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Abstract. We apply the notion of design patternsto optimizations performed by designers of softwarelibraries, focusing especially
on object-oriented numerical libraries. We formalize three design patterns that we have abstracted from many existing libraries
and discuss the role of these formalizations as a tool for guiding compiler optimizers. These optimizers operate at a very high
level that would otherwise be left unoptimized by traditional optimizers. Finally, we discuss the implementation of a design

pattern-based compiler optimizer for C++ abstract data types.

1. Introduction

Design patterns have been widely accepted as an in-
valuabletool for the design of software systems. They
represent abstract notions of the behavior of code with-
out collapsing under the weight of implementation de-
tails, and therefore serve as an efficient method of com-
municating design. Design patternsare not synthesized
but instead are abstracted from commonalitiesin design
found amongst many successful software systems. As
abstractions, these design patterns must be customized
for any specific task at hand, but any instance retains
the properties of the design pattern(s) applied.

Design patterns need not be limited to high-level
design. Techniques employed by designers of high-
performance software libraries to enable code opti-
mizations also constitute design patterns. Especially
in object-oriented libraries, there are standard ways for
exampleto minimizethe number of temporaries, to ma-
nipulate the evaluation of an expression, or to choose
among functionally equivalent expressions. It is es-
sentially because of these optimization patternsthat li-
brariesin higher level programming languages such as
C++ or Javahave become competitivewith thosewrit-
tenin C or Fortran. Often, however, the pricefor using
these patternsis compromised code clarity.
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I'n an object-oriented numeric library, for example, it
is often possible to directly express mathematical for-
mulae by using operators on user-defined types, but
these operator expressions are known to cause a large
number of extraneoustemporary valuesto be computed
and stored. While these temporaries may be inexpen-
sive for fundamental integer or floating-point types, or
even small user-defined types, such as complex num-
bers, temporaries for large user-defined types, such
asarbitrary-lengthintegers, arbitrary-precisionfloating
point numbers, or matrices, can become very costly.
Programmers have reacted to these extra costs by re-
verting from the more natural operator-centric repre-
sentation of mathematical expressionsto the use of pro-
cedure calls that require fewer temporaries and result
in better overall performance.

Design patterns for optimization provide a new per-
spective on the ways in which library authors design
code for maximal performance. These optimization
patterns offer the same benefits as traditional design
patterns in that they succinctly communicate design,
but have additional value in that they can be directly
transformed into optimization opportunities for com-
pilers. They arebased on the observation that the trans-
formation of, e.g., an operator-centric expression to an
equivalent procedural formisalargely mechanical task
for the programmer, which, however, cannot be auto-
mated as long as the programmer cannot communi cate
to the compiler thekind of transformationit should per-
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form. What is needed for automationisan optimization
scheme a programmer can refer to and a categoriza-
tion of related optimizations, including the semantic
conditions under which they can be applied.

Optimization patterns hel p make the process of spec-
ifying such transformations manageabl e by defining an
abstract form that these transformations may be derived
from. Assuming a compiler supports a particular opti-
mization pattern, auser (i.e., library designer) can refer
to this pattern and identify the characteristicsthat make
a given transformation an instance of this design pat-
tern. Conversely, an optimization that is given in the
form of an optimization pattern has been proved to be
applicable across severa libraries, and thus has estab-
lished itself asan optimization methodology. It isthere-
fore worthwhile to develop compiler optimizers based
on design patterns. Our Simplicissimus project [19]
has already produced one such compiler optimizer that
can handle optimization patterns, we hope that other
open compilation environmentswill follow.

We have surveyed several C++ object-oriented nu-
meric libraries and abstracted design patterns that are
common amongst these libraries. In this paper we in-
troduce three patterns that are important, but not re-
stricted to numerical applications. the Replacement
pattern, the Assignment Replacement pattern, and the
Temporary Removal pattern. The Replacement pattern
is a general pattern for rewriting expressions as other
expressions; the latter two patterns can be understood
as refinements of the Replacement pattern that provide
additional optimization opportunities.

We begin the presentation with examples of optimiz-
ing designs gathered from C++ object-oriented nu-
meric libraries in Section 2 that motivate the abstrac-
tion that underlies each pattern. In Sections 3 and 4 we
formalize, discuss, and illustrate the Replacement pat-
tern and two subpatterns called Assignment Replace-
ment and Temporary Removal. Section 5, finally, sum-
marizes the implementation of optimization patterns
within the Simplicissimus framework and briefly de-
scribes its integration into the GNU C++ compiler.
The emphasis of the paper, however, is on the concept
of adesign pattern for optimization, and the main pur-
pose of the paper is to initiate the identification and
refinement of these patterns.

2. Optimization methods used by library designers

We surveyed several object-oriented numeric li-
braries, including LiDIA [20], the Matrix Template

Library Operation | Semantics |
NTL Inverse(x) 1/x
LiDIA | z.AssignZero() z:=0
LIDIA | x.EqualsOne() z=1

Fig. 1. Shorthand operations.

Library (MTL) [17,18], the Number Theory Library
(NTL)[16], andthe Basic Linear AlgebraSubprograms
(BLAS) [12], searching for design patterns commonly
used to facilitate optimizations that could be leveraged
by a compiler optimizer instead of relying on the li-
brary user. The most common technique is the use of
proceduresor functionsin lieu of operator expressions.
These functions can be placed into roughly three cate-
gories: shorthand functions, operationsthat write their
result directly to a target, and functions that combine
several operations into one call. Each of these cate-
gorieswill befurther described with examplesfrom the
aforementioned libraries.

Throughout this paper, by semantic eguivalence of
two expressions we mean equivalence of the observ-
able behavior of the expressions. Expressionse; and
es have the same observable behavior if replacing an
instance of one with the corresponding instance of the
other will not change a program barring exceptional
conditions(e.g., memory allocationfailure). Wedenote
thisrelation by e; = es.

In addition to standard mathematical notation, we
usetheinfix copy assignment operator ‘:=" that replaces
the value of the left-hand operand with the result of
computing the right-hand operand. The result of this
operation is the left-hand operand.

2.1. Shorthand functions

Shorthand functions often encapsulate operations
that are expressible by common operations but may
be computed more efficiently within a single function.
Such operationsinclude complex conjugation, inverses,
and taking the sgquare of a value. Figure 1 illustrates
examples of shorthand functionsin NTL and LiDIA.

2.2. Targeted operations

The return value of an operation is often the cause
of unwanted temporaries. Evenin simple assignments,
suchasy := a x z, atemporary is generated by the
multiplication a x x and must be copied into y. Asa
reaction to this, library authors create procedures that
store the result directly into one of its operands. Fig-
ure 2 illustrates some examples of this pattern.
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Library Operation | Semantics |
LiDIA add(x, y, z) z:=y+z
LiDIA multiplyx, vy, z) | z:=yxz
NTL Sub(x, y, z) Ti=y—=z
NTL I nverse(x, y) z:=1/y
MTL transpose(A, B) B:= AT

Fig. 2. Targeted operations.
2.3. Composite operations

Certain sets of operations are often used in conjunc-
tion. Library authors have used this as an opportunity
to introduce new functions that perform all operations
in one step without the creation of temporariesand with
efficiency that would otherwise not be achieved using
separate functions. The most obvious implementation
of this technique is in the BLAS libraries, where op-
erator expressions are not included but instead com-
plicated general-purpose routines are supplied. Some
examples of composite functionsare listed in Fig. 3.

3. Thereplacement pattern

Shorthand, targeted, and composite operations of-
ten have semantics that are expressed viamathematical
formulas. In the majority of object-oriented numeric
libraries, these mathematical formulas are also directly
expressible, but come at a cost in efficiency. The pro-
grammer isexpected to transform the mathematical for-
mulas into a set of function or procedure calls to eval-
uate them. Informally speaking, the Replacement pat-
tern is a natural abstraction of this expression transfor-
mation for optimization and can be likened directly to
arewriting system wherethe | eft-hand side of arewrite
rule denotesthe mathematical expression and theright-
hand side denotes the equivalent, more efficient, pro-
cedurecall. Intherest of this section we formalize the
Replacement pattern in terms of sets of rewrite rules.

3.1. Definitions and notation

Expressions are finite tree structures built from a
given finite set F' of function symbols and a denumer-
ably infinite set V' of variable symbols; the set of all
such expressions is denoted T'(F, V). An equation is
apair of such expressions, say (t1,u1), usualy written
t1 = uq, and the equality rules of inference are cap-
tured in the notion of rewriting a subexpression of an
expression using an equation asarewrite rule. Specif-
ically, a pair of expressions (I, r) is arewrite ruleiif [

is not just a variable and the variables that appear in r
also appear in [. We usually write theruleas ! — r,
and [ is called the left-hand side and r the right-hand
side of the rule. Note that in some cases an eguation
t = u could be used as arewrite rule as either t — u
oru—t.

A substitution is a mapping o from expressions to
expressions that is determined entirely by its value on
a finite number of variables; a substitution is denoted
by an expression of theform {¢1/v1, ..., tx/vi }, read
“substitutet; forvy, ..., t; forv,.” Thek > 0variable
symbolswy, . .., v, mustbedistinct, andthecasek = 0
is the identity substitution . such that «(¢t) = ¢ for
all expressions t. Following convention we write an
application of a substitution as to rather than o(¢).
For example, if 0 = {(a + b)/z,(b- ¢)/y,d/z} and
t =z+(a-(z2—y)),thento = (a+b)+(a-(d—(b-c))).

To define rewriting precisely we also need some no-
tion of position of an occurrence of a subexpression s
within an expression ¢t. A standard way [4] to define
aposition p in an expression t is as a sequence of nat-
ural numbers: the root position is assigned the empty
sequence, denoted by A; and if p isthe positionin ¢ of
asubexpressions = f(si,.. ., sk) then the subexpres-
sion s; intheith argument of s is assigned position p.i
int,fori =1,..., k. Thent[p] denotesthe subterm of
t a position p, and t[p < s] denotes the result of re-
placing the subexpression at p in t by the expression s.
For example,if t = 2+ (a- (2 —y)) thent[2.2.1] = z,
andt2.2.1 —d|=x+ (a-(d—y)).

For a given rewrite rule | — r, arelation on pairs
of expressions, ¢ rewrites to u, can be defined as: for
some position p in ¢, there is a substitution o such that
tlp] =lo andu = t[p — ro]. Wewritethisas“t — u
using [ — r,” overloading the use of the symbol —.
For example,

z+(a-(z-y) =2+ ((z-y) a)
usingi-j — j-i,since foro = {a/i,(z — y)/j},

(@+(a-(z=y))2]=(a-(z-y)=(-jo
and

z+((z=y)-a)=(z+(a (z-y)[2

— (j-i)o].

For a given set of rewriterules R, wesay t — u
using R if t — w using! — r for somerule! — r
in R. These definitions can be extended to conditional
rewriting: a conditional rewrite rule is a triple of ex-
pressions (1,7, c) where (I,r) isarewriteruleand c is
a predicate expression whose variables also appear in
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Library Operation Semantics
MTL mult (A X, VY, z=AXz+y
MTL mlt(A B, C C:=AxB+C
BLAS AXPY(a, X, Y) y:=axz+y
BLAS GEMMa, A, B, b, C:=ax A xB +bx(C'
wherez’ = z, 2T, or 2

Fig. 3. Composite operations. The BLAS library’s GEMM subroutine has been simplified fromits original thirteen arguments for brevity.

. Weusualy writetheruleas! — r (if ¢). For aset of
such conditional rules R the rewriting relation ¢t — u
using R isdefined by ¢t — w if thereisarulel — r (if
¢) in R suchthat t — w using! — r and co is true,
where ¢ isthe same substitution used in the rewrite.

The nature of the condition on arewrite rule depends
partly on the programming language used and its type
system, partly on the program transformation in which
the expression e takes place. Conditions can include
conceptual or type requirements as well as the speci-
fication of computational behavior, e.g., freedom from
side-effects of afunctional expression, or anti-aliasing
of pairs of variables. We want to emphasize, however,
that especially in the examples listed the validity of a
condition cannot (efficiently) be deduced in an auto-
mated way. What can be automatically checked, how-
ever, are assertions of properties, including the logical
implications of these assertions. We therefore assume
that the pattern designer asserts certain properties of
variablesand other subexpressions, and that acondition
is then checked against these declarations. Likewiseit
is the pattern designer, and not a program, that claims
the semantic equivalence of two expressions.

3.2. Thereplacement pattern

We assume there is a cost function available from
expressionsto reals (or any totally ordered domain) so
that costs of expressions can be compared. We aso
recall therelation of semantic equality, =, asintroduced
in Section 1.

Definition. Let L and R be expressions and P be a

predicate expression. A Replacement patternisatriple
(L, R, P)

such that

1. L = R whenever P holds
2. cost(R) < cost(L)

Operationally speaking, a Replacement pattern can
be implemented in a framework of conditional rewrite
rules. Some patterns can be implemented as a single

conditional rewrite rule, L — R (if P). Thisis the
case, for exampl e, with the shorthand operation Inverse
inFig. 1, with the rewriterule

1/z — Inverse(x)

where there is no condition required. Similarly, the
Replacement patterns for the other two shorthand op-
erationsin Fig. 1 can each be implemented with asin-
glerule. More generally, the implementation of a Re-
placement pattern can require several rulesif there are
expressions that are semantically equivalent to L that
are not instances of L in the strict syntactic sense of
matching defined by the rewrite system. Consider, for
example, the Replacement pattern instance that targets
the BLAS AXPY routinein Fig. 3, whichiscommonly
used for manipulation of vectors. Formaly, this in-
stanceis

(y:=axz+y, AXPY(a,z,y), P(a,z,y))

(To simplify the discussion in this section we do not
spell out the constraints represented by the predicate
P; details of such constraints in several examples are
however discussed in Section 5.) We can usethistriple
first of al to form the rewriterule

(y:=axx+y) —> AXPY(a,z,y)
(if P(a, z,y)),

but if we want the same optimizationinthecasea = 1
we also need therule

(y:=z+y) = AXPY(Lz,y) (if P(1,2,y)),

since y := x + y doesn’t syntactically match y :=
a x x + y (because it lacks an occurrence of the mul-
tiplication operator, x). Similarly, to reflect the role of
commutativity of + in semantic equivalence of expres-
sions, we need two more rules

(y:=y+axz)— AXPY(a,z,y)
(it P(a,z,y)),

(y:=y+z) = AXPY(1,z,y)

(if P(1,z,y)).



D. Gregor et al. / Design patterns for library optimization 313

(We could get by without such additional rulesif we
were implementing in terms of a more powerful form
of rewriting, such as associative-commutative rewrit-
ing [4].)

Thus, in general, to implement the Replacement pat-
tern (L, R, P) werequireaset of n rewriterulesl; — r;
(if ¢;) suchthat i; = r; = Lo; and ¢; = Po; for some
subgtitution o, fori =1, ..., n.

Given that pattern designers are responsible for de-
termining the semantic equality of left- and right-hand
sidesaswell asfor identifying the constraints that hold
for instances of L, the rewrite framework is left with
three tasks. First, it performs the syntactic match be-
tween an actual subexpression s and a left-hand side,
[, of one of the rewrite rules | — r (if ¢), obtaining
a substitution o such that loc = s. Second, it checks
the constraints co by inferring whether or not declar-
atively asserted properties of the actual subexpression
s preserve the constraints. If the constraints are satis-
fied, it applies the rewrite rule and replaces s with the
corresponding instance ro.

Note that for aset of rewrite rules and a given actual
expression the selection of an appropriate rewrite rule
is not necessarily unique: the actual expression can
match, and satisfy the conditions, of more than one
left-hand side. The cost function associated with each
rule can then be used to compute an optimal selection.

All examples we have seen so far can be considered
as instances of the Replacement pattern. Thisis un-
surprising, as the Replacement pattern itself relies on
the very genera notion of expression rewriting, but it
nonethel ess serves as a base for pattern-based optimiz-
ers. Severa of these examples, however, share addi-
tional characteristics and furthermore refer to expres-
sion schemesthat occur sufficiently frequently to estab-
lish patterns on their own, or, more precisely, subpat-
terns of the Replacement pattern. A subpatterninherits
all properties of its superpatterns but may add proper-
ties, both to the left-hand side of its superpattern and to
its right-hand side. Any optimization for a given pat-
ternisvalid for any subpatterns of that pattern, and the
subpattern relationship is necessarily transitive. The
next section presents two examples of subpatterns.

4. Assignment replacement and temporary
removal

As the survey in Section 2 has shown, a great deal
of emphasis within numerical computing is placed on
theremoval of temporaries. Therefore, many instances

of the Replacement pattern within numeric libraries
are designed specifically to remove extraneous tempo-
raries. In this section we first introduce the Assign-
ment Replacement pattern, an abstraction from the tar-
geted operation discussed earlier, then the Temporary
Removal adaptor that further eliminatestemporariesby
adding appropriateexpressions. Whilethe Assignment
Replacement pattern is a syntactic refinement of the
Replacement Pattern, the Temporary Removal adap-
tor applies to Replacement patterns and generates new
instances of Assignment Replacement patterns (which
are then eligible for optimization with existing pattern
instances).

4.1. Theassignment replacement pattern

As motivation we again consider the Replace-
ment pattern for the BLAS routine, (y := ax +
y, AXPY (a,z,y), P). We consider here just the first
of the four rewrite rules that implement this pattern as
discussed in the previous section.

(y:=axxz+y) — AXPY(a,x,y) (if P).

If we consider the naive computation of the expres-
siony := a x x + y, threeloops are required for evalu-
ation: onefor the scalar multiplication, onefor the vec-
tor addition, and one for the vector copy. For each of
the two temporaries created by this expression, mem-
ory for the vector’s storage must be allocated and later
freed by the destruction of the temporary. On the other
hand, the procedure call AX PY (a,z,y) requires no
temporaries and a single loop. Since the discussion
of targeted expressions in Section 2.2 has shown that
copy assignments are a frequent source of temporaries
(see Fig. 2) theintroduction of a separate optimization
pattern for copy assignments seems to be appropriate.

Definition. An Assignment Replacement pattern is a
Replacement pattern (L, R, P) such that the root of
L is a binary function (operator) that represents an
assignment to its left operand.

As with the Replacement pattern, instances of the
Assignment Replacement pattern may vary greatly in
generality and scope. TheLiDIA routineadd may only
beuseful for the expressionlisted in Fig. 2, whereasthe
BLAS routine GEMM has many possible instances, as
isillustrated in the form of rewriterulesin Fig. 4.

The utility of the Assignment Replacement pattern
is not in its ability to express optimizations not avail-
able to the Replacement pattern, but to simplify the
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(Ci=axAxB+bx(C) | - GEMM(a,A,B,b,C)
(C:=AxB+bx0C) — GEMM(1, A, B,b,C)
(C:=axAxB) — GEMM(a, A, B,0,C)
(C:=C+axAxB) — GEMM(a, A, B,1,C)

Fig. 4. Rewrite system for optimizing to the GEMM function.

specification of instances of the Replacement pattern
that follow a particular form. Consider the predicate P
that verifies the semantics of arewrite rule of the form
(LL‘ = f(xv Y1, Y2, -+ yN)a g(xv Y1,Y2, .-+ yN)ﬂ P) P
must ensure that = does not aias any y;, requiring the
author to repeat these semantic checksfor every rule of
this form. With the Assignment Replacement pattern,
a pattern-based optimizer must either perform aliasing
checks directly or transform the Assignment Replace-
ment rule into an equivalent instance of the Replace-
ment rule including the required checks.

What, however, happensif an actual expression does
not quite match, even semantically, the left-hand side
of an Assignment Replacement pattern?

4.2. Thetemporary removal adaptor

Consider an expression z := a x x + y that issim-
ilar to the semantic specification of AXPY, but is not
semantically equivalent. In this case, two temporaries
will be generated. It is possible, however, to remove
one of these temporaries by executing z := y followed
by the procedure call AX PY (a,x,z). Similarly, the
expression a x = + y may be optimized into a call to
AXPY depending on the nature of y. If y is atempo-
rary value, overwriting it with another temporary value
is reasonable assuming that y is not reused. In fact,
the semantics of most programming languages does
not support the direct reuse of temporaries, making
this a reasonable assumption. An expression such as
a X x+b x y canthereforebeoptimizedintot := b x y
followed by acall to AX PY (a, x,t). Generalizingthe
two examples, we introduce the Temporary Removal
adaptor.

Definition. Let (L, R, P) be an Assignment Replace-
ment pattern where L is of the form y := e for
some variable y and expression e. We further assume
e[p] = y and R[q] = y for some positions p and g.
Fromthis pattern the Temporary Removal adaptor pro-
duces the following new Replacement patterns:

(z:=e,(2:=y, Rlg+—2z]), P),
(e, (var t =y, Rlg < t]), P).

wherevar t = y denotes the declaration of atempo-
rary variable ¢ (local to the expression sequence) and
itsinitialization to the value of y.

Appliedtothejust discussed AXPY Assignment Re-
placement, for exampl e, the Temporary Removal adap-
tor generates the following two Replacement patterns:

(zi=axz+y, (z:=y, AXPY(a,z,2)),
P),
(axz+y, (var t=vy, AXPY (a,x,t)),
P).

In the same way the Assignment Replacement used
inthe MTL library (see Fig. 3)

(C:=AxB+C,(A,B,C),P)
generates the two patterns

(D:=AxB+C, (D:=C, (A B,D)),
P),

(AxB+C, (var t=C, (A, B,t)),
p),

and the GEMM Assignment Replacement (see Fig. 4)
(C:=C+axAxB,GEMM(a,A,B,1,C),
P)

the two patterns

(D:=C+axAxB,(D:=C, GEMM
(a,A,B,1,D)), P),

(C+axAxB, (var t=C, GEMM
(a, A, B,1,1)), p).

5. Implementation

Theimplementation of an optimizer for the Replace-
ment pattern and its subpatterns essentially requiresthe
implementation of an expression rewrite system with
rewrite rules supplied by the user. An immediate re-
quirement of such a system is that the implementation
of expression matching must be generic enough to sup-
port any form of expression, including user-defined op-
erators (in theform of overloaded operatorsor function
cals). Additionally, the user must be able to examine
an expression to determine the semantics of the expres-
sion and its subexpressions to ensure correctness when
applying arewrite rule. Finally, the user must be able
to construct new expressions to complete the rewriting
step.

Simplicissimus consists of a conditional rewrite en-
gine (implementing optimizations viathe Replacement
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pattern) and an extensible set of rewriterules. The ba-
sic set of rewrite rules implements subpatterns of the
Replacement pattern, including subpatterns based on
algebraic structures (e.g.,

(z + 0, z, right-identity(+, 0)),

where right-identity(Op, Id) is a predicate defined to
betruewhen1d istherightidentity element for operator
Op) and the Assignment Replacement and Temporary
Removal subpatterns. Simplicissimus receives input
fromseveral sources. thebasic set of rewriterules(sub-
pattern implementations), extension rewrite rules from
some set of software libraries, library-defined map-
pings between Simplicissimus'sinternal representation
andthelibrary’sC++ syntax, and, finally, the program
source code. Simplicissimus transforms the program
source code (availablein the compiler’sinternal repre-
sentation) into its own internal representation, applies
rewrite rules that reduce the cost of an expressionin a
bottom-up fashion,! and transformsthe result back into
the compiler’sinternal representation.

The Simplicissimus optimizer can be viewed as a
generalization of the simplifier component present in
the vast majority of compilers. A compiler’ssimplifier
performs simple rewrites based on known properties of
built-intypes, suchasxz+0 — z for integer values. Ex-
tending these simplifiersgenerally requiresdirect mod-
ification of the compiler source code, and is therefore
not feasible for most users. Simplicissimus provides
the rewrite capabilities of a traditional simplifier but
is directly extensible viainstances of the Replacement
pattern.

We now discuss Simplicissimus's internal represen-
tation and implementation of new instances of the pat-
terns presented here. Additional information regarding
the expression rewrite process and the Simplicissimus
architecture may be found in a separate paper [15].

5.1. Internal representation

Simplicissimus'sinternal representation consists en-
tirely of C++ expression templates, aset of classesrep-
resenting unary, binary, ternary, and other operations
that are parameterized by the operators and operands,
in a form similar to functional prefix form. Expres-
sion templateswerediscovered as an optimizationtech-

LSimplicissimus’s default behavior is to compute a locally opti-
mal solution for efficiency reasons, although the user may intervene
with an alternative rewrite strategy that resultsin a globally optimal
solution.

nique for numerical computing [23] but have also been
used for delayed evaluation and functional composi-
tion [6,10,11]. In Simplicissimus expression templates
differ from most in that they have no runtime com-
ponents. distinct variables and literal values are mod-
eled as types, so that C++ expressions can be fully
expressed as C++ types and manipulated at compile
time.

Compile-time manipulations of expressions using
expression templates have several advantages. They
do not exist at run-time, so they incur no run-time
overhead, and because they are constructed and ma-
nipulated entirely in C++ they are naturally compiler-
and platform-independent, as discussed in Section 5.5.
Most importantly, expression templates interact well
with the complicated C++ typesystemand rely ontem-
plate metaprogramming techniques[21] well-knownin
the C++ library design community. The drawback of
expression templates is the inefficiency of the C++
templateengineasan interpreter, althoughthis problem
is due not to any fundamental limitation of the C++
template engine but rather to design decisions madein
current compilers.

The form of an expression templateis similar to that
of function prefix form. An expression x + y * z can be
expressedin prefix formas (4 = (x y z)) and, similarly,
asthe expression template

Expr < Bi nar yExpr < Add, X,
Expr < Bi naryExpr <Ml ,Y,Z >>>>.

Here we use the type names Add and Mul to repre-
sent addition and multiplication, respectively. Each op-
erator or function will have auniquetype (generally an
empty class) that representsitin an expressiontempl ate.
Expressionsarewrappedin classtemplatesthat contain
the operator name and its operand(s), and are named
based on the arity of the operation (Unar yExpr,
Bi nar yExpr, etc). The Expr class is a wrapper
around each expression template that makes all expres-
sion templates easily distinguishable from other types.

The leaves of an expression tree — literal values and
variables—are each expressed using uniquetypes. The
classtemplateVar i abl e isparameterized by thetype
of thevariable (e.g., i nt) and by an integer identifica-
tion number that is unique to that variable. In our ex-
ampleabove, Xmay beExpr <Var i abl e<i nt, 0>>
whereas Y could be Expr <Vari abl e<i nt, 1>>.
Similarly, a class template Li t er al contains litera
values, where a literal can be any C++ literal, but
the notion has been extended slightly to include user-
defined literals for abstract data types.
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5.2. Matching expressions

Expression templates naturally lend themselves to
pattern-matching viapartial specialization. Partial spe-
ciaization allows multiple definitions of class tem-
plates where each definition specifies the partial type
structure of typesit will be instantiated with. Expres-
sion templates use type structure to express expression
evaluation, thus partial specialization can trivialy be
used to specify and match expressions. Figure 5 il-
lustrates the primary template and one specialization
of the class template AXPYMat ch. The template can
match any expression templateviathe primary template
(the val i d member will be f al se) but it can aso
match an expression a «z +y where + isrepresented by
thetype Vect or Add and * is represented by the type
Vect or Scal e, inwhich caseval i d will bet rue
to signify amatch.

A library author definesthe AXPYMat ch classtem-
plate (with specializations) based on the nomencla
ture of the library’s domain. The Vect or Add and
Vect or Scal e types are names chosen by the library
author to represent vector addition and vector scaling
for that library, and are accompanied by transformation
functions between the types and their corresponding
C++ operations. The library-specific vocabulary is
augmented by a base set of operations, such as assign-
ment or comparison, that cross-cut library domainsand
are of general interest.

5.3. Semantic constraints

Semantic constraints determinewhether or not apar-
ticular expression that syntactically matches the left-
hand side of arewriterule will be semantically equiva-
lent if the expressionisrewritten. The check for seman-
tic equivalence relies primarily on traits that describe
the computational behavior of expressions, including
which operands are modified, whether an operation has
side effectsbeyond what isreflected in the operands and
return value, and whether the operation is applicative
(i.e., predictable given a set of operands and regardless
of program state).

We will extend the expression matching class tem-
plate AXPYMat ch described in Section 5.2 to validate
the semantic constraints of the AXPY subroutinein ad-
dition to matching the structure. This dua purposeis
reasonabl e because semantic constraints are generally
expressed as predicates based on the variables bound
when matching the expression.

Figure 6 illustrates the validation of the semantic
constraints on AXPY. Altogether three constraints on
its parametersz and y, logically connected to the mem-
ber val i d, have to be met. For one, neither the eval-
uation of = nor the evaluation of y may have side ef-
fects, because the order of eval uation may changewhen
rewritinganexpressionasafunctioncall. Thecompile-
time value of the member has si de ef f ect s of
any expression template is recursively determined us-
ing expression and user-defined operation traits. Ad-
ditionally, « and y may not be the same variable. The
SaneVar i abl e classtemplateof Fig. 6 determinesif
the given expression templates are the same variablein
the simplest case. A completely developed version of
SaneVar i abl e ismoreextensiveinthat it takesinto
account user-defined operatorsthat return referencesto
one of their arguments, such as the C++ assignment
operator.

5.4. Temporary removal adaptor

The optimizations described for temporary removal
in Section 4.2 are implemented in Simplicissimus as
a class template | nPl aceOper ati onSi np. This
class template is instantiated with a class template T
that implements the functionality specific to an partic-
ular instance of the Temporary Removal adaptor. The
functionality required of T is implemented by three
members:

—val i d: aboolean value that is true if and only
if the syntactic and semantic constraints on the
pattern are met;

—resul t: thetype of the variablethat isthe target
of the assignment in the underlying Assignment
Replacement;

—rewitewth_target: aclasstemplate that
performs a rewrite of the given expression to the
procedural form using the given target expression.

Fromthedefinitionof T,1 nPl aceOper at i onSi
np generates the two Temporary Remova rewrite
rules defined in Section 4.2 aong with the Assign-
ment Replacement rewrite rule defined in Section 4.1.
Thel nPl aceQper at i onSi np adaptor matchesthe
syntactic forms z := e and e, where 2 is a variable
and e is an expression such that the val i d member
of T<e>istrue,i.e, | nPl aceQperati onSi np
delegates the pattern-instance—specific matching to the
underlying domain-specific match template T. Once a
match has been found, | NPl aceQper ati onSi np
will query T<e> to determine the subexpression
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{ static const bool valid = fal se

tenpl at e<typenane A, typenanme X, ty

Vect or Add

Y> > >

{ static const bool valid = true;

tenpl at e<t ypename ExprT> struct AXPYMatch

struct AXPYMat ch< Expr< Bi naryExpr<

Expr <Bi nar yExpr <Vect or Scal e, A, X> >,

I
penane Y>

b

Fig. 5. Using partial speciaization to perform a syntactic match.

t enpl at e<t ypenane Expr1,
{ static const bool value = fal se

tenpl at e<typenanme T, int |D>

{ static const bool value = true;

{ static const bool valid = fal se

tenpl at e<typenanme A, typename X, ty
struct AXPYMat ch< Expr< Bi naryExpr<

typenane Expr2> struct SaneVariabl e

struct SaneVari abl e<Expr<Vari abl e<T,
Expr <Vari abl e<T,

t enpl at e<t ypename ExprT> struct AXPYMatch

Vect or Add,
Expr <Bi nar yExpr <Vect or Scal e, A, X> >,
Y> > >
{
static const bool valid = !SanmeVariabl e<X, Y>::val ue
&% ' X::has_side_effects & !Y::has_side_effects;
3

S

| D>
| D>

b

>!

> >

.

penanme Y>

Fig. 6. Expressing the semantic requirements of the AXPY transformation using traits.

that would be overwritten by the rewritten opera
tion, eg., y in the expression AX PY (a, z,y), alow-
ing | nPl aceOper ati onSi np to distinguish be-
tween the three rewrite rules mentioned without re-
sorting to knowledge of the specific operations in-
volved. When transformation is required, the subex-
pression is replaced with an appropriate expression via
rewitewth_target.

We complete the optimization of the AXPY func-
tion in Fig. 7 with our fina implementation of the
class template AXPYMat ch. This class is to be
directly used as the template parameter T of the
I nPl aceQper at i onSi np template to generate the
rewrite rule class AXPYSi np that performs three
temporary-removing optimizations within the Simpli-
cissmus system: the AXPY Assignment Replacement
along with the two optimizations generated by the
AXPYMat ch adaptor.

(y =a X Z+y) - AXPY(G,,LC,y),
(z:=axz+y)— (z2:=y, AXPY (a,z,2)),
axzr+y — (var t=y, AXPY
(a,x,t)).

Partial specialization is again used to match AX-
PY’s semantic constraints. The val i d member is
true whenever the expression is matched, and the tar-
get of the AXPY function is identified as y by the
t ar get member type. The actua rewriting into the
more efficient form using AXPY is performed by the
classtemplater ewri t e_wi t h_t ar get , which triv-
ialy builds an expression template using the ternary
operation AXPY.

5.5. Integrationin the GNU C++ compiler

Simplicissimusis a stand-al one optimizer written in
the C++ template sublanguage, and is therefore natu-
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tenpl at e<t ypename ExprT> struct AXPYMatch
{ static const bool valid = false; };

tenpl at e<t ypenane A, typenane X, typenane Y>
struct AXPYMat ch< Expr< Bi naryExpr<
Vect or Add,
Expr <Bi nar yExpr <Vect or Scal e, A, X> >,
Y> > >
{
static const bool valid = !SameVariabl e<X, Y>::val ue
&% ! X::has_side_effects & !Y:: has_side_effects;
typedef Y target;

tenpl at e<typenane Z> struct rewite_with_target
{ typedef Expr<TernaryExpr<AXPY, A X, Z> > result; };

b

struct AXPYSinp : public InPlaceOperationSi np<AXPYMat ch> {};

Fig. 7. Optimizations for the BLAS AXPY function based on the Temporary Removal adaptor.

rally compiler-neutral. Such adesign allows optimiza-
tions based on Simplicissimus, such as the implemen-
tation of the Replacement pattern and its subpatterns,
to be portable as well.

Integration of the Simplicissimus optimizer with a
new compiler requires a transformation from the com-
piler's interna representation to Simplicissimus's ex-
pression templates for optimization, and then the re-
verse transformation to utilize the results of the opti-
mization, both of which are defined in C++ by library
authors. Within the GNU C++ compiler, approxi-
mately 2000 lines of C code were required to perform
these transformations.

6. Related work

Design patterns [7] have been gaining wide accep-
tance as atool for the construction and documentation
of software systems, but their use does not generally
extend beyond that of documentation or guidelines for
programmers. The FRED [9] development environ-
ment, which extends this limited view of patterns to
instead aid the programmer in the specialization of pat-
ternsfor aparticular purpose, thus shares our view that
adesign pattern is more than documentation or guide-
line. Ontheother hand, thegoasareradically different
from our own.

Tools for applying domain-specific transformations
to optimize code, such as TAMPR [3] and Draco [13],
enable authors of domain-specific languages to intro-
duce optimizations based on the semantics of a par-
ticular domain. However, these general systems do

not provide a conceptual framework for generating
transformations that are common across multiple do-
mains and multiple languages; that is, they do not
take a pattern-based approach that describes optimiza-
tions as specializations of well-known, language- and
domain-neutral optimization patterns. Constructing
new, domain-specific languages that have similar opti-
mization opportunities in other domains therefore re-
sultsin alarge amount of repetition.

Toolsthat allow library-specific optimizationswithin
general purpose languages, such as the Broadway [8]
open compilation system and the CodeBoost [2]
source-to-source transformation system, enable users
(library designers) to introduce additional semanticin-
formation and optimization opportunities for ordinary
user code. Like domain-specific transformation, how-
ever, these systems give users little direction regarding
optimizationsthat span multiple softwarelibraries. Ap-
plying design patterns for optimization to any of these
transformation systems would yield the same benefits
asin our own Simplicissimus optimizer.

Work on the construction of active libraries [24],
such as Blitz++ [22] and POOMA [14], has signifi-
cantly narrowed the gap between library and compiler.
Suchlibrariestakean activerolein thecompilation pro-
cess, tuning the generated code to specific tasks or spe-
cific architectures. Design patterns for optimization—
or, specifically, implementations supporting them—can
serve as a powerful tool for use by active libraries en-
abling optimizations that are impossible without such
support. The Sophus C++ library [5] integrates with
the aforementioned CodeBoost transformation system
to apply domain-specific transformationsto C++ code
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that uses the Sophuslibrary. Thetransformationsthere
aresimilar to those of the Temporary Removal adaptor.

7. Conclusion

We have surveyed the design of several object-
oriented numeric libraries with a strong focus on op-
timization techniques employed. From these designs
we abstracted the common structure and semantics to
form the Replacement pattern and two important sub-
patterns, the Assignment Replacement and the Tem-
porary Removal adaptor. Additiona patterns, such as
the delayed element-wise transformation used by ex-
pression templatesin libraries such as Blitz++ [22] and
POOMA [14], are aso known to exist but have not yet
been studied.

Optimization patterns are not unique to the C++
language nor are they unique to the domain of nu-
merical computing. For instance, transforming po-
tentially expensive Java Stri ng concatenation ex-
pressions into equivalent operations on a temporary
St ri ngBuf f er [1] isan instance of the Temporary
Removal pattern. However, the usefulness of a partic-
ular design pattern for optimization depends greatly on
the underlying domain.

Unlike many design patterns, the Replacement pat-
tern and its subpatterns present optimization opportuni-
ties at avery high level of abstraction. Once instances
of these patterns are identified, a compiler optimizer
can attempt to generate better code based on strong,
user-supplied assumptions on the semantic behavior of
abstract data types.

We see these patterns astoolsfor advanced users and
library authors to direct the optimization of high-level
constructs that otherwise would be | eft unoptimized.

The Simplicissimus compiler optimizer implements
the three patterns discussed in a compiler-independent
manner. By using the strengths of the C++ language,
Simplicissimus provides users with the ability to spec-
ify optimizationsfor abstract datatypeswithout requir-
ing recompilation or additional extension of the com-
piler.
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