matrix

using distribution xy and returns the matrix using distribution zw.!

!More details about these distributions and redistribution operations are provided
in [PMH"11]. In abstractions names, we used MM, Mx, *M, etc. to denote distributions

(Mc, MRgr), (Mc,*), (x, MRr), etc.
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Algorithm: [A] := CHOL(A)
Arr | Arr )

BL | ABr
where App is 0 x 0

while m(Arr) <m(A4) do
Determine block size b

Partition 4 — <

Repartition
Apy | Arg Ago | Ao1 | Ao2
e = | Ao | Al | A2
Az | A1 | Aaeo

where A1 isbxbd

AH = CHOL(AH)
Agl = A21 TRIL(Al_lH)
Agy = Agy - Ay Al

Continue with

( Apy ATR) Ago | Aor | Aoz
%

Ao | A1 | Ar2
Ao | Agr | Ao

Apr | ABr

endwhile

Figure 4.1: A Cholesky Algorithm

After flatten the new design, removing boxes DChol, DTrsm and DHerkLN,
we can identify an opportunity for optimization (Figure 4.4a). We have the
operation **-MM followed by operation MM-**, i.e., we take a matrix using
distribution (x,x), we redistribute it to obtain the matrix using distribu-
tion (M¢c, Mp), and we redistribute it again to obtain the matrix using
distribution (x,*) (the final distribution is equal to the initial distribution).
Figure 4.4b shows the model of the optimization. The algorithm **—**+MM
(1) models the (inefficient) composition of boxes present in the current de-
sign, and that we abstract. The algorithm **-*x+MM (2) is the efficient
implementation of the same abstraction. After applying the optimization
we obtain the design depicted in Figure 4.4c.

The next step is to refine some of the redistribution operations. This
step is needed to expose new opportunities for optimization. We refine the
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Cholesky Loop Body

AT ——[A] Chol [A » AT
A2 | »| A2
»[A]
5 Trsm [B}—
A22 | = A22

HerkLN[ C

YVY
][]

Figure 4.2: Initial Design of Cholesky Loop Body

redistribution operations MM-M* and MM-*M, using the algorithms presented
in Figure 4.5a, and obtaining the design depicted in Figure 4.5b.

After flatten the new design, removing boxes MM-V*-M#* and MM-V*—*V-*M,
we can identify two optimizations (Figure 4.6a). We have an operation
(MM-V*) been applied twice to the same input. We can optimize this design
applying the operation only once. We also have the sequence of operations
V*-MM / MM-V*, that exposes an optimization similar to the first optimization
we used. Figure 4.6b shows the models of the optimizations. Figure 4.6¢c
shows the resulting design.

At this point we still have an optimization we can apply. We are using
the redistribution operation V¥-MM to obtain a (Mg, Mp) distribution of
the output matrix of Trsm. Additionally, we have the redistribution opera-
tion Vx-Mx, that computes a (M, x) distribution of the same matrix. The
(M, Mp) distribution can be obtained more efficiently from a (Mg, *)
distribution than from a (V¢, %), therefore we can apply the optimization
depicted in Figure 4.7a. The final design is depicted in Figure 4.7b.

With this approach we were able to synthesise a distributed memory
implementation of Cholesky factorization. We were able to use high-level
models to encode the knowledge about the algorithms and optimizations
needed to synthesise the application. Raising the level of abstraction, we
can explain to non-expert how to derive efficient implementations of DLA
programs, allowing them to participate in the development process. Notice
that most of the optimizations used can be understood without any domain
knowledge (in some cases, we only need to know that two box are the inverse
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(b) Cholesky Loop Body After Refinements

Figure 4.3: Distributed Memory Refinements
of each other, or to notice that the same box is used twice). Additionally, it
also becomes easier to validate the program, as we only need to validate each

of the refinements and optimizations. Finally, using a systematic approach
to derive programs, we expect to enable synthesis automation.

24



Cholesky Loop Body

B AN*-MM[ A

A1l

A21

\

AMM--M AR
AMM-MT{TA B [HerkLN| C

»C]

> C|

(a) Redistribution Optimization Opportunity

E w_w L MM AL _ — — — P

M
7 (i} AT WA A A~
~ A

w_xk M

wox_ex MM

A »
. 3

A
>

(b) Redistribution Optimization’s Models

Cholesky Loop Body

—|—>MM-** Chol

A1l

Trsm | B AN*-MM A

>

**.MM

M-"M A
MM-M1 A

HerkLN| C

[o][w][>

\ 4

>
>

(c¢) Cholesky Loop Body After Optimization

Figure 4.4: Redistribution O

25

ptimization

A1



[AMM-"M A} — — — —E MM-V*-*V-*M ,T.l

[AMM-M{A} — — — —E MM-V*-M*

[ Abs AW A—]

(a) Refinements’ Models

Cholesky Loop Body

A1l

—|—>MM-** Chol

Al
**_MM

»| A21

Trsm | B

MM-V*-*V-*M

MM-V*-M* HerkLN[ C

A

(b) Cholesky Loop Body After Refinements

Figure 4.5: Redistribution Refinements
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Chapter 5

Tool Support

A tool to assist developers on the use of this approach is being developed.
To use our approach, the developer starts encoding the domain knowledge,
i.e., specifying the domain abstractions and their implementing algorithms,
as well as optimizations. To synthesise a program, the developer provides an
initial design of the program, and then, refining abstractions and optimizing
inefficient abstractions’ compositions, he progressively maps the initial de-
sign to a design optimized to a specific platform. Finally, a transformation
should be used to convert the final program design to code.

Our tool provides an environment for developers create models to en-
code domain knowledge, and to synthesise programs. Regarding models, it
provides five types of objects: (1) Abstraction, (2) Algorithm, (3) Pattern,
(4) Input, and (5) Output. The first three objects are boxes, and the last two
are ports. Additionally, the tool has two types of associations: (1) Connec-
tor and (2) Implementation. Figure 5.1 shows a UML diagram of the tool’s
metamodel.

Element

name : String

oy

| | target
Box ports Port 3 Connector
M source

* | dataType : String

éé «Aelements éé 1

Abstraction Algorithm Input Output
source T1 target 1 %
Implementation Pattern

Figure 5.1: Tool’s Metamodel
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An Abstraction object with its input and output ports models an abstrac-
tion of the domain. An Algorithm object models an algorithm. In addition
to its input and output ports, we add other boxes and Connectors inside,
creating a dataflow graph that specifies an algorithm’s details. To build the
grammar that pairs abstractions with their implementing algorithms, we
use an Implementation association. A Pattern box specifies an algorithm to
be abstracted. Like an algorithm box, it is paired with an abstraction and
other plug-compatible algorithms. Patterns specify the algorithms that our
tool will search for when optimizing designs.

These objects allow the developer to encode the domain knowledge. At
this point, the developer can compose domain abstractions to build the
initial design of the program he wants to synthesise.

Given an initial program design, the developer can replace any abstrac-
tion box with an algorithm that implements it. This can be done selecting
the abstraction and applying the refine transformation. If there is more than
one algorithm for the abstraction, the user will be asked to choose one. If a
desired algorithm is not present, users can extend the list of algorithms and
postulate his/her own designs.

Refinements produce a hierarchy of dataflow graphs that require op-
timizations. Our tool has a flatten transformation that removes modular
boundaries. A user can then abstract a set of boxes and then refine to a
new implementation. These two steps can be executed separately, using the
abstract transformation, followed by the refinement transformation, or as a
single step, using the optimize transformation. To help the user, we also
provide the find pattern transformation, that identifies the compositions of
boxes present in the program design that can be abstracted and then opti-
mized.

Our tool performs several validations on models, namely to check if the
dataflow graphs that specify the algorithms are valid, or if the algorithms
have the same ports that abstractions they implement. In some cases, the
tool can propose fixes to the errors, that the developer can select and auto-
matically fix the errors.

Currently the synthesis process is done manually, i.e., the user inter-
actively selects the transformations to apply to the program design. We
plan to enrich the models with additional information (e.g., cost functions
for algorithms) to allow the automation of this process. Our tool already
allows us to obtain efficient designs, that only contain abstractions that can
be directly mapped to code. However, this last step, of mapping a program
design to code, is not yet implemented.
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Chapter 6

Related Work

6.1 Knowledge-Based Software Engineering

Knowledge-Based Software Engineering (KBSE) was a methodology that
emerged in the 1980s, and that promoted the use of transformations that
mapped a specification to an efficient implementation [GLB™83, Bax93]. To
develop a program, the developers would create a specification, and apply
transformations to it, with the help of a tool, in order to obtain the im-
plementation. Similarly, to maintain a program, the developers would only
change the specification, and then they would replay the derivation process
to get the implementation.

In KBSE, developers would work at specification level, i.e., closer to
the problem domain, instead of working at code level, where the knowl-
edge about the problem is reduced, particularly when dealing with highly
optimized code.

KBSE relied on the use of formal, machine-understandable languages to
create specifications, and tools to mediate all steps in the development pro-
cess. A tool would be used to record all developer’s activities and the reason
behind them, to apply transformations, and to help the developer choosing
the transformations. The reliance on sophisticated tools and specification
languages compromised its success [Bax93].

6.2 Dataflow Programming

Dataflow programming is a methodology that advocates the modeling of
programs using directed graphs with data flowing between nodes [KM66,
Den74, DK82]. The nodes express operations to be executed, and edges
express the dependencies among them. Operations can be executed when
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their input values are available, and several operations may be ready for
execution at the same time, providing explicit parallelism.

This programming methodology is currently promoted by tools / lan-
guages such as LabVIEW [Lab], Simulink [Sim], or Agilent VEE [Agi].

6.3 Program Optimization

In this section we provide an overview of techniques that have been used to
optimize software.

Peephole optimization [McK65] is an optimization technique that looks
at a sequence of low-level instructions (this sequence is called the peephole,
and its size is usually small), and tries to find an alternative set of instruc-
tions, that produces the same result, but that is more efficient. There are
several optimizations this technique enables. For example, it can be use
to compute expressions involving only constants in compile time, or to re-
move unnecessary operations, that sometimes result from the composition
of high-level operations.

Loop transformations are optimization techniques that manipulate loop
instructions in order to get more efficient code, namely improving data lo-
cality or exposing parallelism [PW86, WL91, WFW 194, AAL95, BDE196].
Data layout transformations [AAL95, CL95] is another strategy that can be
used to improve locality and parallelism. The success of these kind of tech-
niques is limited for two reasons: the compiler only has access to the code,
where most of the information about the algorithm was lost, and sometimes
the algorithm used in the sequential code is not the best option for a parallel
version of the application.

When using compilers or when using libraries, sometimes we have pa-
rameters we can set in order to improve performance. PHiPAC [BACD97]
and ATLAS [WD98] address this question with parameterized code gener-
ators, that produce the different functions with different parameters, and
time them in order to find out which parameters should be chosen for a
specific platform. Yotov et al. [YLR'05] proposed an alternative approach,
where although they still use code generators, they try to predict the best
parameters using a model-driven approach, instead of timing the functions
with different parameters. Several algorithms were proposed to estimate the
optimal parameters [DS90, CM95, KCS™99].

Program transformations have been used to implement several optimiza-
tions in functional programming languages, such as function call inline, con-
ditionals optimizations, reordering of instructions, function specialization,
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or removal of intermediate data structures [JS98, Sve02, Voi02, Jon07]. Al-
though this method is applied at higher levels of abstraction than loop trans-
formations or peephole optimization, this approach offers limited support to
developers specify new domain specific optimizations.

Rule-Based Query Optimization (RBQO) was an approach that allowed
structure and reduce the complexity of query optimizers, and it was essen-
tial in the building of extensible database systems [Fre87, GD87, HFLP89].
Given a query, a query optimizer has to find a good query evaluation plan
(QEP) that provides a strategy to obtain the results from the database sys-
tem. In RBQO the possible optimizations are described by transformation
rules, providing a high-level implementation independent, notation for this
knowledge. In this way, the rules are separated from the optimization al-
gorithms, increasing modularity and allowing incremental development of
query optimizers, as new rules can be added, either to support more so-
phisticated optimizations or optimization for new features of the database,
without changing the algorithms that apply the rules. The transforma-
tion rules specify equivalence between queries, i.e., they say that a query
that matches a pattern (and possibly some additional conditions), may be
replaced by other query. Rules are also used to specify the valid implemen-
tations for query operators. Based on the knowledge stored in these rules,
a rewrite engine produces several QEP. Different approaches can be used
to choose the rules to apply at each moment, and to reduce the number
of generated QEP, such as priorities attributed by the user [HFLP89], or
the gains obtained in previous applications of the rules [GD87]. Later, cost
functions are used to estimate the cost of each QEP, and the most efficient is
chosen. This is probably the most successful example of the use of automatic
optimization.

6.4 Parallel Programming

Several techniques have been proposed to overcome the challenges presented
by parallel programming. One of the approaches that has been used is the
development of languages with explicit support to parallelism. Co-array For-
tran [NR98], Unified Parallel C (UPC) [CYZEGO04] and Titanium [YSP 98]
are extensions to Fortran, C and Java, respectively, that provide constructors
for parallel programming. They follow the partitioned global address space
(PGAS) model, that presents to the developer a single global address space,
although it is logically divided among several processors, hiding communi-
cations from developers. Nevertheless, the developer still has to explicitly
distribute the data, and assign work to each process. Mixing the parallel
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constructors with the domain specific code, programs become difficult to
maintain and evolve.

Z-level Programming Language (ZPL) [Sny99] is an array programming
language. It supports the distribution of arrays among distributed mem-
ory machines, and provides implicit parallelism on the operations over dis-
tributed arrays. The operations that may require communications are, how-
ever, explicit, which allows the developer to reason about performance eas-
ily (WYSIWYG performance model [CCL198]). However, this language
can only explore data parallelism and when we use array based data struc-
tures. Chapel [CCZ07] is a new parallel programming languages, developed
with the goal of improving productivity in the development of parallel ap-
plications. It provides high-level abstractions to support data-parallelism,
task-parallelism, concurrency, and nested parallelism, as well as the ability
to specify how data should be distributed. It tries to achieve a better porta-
bility avoiding assumptions about the architecture. Chapel is more general
than ZPL, as it is not limited to data parallelism in arrays. However, the
developer has to use language constructors to express more complex forms
of parallelism or data distributions, mixing parallel constructors and domain
specific code, and making programs difficult to maintain and evolve.

Intel Threading Building Blocks (TBB) [Rei07] is a library and frame-
work that uses C++ templates to support parallelism. It provides high-level
abstractions to encode common patterns of task parallelism, allowing the
programmer to abstract the platform details. OpenMP [Boa08§] is a stan-
dard for shared memory parallel programming in C, C++ and Fortran. It
provides a set of compiler directives, library routines and variables to sup-
port parallel programming. It allows incremental development, as we can
add parallelism to an application adding annotations to the source code,
in some cases without need to change the original code. It provides high-
level mechanisms to deal with scheduling, synchronization, or data sharing.
These approaches are particularly suited for some well known patterns of
parallelism (e.g., the parallelization of a loop), but they offer limited sup-
port for more complex patterns, which requires considerable effort from the
developer to explore them. Additionally, these technologies are limited to
shared memory platforms.

Some frameworks take advantages of algorithm skeletons [Col91], that
can express the structure of common patterns used in parallel programming.
To obtain a program, this structure is parameterized by the developer with
code that implements the domain functionality. A survey on the use of algo-
rithm skeletons for parallel programming is presented in [GVL10]. Explore
parallelism becomes particularly difficult in irregular applications, where we
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may not know the tasks to be performed before the execution. Galois frame-
work [KPWT07] addresses the problem of parallelize irregular applications
rising the abstraction level of the applications’ specification, and using opti-
mistic parallelization techniques. These frameworks allow to rise the level of
abstraction, and remove parallelization concerns from domain code. On the
other hand, developers have to write the code according to rules imposed
by frameworks, and using the abstractions provided by them.

One of the problems of parallel programming is the lack of modularity.
In traditional approaches the domain code is usually mixed with paralleliza-
tion concerns, and these concerns are spread among several modules (tan-
gling and scattering in aspect-oriented terminology) [HG04]. Several works
have used Aspect-Oriented Programming (AOP) [KLM197] to address this
problem. Some of them tried to provide general mechanism for parallel pro-
gramming, for shared memory environments [CSMO06], distributed memory
environments [GS09], or grid environments [SGNS08]. Other works focused
on solutions for particular applications [PRS10]. AOP can be used to map
sequential code to parallel code without forcing the developer to write its
code in a particular way. However, starting with a sequential implementa-
tion, the developer is not able to change the algorithm used. Additionally,
AOQOP is limited regarding the transformations that it can make to code /
programs. For example, it is difficult to use AOP to apply optimizations
that break encapsulation boundaries.

All mentioned approaches tried to rise the level of abstraction at which
developers work, hiding low-level details with more abstract language con-
structors or libraries. Nevertheless, the developer still has to work at code
level. Additionally, none of the approaches allow the developer to easily
change the algorithms, or provide high-level notations to specify domain
specific optimizations.

35



Chapter 7

Proposed Work

We described a model-driven methodology to derive DLA programs. How-
ever, we are still far from the goals we defined. In this chapter we describe
the remaining tasks.

DLA Algorithms (5 months)
We already showed how to use the proposed methodology to derive a pro-
gram in DLA domain, for a particular platform (distributed memory ma-
chines). We will catalogue the most common operations of the domain
and their implementing algorithms. We will apply the same methodology
to derive other DLA operations, namely the operations presented in sec-
tion 2.2.2.1 Moreover, we will derive implementations to other platforms.
This may imply to extend the methodology with more powerful mod-
els (e.g., currently we are only modeling loop bodies, but more complex
optimizations may require to deal at the same time with operations inside
and outside a loop body). We will also need other transformations, namely
extensions.

Code Generation (3 months)

Currently we are already able to generate program designs were the opera-
tions present can be directly mapped to code implementations. However, the
last step, of converting the model to code, still has to be done manually. We
will enhance the models in order to allow the developers to specify how an
operation should be mapped to code. Then we will develop a transformation
to convert a program design to code.

We choose these particular operations because, according to domain experts, they are
representative of the DLA domain.
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Automatic Synthesis (7 months)
Automation is one of the most important benefits of MDE. In this research
work, we plan to automate at least some of the steps of the synthesis process.

To achieve this goal, we will enhance the models, in order to store ad-
ditional information such as properties about the data (e.g., the structure
of a matrix, or how a matrix is stored) and pre-conditions to algorithms
(e.g., the structure that a matrix must have so that an specific algorithm
can be used), which will help to choose the best algorithms for a particular
case. Moreover, we will add cost functions to algorithms, in order to allow
performance prediction. This imply to work with different representations
of an algorithm (e.g., algorithm model, cost model), thus we need not only
algorithm model transformations, but cost models — maybe other models
— as well. As an algorithm’s performance depends on the hardware plat-
form, we will also need platform models. Then we will explore algorithms to
automatically generate different implementations, and to choose the most
efficient for a specific platform.

The current graphical notation is appropriate for interactive program
specification and synthesis. However, we plan to explore alternative nota-

tions, more amenable to automation.

Other Domains (5 months)

Currently this research is focused on the DLA domain. However, we already
have evidence that this methodology can be applied to other domains. As
last step, we will explore other domains, studying their basic components,
algorithms and optimizations, and adapting the proposed methodology to
them.
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Chapter 8

Conclusion

In this document we proposed a metamodel to express the knowledge needed
to build DLA programs. We identified key concepts of the domain, namely
abstractions, algorithms, grammars and optimizations, and proposed mod-
els to express them. Additionally, we described the transformations that
we need to synthesise efficient programs from the models. Using high-level
models and graph rewrites, we were able to express algorithms and optimiza-
tions, as well as to replicate the process used by experts to derive efficient
DLA programs in a systematic way. Moreover, we believe the notation and
the transformations used are simple enough to allow non-experts in the do-
main to understand the development process. It also make design validation
easier. We also presented a tool that we are developing to assist developers
when using the proposed approach, and we successfully used the tool to
synthesise a real program. Although we are focused on DLA domain, we
already have evidence that our methodology can be applied to other do-
mains (a similar methodology was applied to examples from database and
fault-tolerance domains).

Several steps still need to be done to meet the goals we defined. We
want to automate as much as possible the synthesis process. To do that,
we are planing to enrich the model with properties about the input and
pre-conditions on grammar’s productions, that should help the choice of
refinements to apply. Cost functions should also allow us to estimate the
costs of different implementations of a program, and therefore to choose the
best implementation. Additionally, we will also need to model hardware
platforms, as the performance of a program, and thus the choice of the best
program, depend on the platform. The final design obtained with the current
tool only contain boxes that map directly to functions provided by external
libraries such as BLAS and LAPACK, however we still need to implement
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the transformation that generates the code from the final program design.
The models and transformations we described already allowed us to derive
some programs, but in other programs, such as LU factorization, we expect
to need ability to support extensions (i.e., the ability to add functionality
to an abstraction). We plan to explore the use of alternative non-graphical
notations, and tools to manipulate expressions in that notation, as an alter-
native to the current graphical models. Finally, we will study other domains
and adapt the proposed approaches on them.
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