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Abstract

We present a source-to-source compiler that processes matrix formulae in the form
of Kronecker product factorizations. The Kronecker product notation allows for simple
expressions of algorithms such as Walsh-Hadamard, Haar, Slant, Hartley, and FFTs as
well as transpositions and wavelet transforms. The compiler is based on a set of term
rewriting rules that translate high level matrix descriptions into parallel and sequential
loops and assignment statements. We provide back-end translators for FORTRAN,
FORTRAN-90, C and Matlab .

1 Introduction

The first generation of fast Fourier and other transforms were described at the scalar
level with very complicated index expressions. The situation changes and becomes more
amenable to automation when the FFT and the other transforms are related to a fac-
torization of the discrete transform matrix with factors that are Kronecker products of
diagonal matrices, or permutation matrices, or smaller transform matrices. With this work,
we present a system for automating the implementation of efficient FFTs and a range of
fast transforms using symbolic manipulation and program transformations. The Kronecker
product plays a very important role because most of our program transformations are based
on Kronecker product identities.

High performance FFTs typically contain at least a few hand-crafted butterflies. Central
to the butterfly computation is the computation of a small FFT whose size is called the
radix of the butterfly. The construction of these small FFT algorithms is an art, since there
has not been presented a formal/constructive way for generating them. Authors typically
list the algorithms as a sequence of assignments that achieve the desired result and report
the flop count required [16, 13]. We are able to automate this task. The implementation of
a radix-p FFT to calculate the FFT of a vector of length pq, can be split into two separate
tasks. First the building the nested loops that define the order the vector elements are
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2 2 THE LANGUAGE OF FACTORIZATIONS

accessed and second the sequence of assignment statements that perform the calculation of
a single transform of length p. We provide programs that automatically generate each part.
The automatic generation of FFT implementations permits the generation of large-radix
butterflies. This is attractive because high radix algorithms have the advantages of reduced
flop count and better memory traffic patterns. The automation supports the construction
of FFT butterflies that are just the right size for a given problem and computer architecture
combination.

Our system is most closely related to the work presented in [9, 11, 10, 5] where direct
translation of Kronecker product formulae is used to obtain programs. Our work involves
algebraic formula manipulation and code transformations at a symbolic level. Since the
actual matrices are never built their size need not be known. We use the Kronecker product
notation together with other linear algebra operators and code transformation techniques
from compiler theory to generate the loop nests required. We do so at a purely symbolic
level. Moreover we are able to automatically generate butterflies of any radix size using a
technique similar to loop unrolling.

2 The Language of Factorizations

A fast transform algorithm can be seen as a sparse factorization of the transform matrix.
Table 1 displays different factorizations for the DFT matrix as well as other transforms that
arise in signal processing. The abbreviation Bn,m = (Fn ⊗ Im)Dn,m is used in the FFT,
with D a diagonal matrix of weights, Pn,p is the stride permutation matrix. In the Hartley
formula, Dp,pm is a block diagonal matrix with diagonal blocks that are sparse. For an
extensive presentation of this notation and the sparse factorizations, the reader is directed
to [16, 14] and references therein. Multidimensional transforms are Kronecker products of
the above formulae, since the transforms are separable.

In order to be able to process the matrix expressions that describe the sparse factor-
izations of the transform matrices, we define a simple language that describes the different
matrix types found in fast transform algorithms and simple programming constructs like
assignments and loops. Furthermore, we construct a term rewriting system based in pattern
matching that implements the grammar of the above language and the transformation rules
that do the rewriting. The code transformation system is described in [14], here we give a
brief overview.

The language describes matrix formulae and simple programming constructs like assign-
ments and loops. A computer language like Matlab or Fortran 90 is perfect because it
allows expressions with matrix arguments and the colon notation for index vectors (slices).
Here we consider a constructor-based language to make our life easier in recognizing the
various constructs without having to write a complicated parser. Figure 1 presents the con-
text free grammar that describes this language, words in capitals are keywords (literals).
Indexname and V ariablename denote strings of characters, AExpression is an algebraic
expression involving Indexnames and integers. The meaning of those keywords is pretty
direct. There are only four types of statements:
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Table 1: Fast Fourier and other transform factorizations.

Digit Reversal Rnt,n =
∏

1

q=t,t−1
(Int−q ⊗ Pnq ,nq−1)

Cooley Tuckey FFT Fnt = (
∏

1

q=t,t−1
(Int−q ⊗ Bn,nq−1))Rnt,n

Stockham FFT Fnt =
∏

1

q=t,t−1
((Bn,nq−1Pnq ,n) ⊗ Int−q)

transposed Stockham FFT Fnt =
∏t

q=1
((Bn,nq−1Pnq ,n)T ⊗ Int−q)

Pease FFT Fnt = (
∏

1

q=t,t−1
((Bn,nq−1 ⊗ Int−q)Pnt,n))Rnt,n

Gentleman-Sande FFT Fnt = Rnt,n(
∏

1

q=t,t−1
(Int−q ⊗ Bn,nq−1))T

Walsh-Hadamard W2t =
∏t

q=1
(I2q−1 ⊗ F2 ⊗ I2t−q)

Haar H2t =
∏t

q=1

[

(F2 ⊗ I2q−1)P2q ,2 O
OT I2t−2q

]

Slant S2t =
∏t

q=1
(I2q−1 ⊗ M2t−q+1)

Cooley-Tukey Hartley Hnt =
∏

1

q=t,t−1

(

Int−q ⊗
(

(Hn ⊗ Inq−1)Dn,nq−1

))

Rnt,n

Statement → SEQ(Statement, Statement)

| ASSIGN(V ector, Expression)

| LOOP (Indexname, Index, Statement)

| PARALLEL(Indexname, Index, Statement)

V ector → V EC(V ariablename, Index)

Index → IDX(AExpression,AExpression,AExpression)

Expression → V ector

| TIMES(Matrix, V ector)

| DOTSTAR(V ector, V ector)

Matrix → F (AExpressionn)

| P (AExpression,AExpression)

| I(AExpression)

| D(AExpression,AExpression)

| TRANSP (Matrix)

| TIMES(Matrix,Matrix)

| KRON(Matrix,Matrix)

| PROD(Indexname, Index,Matrix)

Figure 1: A grammar for the simplified matrix language used to transform a matrix expres-
sion into a sequence of loops and assignments.
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• ASSIGN denotes an assignment statement of a vector,

• LOOP denotes a sequential loop

• PARALLEL denotes a parallel loop structure.

• SEQ denotes a sequence of exactly two statements.

Both loop constructs accept a sequence of statements. The sequential and parallel loops
are defined by the triplet

(Indexname, Index, Statement)

where Indexname is a symbol that names the loop-index variable, Index stands for the
range of the loop index, and Statement stands for the statements in the loop nest.

An index is defined by the keyword IDX and a triplet of arithmetic and symbolic
expressions. The first expression defines the initial value of the index, the second is the
step or stride of the index and the third one is the final value of the index. We require
that the final value be exact and not an upper bound because otherwise we cannot define
an index algebra to manipulate symbolic indices. For example the index IDX(1, 2, 10) is
illegal because 10 is not a feasible value for this index.

A vector is defined by the V EC keyword and the pair (V ariablename, Index) that
names the vector, and an index that specifies the corresponding positions of the vector.
The Matlab vector expression v(2:2:100) is equivalent to V EC(v, IDX(2, 2, 100)).

For simplicity, the assignment statement only assigns values to vectors. Thus an ex-
pression is only a matrix-vector product defined by the prefix TIMES or the Hadamard
product of two vectors defined by DOTSTAR. The assignment statement x(1:2:63) =

y(0:2:62) is written as

ASSIGN(V EC(x, IDX(1, 2, 63)), V EC(y, IDX(0, 2, 62))).

Other vector operations can be defined as matrix-vector products where the matrices have
a special structure. However, no other operation is needed in the domain of FFT algorithm
development. Even the Hadamard product of two vectors can be written as the product
of a diagonal matrix with the elements of the first vector times the second. We added the
construct to the grammar anyway in order to have only diagonal matrices of twiddle factors.

The following keywords denote various matrices and operations:

• TRANSP denotes the transpose of a matrix.

• TIMES denotes matrix multiplication.

• PROD is a generalization of matrix multiplication, and corresponds to the well known
symbol

∏

. It requires the triplet (Indexname, Index,Matrix) where Indexname is
a symbol that names the index, Index defines the range of the index variable and
Matrix stands for the matrix expression.
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• KRON denotes the Kronecker product of two matrices.

• I(n) stands for the identity matrix In.

• F (n) stands for the DFT matrix Fn.

• P (n, p) is the stride permutation matrix Pn,p of size n and step p.

• D(p,m) is the diagonal matrix of weights (twiddle factors).

Any matrix in this language is seen as a symbolic operator and not as a stored array.
Similarly, the matrix operations are only function compositions, the operations themselves
are never performed. For example, in the expression

ASSIGN(x, T IMES(TIMES(A,B), y))

that defines the statement x = (AB)y, we do not intend to ever multiply the two matrices
A And B together. Instead we transform this expression to x = A(Bx) and then to the
sequence x = By; x = Ax. Finally the applications of matrices B and A have to be
translated into the appropriate loops and vector operations.

The rewriting rules, are based on various linear algebra identities. However, since iden-
tities do not have a direction of application, we define a rule that transforms all instances
of the left-hand-side of the equality to the right-hand-side and vice-versa. Consider

Am ⊗ Bn = (Am ⊗ In)(Im ⊗ Bn)

for square matrices A and B of sizes m and n respectively. Going from right to left in the
above example, is a reduction or simplification. From left to right is an expansion that may
introduce new opportunities for further transformations. In a term rewriting system, the
rewrites terminate when the expression that is manipulated has reached a normal form.
We say that an expression is in normal form, if no changes can be introduced even if we
keep applying the rewriting rules. It is possible for the same expression to have more than
one normal form, since it depends upon the order in which the rewriting rules are applied.
For example consider the jk and kj versions of the Stockham FFT algorithm.

Our source to source compiler was implemented in Mathematica using transformation
rules based on pattern matching. A transformation rule is a rule that describes how to
change expressions from one form to another. A rule has a left-hand side that contains
patterns and a right-hand side that contains the directions of what to do with the expressions
that matched the patterns. A pattern is a class of expressions that have the same structure.
Pattern variables are postfixed by an underscore. patterns are matched using unification [1].
You can think of a pattern as a template where the “gaps” or “blanks” or “holes” can be
filled with arbitrary expressions. However, there are provisions that allow you to restrict
the possible substitutions of a pattern.

We use the transformation rules to express mathematical relations in order to simplify
algebraic expressions. For example, the rules that simplify transposed matrix expressions
are:
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TRANSP[F[n_]] := F[n]

TRANSP[P[m_,n_]] := P[m,m/n]

TRANSP[I[n_]] := I[n]

TRANSP[D[n_,p_]] := D[n,p]

TRANSP[TIMES[A_,B_]] := TIMES[TRANSP[B],TRANSP[A]]

TRANSP[PROD[v_, IDX[f_,s_,l_], M_]] := PROD[v, IDX[l,-s,f], TRANSP[M]]

TRANSP[KRON[A_,B_]] := KRON[TRANSP[A],TRANSP[B]]

The rules describe the well-known identities

F T
n = Fn

P T
m,n = Pm,m/n

IT
n = In

DT
n,p = Dn,p

(AB)T = BT AT





t
∏

q=1

Aq





T

=
1

∏

q=t,t−1

AT
q

(A ⊗ B)T = AT ⊗ BT .

In general, rules come in the form

rule-name = pattern := replacement-value

and later-on apply the named rule at an expression via the form

expression /. rule-name

Since mathematical identities do not have a direction of application, the above scheme
permits the definition of an identity as a pair of rules that one undoes the result of the
other. By naming the rules and using them accordingly, we avoid to fall into an infinite
loop.

3 Program Transformation Rules

Here are the major rules, based on matrix identities involving the Kronecker product, the
stride permutation matrix and compiler techniques that transform a matrix expression into
efficient code consisting only of loops and assignment statements.

R1 Matrix-Matrix-Vector Multiplication: Let A and B two square matrices, then the as-
signment y = ABx can be written as a sequence of assignments

y = Bx
y = Ay
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Here we assume that both matrices are square. The required pattern matching rule
is given by:

ASSIGN [x, T IMES[A, T IMES[B,y]]] :=

SEQ[ASSIGN [x, T IMES[B,y]],

ASSIGN [x, T IMES[A,x]]]

where the items in bold face are pattern variables and the rest are literals.

R2 Π Product: The expression x = (
∏j2

j=j1
Aj)x can be transformed to

for j=j 2:-1:j 1

x = Ajx
endfor

Note the loop-index reversal, in order to associate the multiplications to the right
and thus have a sequence of matrix-vector products. This transformation rule is a
generalization of the Matrix-Matrix-Vector multiplication rule.

ASSIGN [x, T IMES[PROD[q, IDX[f , s, l],M],x]] :=

LOOP [q, IDX[l,−s, f ], ASSIGN [x, T IMES[M,x]]]

R3 Reindexing: Suppose we have a vector y = x(f1 : s1 : l1) where f1, s1, l1 are algebraic
expressions denoting the first index f1, the step s1 and the last index l1. Any sub-
vector z = y(f2 : s2 : l2) can be expressed as a sub-vector of the original vector x as
z = x(f1 + f2s1 : s1s2 : f1 + l2s1). The corresponding rule is:

REINDEX[V EC[x, IDX[f1, s1, l1]], IDX[f2, s2, l2]] :=

V EC[x, IDX[f1 + f2 ∗ s1, s1 ∗ s2, f1 + l2 ∗ s1]]

R4 I ⊗ A: Let A m be a square matrix of size m and two vectors x and y of length n with
n = pm. Then the code that implements the matrix vector product x = (Ip ⊗ Am)y
where x, y are vectors of length n, is:

forall j=0:p-1

x(j*m:(j+1)*m-1) = A_m * x(j*m:(j+1)*m-1)

endfor

Moreover, this loop can be executed in parallel. The corresponding pattern matching
rule is:

ASSIGN [x, T IMES[KRON [I[p],A],y]] :>
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(v = newloopindex();

sz = SIZE[A];

newidx = IDX[v ∗ sz, 1, (v + 1) ∗ sz − 1];

PARALLEL[v, IDX[0, 1,p − 1],

ASSIGN [REINDEX[x, newidx],

T IMES[A, REINDEX[y, newidx]]]])

R5 A ⊗ I: Similarly, the code implementing x = (Ap ⊗ Im)x is:

forall j=0:m-1

x(j:m:j+m*(p-1)) = A_p * x(j:m:j+m*(p-1))

endfor

The pattern matching rule is

ASSIGN [x, T IMES[KRON [M, I[m]], V EC[y, idx]]] :>

(v = newloopindex();

sz = SIZE[M ];

newidx = IDX[v,m, v + m ∗ (sz − 1)];

PARALLEL[v, IDX[0, 1,m − 1],

ASSIGN [REINDEX[x, newidx],

T IMES[M,REINDEX[V EC[y, idx], newidx]]]])

Both rules are direct consequences of the Kronecker Product properties.

Rules R6-R10 require very complicated patterns and they are applied conditionally. In
order to maintain a high level of presentation, we only provide a simple conceptual descrip-
tion of the rules here. For the exact implementation of a rule, see Appendix B where the
complete source code of the rules is listed.

R6 Stride Permutation: Given that n = pm, the Stride Permutation x = Pn,px is equivalent
to the following reindexing with the assistance of a loop:

y = x

forall j=0:p-1

x(j*m:(j+1)*m-1) = y(j:p:j+(m-1)*p)

endfor

An alternate way to transform the stride permutation is the “dual” to the above loop:
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y = x

forall j=0:m-1

x(j:m:j+m*(p-1)) = y(j*p:(j+1)*p-1)

endfor

These loops can be executed in parallel. Note that the Stride Permutation rules are
the only transformations that require temporary vector storage, the transformation
cannot be done in place. In addition to the above two transformation rules, we have
the general index transformation that is based on the following lemma: If y = Pn,px
then

y(j) = x((j mod (n/p)) ∗ p + bj/(n/p)c)(1)

This formula is useful in a situation like the following where a stride permutation is
adjacent to a parallel loop:

x = P(n,p) x

forall j=somerange

an assignment with x(idx) in the right hand side

endfor

that can be transformed into

y = x

forall j=somerange

x(idx) = y(idx2)

an assignment with x(idx) in the right hand side

endfor

only when idx2 can be determined using (1). This is a potentially difficult calculation
to handle automatically when all operands are symbolic. In the current implementa-
tion of our system, we handle this problem using an identity look-up table. For the
way this is implemented please see the source code in Appendix B.

R7 Weight Multiplication: The weight multiplication x = Dx can be written as as an
element-wise multiplication of the corresponding weights w (where w = diag(D)),
that is x = w. ∗ x. Similarly to the Stride Permutation transformation, the weight
multiplication can be “pushed” into a parallell loop.

R8 Loop Interchange: Two nested parallel loops can be interchanged.

R9 Loop Join: Two parallel loops forming a sequence can be joined into one parallel loop
iff they have the same range and their bodies assign to the same variable with the
same index function i.e.:
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forall j=somerange

x(idx) = some-right-hand-side

endfor

forall j=somerange

x(idx) = some-other-right-hand-side

endfor

can be transformed into

forall j=somerange

x(idx) = some-right-hand-side

x(idx) = some-other-right-hand-side

endfor

R10 Join Assignments: This is the reverse rule to Matrix-Matrix-Vector multiplication
rule. That is, the sequence of assignments:

x = z

y = f(x)

can be substituted by the single assignment y = f(z).

These are the major term rewriting rules. Many more minor rules handle the automatic
index and variable name generation, simplification of linear algebra expressions, index op-
erations and other secondary tasks. The secondary rules are active all the time and apply
whenever there is an instance that matches their patterns. All major term rewriting rules
are grouped in sets of rules that have similar scope. Rules R1, R2, R4 and R5 are ex-
panding rules. Rules R6, R7, R9 and R10 are contracting.

The choice of the grouping of rules and the order of the application of the groups,
define a transformation strategy. In general, the same transformation strategy can han-
dle all problems of the same dimension, different transformation strategies are needed for
multidimensional problems. bbb

We successfully transform all fast Fourier and other transform and transposition algo-
rithms shown on Table 1 using the above rules for determining the loop structure and high
level assignments.

We generated the radix code, the straight-line code that computes an FFT in the loop
nest by symbolically capturing the assignments and operations of an FFT calculation of
appropriate length using the prime factor FFTs as the base cases. We then exported
the sequence of assignments in the appropriate syntax for FORTRAN, C, Matlab and
FORTRAN-90.
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Using the above technique we are able to generate FFT radices of any size, that is up to
a practical size. It is interesting to note that the code for radix of length 256 has a size of
about 100KB and is almost impossible to be compiled by a compiler with the optimization
options on.

4 Benchmarks

The most well known software to calculate FFTs that is available in the public domain
is the FFTPACK from NETLIB. FFTPACK is a package of Fortran subprograms for the
fast Fourier transform of periodic and other symmetric sequences. It includes complex,
real, sine, cosine, and quarter-wave transforms [15]. Matlab computes the FFT by calling
optimized FFT routines of radix 2.

We run FFT of various sizes on different workstations to compare the performance of
our code with code that has been available in the public domain, as well as proprietary code
like the IBM ESSL FFT. For our tests we only considered double precision complex FFTs
in FORTRAN 77. The FORTRAN compilers achieved much better optimzations than the
FORTRAN 90 and C compilers.

In general, as the results show in Tables 2 and 3, our generated code is faster or at least
as fast as the public domain code from FFTPACK, and much faster than the FFT from
Matlab . However, the automatically generated code performs worse when compared with
the finely tuned FFT from the IBM ESSL. As it can be seen on Table 2 the performance
of the generated FFT code up to size 1024 are comparable or better than the IBM ESSL,
for larger sizes though, when the cache utilization becomes critical (the size of the problem
is too large for the data to fit in the cache), the ESSL FFT outperforms the competition.

Both programming techniques for improving cache use, prefetching and cache line block-
ing are used by IBM to produce highly tuned ESSL routines for each computing platform.
Since the determination of the correct use of the above programming techniques is beyond
the capabilities of current compiler technology, IBM chose to invest an additional effort to
hand tune the code of ESSL routines that are commonly used, like the FFT. That is how
the IBM ESSL routines achieve very close to theoretical peak performance [2].

Automatic code generation allows the production of larger radix codes. We have pro-
duced FFT radices up to size 256 to see the effect of code size to performance. The larger
radix code makes better use of the memory hierarchy, compared to radix 2 algorithms,
because the loop nest is stronger, that is, more operations are performed on data that most
likely are either in registers on in the cache. Also, the use of a larger radix algorithm implies
fewer passes over the data. For example, a radix-2 FFT will perform twice as many passes
over the data of an FFT of length 22t compared to a radix-4 FFT. An advanced compiler
can achieve loop nest strengthening by loop unrolling, a standard loop optimization tech-
nique, however the resulting code is not as efficient because a compiler cannot discover all
the simplifications due to trigonometric identities that are implicitly present in the matrix
factorization.

In our code generation system we have no target hardware specification and thus we
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Table 2: IBM RS6000 benchmarks and comparison with ESSL FFT.

Matlab ESSL

4 2.37e-04 1.20e-05
8 2.34e-04

16 2.51e-04 1.60e-05
32 2.91e-04
64 3.32e-04 5.10e-05

128 4.18e-04
256 5.92e-04 1.58e-04
512 9.72e-04

1024 1.76e-03 7.08e-04
2048 4.05e-03
4096 7.85e-03 5.43e-03
8192 8.14e-02

16384 1.78e-01 2.52e-02
32768 3.79e-01
65536 8.54e-01 1.15e-01

131072 1.80e+00
262144 4.00e+00 4.92e-01
524288 1.23e+01

1048576 2.86e+01 2.24e+00

4 8 16 32 64 128 256

4 1.00e-05
8 1.20e-05

16 2.70e-05 1.50e-05
32 2.30e-05
64 9.10e-05 6.20e-05 4.10e-05

128 8.30e-05
256 3.72e-04 1.93e-04 3.81e-04
512 5.25e-04

1024 1.68e-03 7.94e-04
4096 1.66e-02 1.19e-02 9.58e-03 7.97e-03

16384 8.01e-02 4.88e-02
32768 2.03e-01 1.34e-01
65536 3.40e-01 3.17e-01 5.46e-01

262144 1.79e+00 1.89e+00 1.29e+00
1048576 7.97e+00 8.21e+00
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Table 3: SUN SPARC benchmarks and comparison with FFTPACK.

Matlab FFTPACK

4 7.06e-04 1.73e-04
8 7.11e-04 2.03e-04

16 7.87e-04 2.51e-04
32 1.37e-03 3.67e-04
64 1.05e-03 5.77e-04

128 1.43e-03 1.01e-03
256 2.47e-03 1.91e-03
512 5.55e-03 4.26e-03

1024 1.18e-02 8.47e-03
2048 2.42e-02 1.73e-02
4096 5.09e-02 3.55e-02
8192 1.08e-01 8.24e-02

16384 2.51e-01 1.82e-01
32768 5.80e-01 4.22e-01
65536 1.35e+00 9.28e-01

131072 5.45e+00 2.24e+00
262144 1.46e+01 5.07e+00
524288 3.47e+01 1.09e+01

1048576 7.54e+01 2.04e+01

4 8 16 32 64 128 256

4 1.72e-04
8 1.57e-04

16 2.37e-04 2.19e-04
32 2.56e-04
64 4.91e-04 3.42e-04 4.53e-04

128 1.05e-03
256 1.70e-03 1.24e-03 3.28e-03
512 2.20e-03

1024 7.06e-03 4.83e-03
2048
4096 3.16e-02 2.04e-02 2.38e-02 2.48e-02
8192

16384 1.50e-01 1.85e-01
32768 2.58e-01 1.72e-01
65536 1.14e+00 7.87e-01 1.52e+00

131072
262144 6.61e+00 4.10e+00 4.13e+00
524288

1048576 2.61e+01 1.62e+01
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proceed in the transformation steps without specific optimizations. It is an open question
the proper use of code transformation to achieve prefetching and cache line blocking.

5 Future Work

The current version of the Kronecker product source-to-source compiler translates matrix
expressions into parallel and sequential loops of assignment statements, using term rewriting
rules. We envision a software engineering environment that knows all about FFT and per-
forms code transformations either along some predefined strategies (as in a theorem prover)
or interactive user-assisted searches in the space of program transforms trying to develop
an optimal program for a given computational problem and computer architecture. The
”intelligence” of the system to avoid infinite loops and generate efficient implementations
comes from strategy files that are provided by an expert user. In a strategy file, the term
rewriting rules are grouped in sets and the order of the application of those sets of rules
is defined. Although, the strategy files provide a means to meta-level programming, they
require the expertise of the user, moreover they cannot guarantee that the generated code
will be the optimal for any parallel or sequential computer. Modeling of the performance of
a computing system can provide some clues for the direction of reductions that have to be
followed by the Kronecker compiler, however there is no substitute for benchmarks on the
target architecture. We would like to extend the Kronecker compiler to perform a search in
the space of equivalent code transforms by employing techniques from the field of artificial
intelligence. When the state-space of equivalent transforms is relatively small –as it is the
case with one dimensional fast transform algorithms–, the compiler will perform a dynamic
programming type of search of all states with cost function the actual performance of the
generated code on the target architecture. This will require the automation of running and
collecting the performance measurements. When a larger space has to be searched, like in
the case of multidimensional fast transform algorithms, the compiler will perform an A*
type of search, where the choice of the transformation will be based on a heuristic cost
function and the depth of the search. When a leaf of the search tree is reached and the
actual performance data are collected, the heuristic function will be calibrated accordingly
and all open nodes in the search will be re-evaluated with the updated heuristic.
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