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Abstract

In high-performance systems execution time is of crucial
importance justifying advanced optimization techniques.
Traditionally, optimization is based on static program anal-
ysis. The quality of program optimizations, however, can
be substantially improved by utilizing runtime information.
Probabilistic data-flow frameworks compute the probability
with what data-flow facts may hold at some program point
based on representative profile runs. Advanced optimiza-
tions can use this information in order to produce highly
efficient code. In this paper we introduce a novel opti-
mization technique in the context of High Performance For-
tran (HPF) that is based on probabilistic data-flow infor-
mation. We consider statically undefined attributes which
play an important role for parallelization and compute for
those attributes the probabilities to hold some specific value
during runtime. For the most probable attribute values
highly-optimized, specialized code is generated. In this way
significantly better performance results can be achieved.
The implementation of our optimization is done in the con-
text of VFC, a source-to-source parallelizing compiler for
HPF/F90.

1. Introduction

In high-performance systems execution time is of crucial
importance justifying advanced optimization techniques
like feedback-oriented compilation. Traditionally optimiza-
tion is done statically independent of actual execution runs.
Runtime information, however, can be exploited to gen-
erate highly efficient code. Program runs with represen-
tative input data sets are used to gather profile informa-
�
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tion which is passed to the compiler in a profiling feed-
back loop. The more expensive compile/execute cycle is
acceptable for many developers, if good performance re-
sults can be achieved in this way.

Our approach is based on probabilistic data-flow sys-
tems. Classical data-flow analysis computes whether a data-
flow fact may hold or will not hold at some program point,
weighting all paths equally, irrespectively whether they are
never, heavily, or rarely executed. In contrast probabilistic
data-flow analysis takes profile information into account to
distinguish between frequently and rarely executed paths.
The resulting solution gives us the probabilities with what
data-flow facts may hold true during execution at some
program point. This is achieved by weighting data-flow
facts with edge probabilities during propagation through the
control-flow graph.

In this paper we present an optimization technique based
on probabilistic data-flow information in the context of
High Performance Fortran [7], a data-parallel extension of
Fortran 90 supporting a globally shared address space. The
main task of an HPF compiler on a distributed-memory sys-
tem is (1) distributing the data across the memories of the
processing nodes, (2) arranging parallel execution of state-
ments, and (3) inserting communication whenever some
data located on another processing node is required. The
optimization developed here affects communication as well
as parallelization. Consider an assignment statement of the
form

�������
	������
���������������
inside a loop with loop vari-

able
�
. If the distributions of arrays

�
and

�
as well as the

value of variable
�

are statically defined, the compiler can
generate a highly-optimized, specialized code. However, if
arrays

�
and

�
are dynamically distributed and the value of

variable
�

cannot be determined statically, compilation gets
complicated resulting in potentially inefficient code. Clas-
sical data-flow analysis is inappropriate for handling such
situations efficiently. Probabilistic data-flow analysis, how-
ever, gives us exactly the information that is needed for an



efficient compilation. Specialized code can be generated for
distributions with highest probability resulting in an excel-
lent code size – performance ratio.

The paper is organized as follows. In Section 2 we moti-
vate the idea of our optimization with an illustrating exam-
ple. Basic notions are introduced in Section 3. In Section
4 an overview of probabilistic optimization frameworks is
given. Section 5 presents our optimization algorithm. Im-
plementation and experimental results of our approach for
the HPF/F90 compiler VFC [2, 3] are reported in Section 6.
Related work is surveyed in Section 7 and, finally, we draw
our conclusions and discuss future work in Section 8.

2. Motivation

Consider the HPF code shown in Figure 1(a). Arrays�
and

�
are declared to be dynamically distributed with

the keyword dynamic (line (2)). Whereas for statically
distributed arrays the association of a distribution with an
array remains invariant for the whole lifetime of the array
once it has been established, the distribution of dynamically
distributed arrays may be changed. Such changes of dis-
tributions are shown in Figure 1(a) in the program portion
from line (4) to line (14). Depending on some conditions
different distributions are assigned to arrays

�
and

�
by

executing the HPF directive redistribute. In addition,
variable

�
gets some value assigned on lines (16) to (21).

Finally, the computational loop is shown from line (23) to
line (26).

An highly-optimized compilation of the i-loop (line 24-
26) can be done if the distributions of arrays

�
and

�
are

statically defined. If analysis yields single distributions for
both arrays, the same methods as for statically distributed
arrays can be applied. Otherwise the compiler has two op-
tions (see [15]): A generic code can be generated which
works for any distribution, or specialized versions of the
loop can be generated, one for each possible distribution.
The disadvantage of a generic code is that it is usually less
efficient. Further block-cyclic distributions comprise only
block and cyclic distributions but not indirect distributions.
On the other hand, generating specialized versions of loops
may result in exponential code growth as stressed in [15].
In our case arrays

�
and

�
can be distributed in a block or

cyclic manner which yields four combinations even for that
simple example.

As a consequence, precise analysis is of crucial impor-
tance in order to prevent code explosion and to achieve nev-
ertheless good performance. Classical data-flow analysis
yields for Figure 1 (a) that both arrays can be distributed in
a block or cyclic manner. Unfortunately, this information is
too coarse-grained and cannot be used to restrict the num-
ber of specialized versions. Probabilistic data-flow anal-
ysis, however, gives us the handle to distinguish between

profitable and non-profitable specialized versions. Assume
that a probabilistic framework yields that array

�
and

�

are cyclically distributed with a probability of
�����

or � ��� ,
respectively. Then it makes sense to handle cyclic/cyclic
and cyclic/block distributions for arrays

�
/
�

specifically as
shown in Figure 1 (b). The generic code of line (9) is ap-
plied to all remaining cases which ensures an excellent code
size – performance ratio.

However, an efficient compilation of the i-loop does
not only depend on the distribution of arrays

�
and

�
.

Of course, if arrays
�

and
�

have the same distribution,
the owner-computes-strategy assures that no communica-
tion between both arrays has to be performed. Additionally,
the value of variable

�
is of particular interest. Variable

�

does not only have an impact on communication, but also
on parallelization. If the value of

�
is zero, the loop has a

loop independent anti-dependence relation, otherwise it has
a loop-carried relation. If

�
is greater than zero, it is a loop-

carried anti-dependence relation, and if
�

is less than zero,
it is a loop-carried flow-dependence relation. Without any
information about the value of

�
, the compiler has to deal

with all these situations.
Assume that probabilistic data-flow analysis yields that

variable
�

has value � with � ��� , otherwise the value is
unknown. The value of � allows a very efficient compila-
tion, since no flow-dependence relation exists. Moreover,
if the program is executed on four processors, no commu-
nication is required in case of a cyclic distribution of ar-
ray

�
. The generated code is shown in Figure 1 (b). The

cases
�	��
���
���������
���
��	��� � � and

����
���
��	������
���� ��� � � denoting the
distributions of arrays

�
and

�
and the value of variable

�

are handled specifically. This two cases are selected based
on the results of the probabilistic data-flow system and will
most likely occur at runtime. Otherwise, the less efficient
generic code will be executed, which, however, is only sel-
dom the case limiting in this way substantial adverse per-
formance effects.

3. Preliminaries

Programs are represented by directed flow graphs� 	 �	���������������
, with node set

�
and edge set

� �
�! "�

. Edges #%$ 
'&(�
represent basic blocks

of instructions and model the nondeterministic branching
structure of

�
. Start node

�
and end node

�
are as-

sumed to be free of incoming and outgoing edges, respec-
tively. The set of all immediate predecessors of a node ) is*,+�-�. � ) � 	0/2143 �516� ) �7&8�:9 .

A monotonic data-flow analysis problem is a tuple
DFA

	 �5;<��=<��><�������?�A@ �
, where

;
is a bounded semi-

lattice with meet operation
=

,
>B�4; $ ;

is a monotone
function space associated with

;
,
�C&D;

are the “data-flow
facts” associated with start node

�
, and

@FEC� $ >
is a



(1) real A(N),B(N)
(2) !HPF$ dynamic::A,B
(3) ...
(4) ! assign distributions
(5) if (...) then
(6) !HPF$ redistribute A(cyclic)
(7) if (...) then
(8) !HPF$ redistribute B(cyclic)
(9) else
(10) !HPF$ redistribute B(block)
(11) end if
(12) else
(13) !HPF$ redistribute A(block)
(14) end if
(15) ...
(16) ! assign some value to k
(17) if (...)
(18) k = 4
(19) else
(20) call f(k,l,m)
(21) end if
(22) ...
(23) ! computation
(24) do i=1,N
(25) A(i) = A(i+k) + B(i)
(26) end do

(1) ...
(2) ! code for loop (24)-(26)
(3) if (A=cyclic

�
B=cyclic

�
k=4) then

(4) code for (cyclic,cyclic,4)

(5) else
(6) if (A=cyclic

�
B=block

�
k=4) then

(7) code for (cyclic,block,4)

(8) else

(9) generic code for �����������
	
(10) end if
(11) end if
(12) ...

(a) HPF source code (b) Generated message passing code

Figure 1. Illustrating example.

map from
�

’s edges to data-flow functions.
For bitvector problems the semi-lattice

;
is a powerset���

of finite set 
 . Bi-distributive bitvector problems re-
quire that all functions in function space

>
distribute over

both set union and set intersection.
A probabilistic data-flow analysis(PDFA) problem is a

tuple (DFA,RT) where DFA is a bi-distributive bitvector
problem and RT represents runtime information gained by
profiling. A PDFA framework computes the number of
times a node # is expected to execute, denoted by

� � # ��� � ,
and the number of times fact . holds true at program point
# , denoted by

� � # � . � .

4. Probabilistic Optimization Frameworks

Probabilistic program optimization consists of proba-
bilistic data-flow analysis followed by an optimizing trans-
formation which takes the probabilistic data-flow results
into account. This structure is reflected by probabilistic op-
timization frameworks.

Figure 2 depicts a probabilistic optimization framework
for a compiler with a profiling feedback loop. The profiler

is responsible for producing profile information based on
the execution environment. This information is passed over
to the probabilistic optimizer. Control-flow analysis con-
structs the control-flow graph annotated with edge proba-
bilities. Based on the annotated control-flow graph and on
data-flow equations, probabilistic data-flow analysis com-
putes a probabilistic solution of the data-flow problem. So-
phisticated transformations can utilize that solution for gen-
erating highly efficient code. For changing execution envi-
ronments the target code is adapted by the profiling feed-
back loop.

Ramalingam [12] developed a data-flow framework
which computes the probability of data-flow facts, once ev-
ery edge in the control-flow graph has been annotated with
a probability. In order to get an idea of the accuracy of his
results, we defined in [9] the “best” solution what we can
theoretically obtain and showed that the differences can be
considerable. In fact, there are two reasons which are re-
sponsible for the deviations. On the one hand, a program
path is reduced to edge probabilities. On the other hand,
it is assumed that a particular branch is independent of the
execution history, which is obviously not the case in reality.



probabilistic optimizer

probabilistic DFA
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Figure 2. Probabilistic optimization framework.

While the usage of edge probabilities is indispensable to get
an efficient handle on the problem, there exists a potential
for improvements by taking execution history into account.
In [9] we developed a novel approach which models ex-
ecution history by altering the data-flow equation system
getting in this way significantly better results. As a con-
sequence, optimizations utilizing probabilistic data-flow in-
formation are more effective as well.

5. Probabilistic Compilation of Array Accesses

The goal of our algorithm is twofold. First, it is of
paramount importance to improve performance of the pro-
gram by specializing code. Second, the code size should
be kept as small as possible. Both goals are diametric and
can be controlled by a threshold. By tweaking the threshold
we either improve the performance or we reduce code size
whereas, still, the most likely data distributions are taken
for loop specializations.

Conventional data-flow analysis deduces program infor-
mation in order to determine what facts may or will not hold
during the execution of a program. In contrary probabilis-
tic data-flow analysis frameworks (cf. [9, 12]) take runtime
information into account. By considering runtime informa-
tion PDFA frameworks can compute probabilities of data-
flow facts. To guide our optimization we compute informa-
tion with what probability distributions of dynamically dis-
tributed arrays reach a loop. Based on this information we
can selectively produce code for the most likely occurring
distributions. Other distributions are covered by a generic
version of the loop.

More formally, a dynamically distributed array � &
�

, where
�

is the set of dynamically distributed arrays/ ��� ��������� ��� 9 , has a data distribution � &
	
, where

	
is the

set of distributions
	 	 / � � �������A� ��� 9 . During runtime HPF

redistribution directives may change the distribution of ar-
rays.

To represent possible distributions a bitvector Rd
�5
 � &

���
is associated with each flow graph node



, where


 	 / .�
������� � �������A� .�
��������� 9���������� / .�
������� � ��������� .�
�� ������ 9! "�# $�
and . 
���%����& is the data fact that distribution �(' of distributed
array ��) reaches node



. Each bit position in Rd

� 
 � & � �
corresponds to one distribution of an array and a bit indi-
cates that either the distributionmay reach or does not reach
node



.

We assume also that there are two easily computed (lo-
cal) functions from the set of edges

�
to the power set

of 
 . The first one we call RKill function. The func-
tion RKill

� # $ 
 �
is interpreted as the set of distributions

that are killed in edge # $ 

. Informally, the data fact. 
�� % �� & of distributed array � ) with distribution � ' is in the set

RKill
� # $ 
 �

iff a different distribution � * ( +-,	 �
) is de-

fined for variable ��) in edge # $ 

. The second we call

RDefs function. If distribution ��' of distributed array � ) is
changed within node # $ 


and the distribution of variable��) is not subsequently modified within edge # $ 

, then

data fact . 
��(%���.& is element of RDefs
� # $ 
 �

.
Let for each node



be Rd

�5
 �
the distributions that com-

prises the information whether a distribution of a dynami-
cally distributed array may reach node



or not. The funda-

mental relationship of our reaching distributions problem
that enables us to compute the probabilities of Rd

� 
 �
is

given in Figure 3.

Rd1. Rd
�5� � 	 �/�

Rd2. For each node


,

 ,	"� E

Rd
� 
 �
	 0

1�2 pred 
�3��
��4

Rd
� # �65 RKill

� # $ 
 �879�

RDefs
� # $ 
 � ���

Figure 3. Equations for reaching distributions

Based on equations given in Figure 3, a PDFA frame-



work [9] computes for all program points

6& �

expected
frequencies

� �5
 � . 
�� % ���& �
of data facts and expected frequen-

cies
� �5
 ��� �

of nodes. Both frequencies combined yield
the information with what probability a distribution � ' of
distributed array � ) may reach node



:

� � 
 � . 
��(%��� & � 	
��� 
�3����	��
 %
�� & �� 
�3�� ��� � iff

� �5
 ��� � ,	 �� �
otherwise

�

For each loop in the program the most promising distribu-
tions are specialized. Let LVars

��
�� 	 / � ' � �������A� � '�� 9�� �
be distributed arrays that are accessed inside loop



. The

distributions of a loop are denoted by a vector which is el-
ement of the cross-product of m-times the set of possible
distribution

	
,�� 	�� � 
�� & � �� � � 
�� & � �� ��������� � 
�� & � �� � & 	  	" ����� 	! "�# $�

�

where
1

is the number of accessed arrays in loop


. Under

the assumption that the occurrence of distributions are inde-
pendent of each other, the probability is given as follows,� ��� � 
�� & � �� � � 
�� & � �� ��������� � 
�� & � �� � � 	

� � # � . 
�� & � �� � ��� � � # � . 
�� &�� �� � ����������� � � # � . 
�� & � �� � ���

where # is the loop header of loop


. We define a threshold

�(+ in a range between zero and one. Only those distribu-
tions are taken, that are greater than the threshold to the
power of

1
– the number of accessed arrays inside loop



.

This threshold parameterizes the optimization. A threshold
of zero enables all distributions. In contrary a threshold of
one allows only a generic loop. More formally, the set of
promising distributions is given below

Dist
	�� ��!  �� & 	 � = � � �� �#" �(+ �%$ �

In Figure 4 an algorithm is outlined in order to calculate
the most promising distributions of a loop l. The code of a
loop is replaced by several specialized versions. Note that a
generic version of a loop is always generated that can handle
arbitrary data distributions of the accessed arrays inside the
loop. We specialize the loops according to the computed set
Dist which describes the most likely distributions

�� of the
accessed arrays inside the loops. The code transformation
template in Figure 5 illustrates how distributions Dist

	
/ �� � � �� � ������� 9 are selected and specialized.

Similar to the reaching distribution problem we can em-
ploy our probabilistic data-flow analysis framework to com-
pute probabilities of reaching definitions for scalar vari-
ables. Here, we consider only those definitions which as-
sign a variable a simple constant and which influence data
dependency. The probability formula for reaching distribu-
tions and certain scalar variable values is simply extended

function GetPromisingDistributions(l)
Dist := & ;1

:= LVars(l);
foreach

�� in
	 �

if
� � �� �#" �(+ � then

Dist := Dist
� / �� 9 ;

endif
endfor
return Dist;

endfunction

Figure 4. Get most promising distributions of
a loop




by multiplying the probabilities of the involved variable val-
ues and distributions. Note that the power number of the
threshold must be changed accordingly.

if (( � ' � = � 
 � �� )
= �����

( � ''� = � 
 � �� )) then
insert code for data distributions

�� � of loop l
else

if (( � ' � = � 
 � �� )
= �����

( � '�� = � 
 � �� )) then
insert code for data distributions

�� � of loop l
...
else ! default

insert generic code version of loop l
end if

Figure 5. Code transformation template

6. Implementation and Experimental Results

The compilation platform for our optimization is VFC
[2, 3], a source-to-source parallelizing HPF/F90 compiler.
The probabilistic data-flow analysis approach introduced in
[9] has been implemented. It differs from other approaches
by taking execution history into account. In this way more
precise probabilistic results can be achieved (for any details
cf. [9]).

Probabilistic analysis is based on exploded control flow
graphs introduced in [13] and Markov chains. For solv-
ing the linear algebraic equation system we have chosen
the elimination framework described in [14] which has been
originally developed to solve classical bit-vector problems
on control flow graphs. Especially for our extremely sparse
equation system the elimination framework is well suited.

Based on the probabilistic data-flow framework we re-
alized probabilistic reaching distributions. In HPF the dis-
tribution of an array can be defined in several ways: (1)



with specification directives (ALIGN, DISTRIBUTE), (2)
with executable directives (REALIGN, REDISTRIBUTE),
or (3) as a result of a procedure call. The different syn-
tactical possibilities to specify distributions as well as the
two-level mapping which allows alignments and distribu-
tions to be dynamically modified makes analysis compli-
cated. To get a simple handle on this problem we insert dis-
tribution/mapping assignments [11, 8] in a pre-pass when-
ever a distribution is assigned to an array. Thereafter, anal-
ysis is applied to those distribution/mapping assignments.

Once probabilistic reaching distributions information
has been computed, the algorithm of the subsequent opti-
mizing transformation is rather simple: Whenever the prob-
ability of some distribution is beyond a threshold, special-
ized code is generated for that distribution. Obviously, this
transformation will result in a performance improvement if
specialized code is more efficient than generic code which
is usually the case.

Since the performance improvement can be consider-
ably, above all if data dependency plays a role, we try to
figure out the lower bound for performance improvements
in our experiments. Consider the following code fragment.

HPF code fragment:

if (...) then
!HPF$ redistribute A(block,*)
!HPF$ redistribute B(block,*)
!HPF$ redistribute C(block,*)

...
DO I=1,N

DO J = 1,N
A(I,J) = B(I,J) + C(I,J)

END DO
END DO

If the distribution of arrays
�

,
�

, and
�

cannot be stat-
ically determined, VFC generates code just before the loop
to send/receive potentially non-local data items. As a conse-
quence, global-to-local index conversion has to be applied
to access array elements. However, if the compiler knows
that arrays

�
,
�

, and
�

are distributed in a row-wise man-
ner, the communication phase prior to the loop is omitted
and the data items are accessed directly without global-to-
local index conversion. Figure 6 shows the performance
improvement achieved by the specialized code version. For
the generic code version a row-wise data distribution has
been taken at runtime too. We measured the execution time
of the i-loop for different problem sizes, i.e. not the code
generated prior to the loop. The performance improvement
reaches from � ��� to � ��� and stems from the indexing
overhead introduced by the global-to-local conversion only.

N Performance improvement
128 1.82
256 1.39
512 1.52

1024 1.59

Figure 6. Performance improvement ratio.

7. Related Work

Several approaches have been proposed to improve the
efficiency of a program by utilizing profile information.

Ramalingam [12] presents a generic data-flow frame-
work which computes the probability that a data-flow fact
holds or does not hold for finite bi-distributive subset prob-
lems. The framework is based on the exploded control-
flow graph introduced by Reps, Horwitz, Sagiv [13] and
on Markov chains. However, execution history is not taken
into account.

Alternatively, Ammons and Larus [1] describe an ap-
proach to improve data-flow analysis by identifying and du-
plicating hot paths in the program’s control-flow graph re-
sulting in a so-called hot path graph in which these paths
are isolated. Data-flow analysis applied to a hot path graph
yields more precise data-flow information. The goal of this
approach differs from our work. We improve the precision
of a probabilistic data-flow solution and do not modify a
control-flow graph in order to enable heavily executed code
to be highly optimized.

Finally, Gupta, Berson, and Fang present algorithms to
improve specific optimizations by utilizing profile informa-
tion, namely partial dead code elimination and partial re-
dundancy elimination. In [4] profile information is used to
remove partial dead code along frequently executed paths
at the expense of adding additional instructions along infre-
quently executed ones. Similarly, in [5] profile information
is used to remove partial redundant code along heavily exe-
cuted paths at the expense of introducing additional expres-
sion evaluations along less frequently executed paths.

In [9] we developed an abstract run to compute the
theoretically best solution and showed that the differences
between Ramalingam’s history-independent approach [12]
and the results of the abstract run can be considerably. In the
approach presented in [9] we take execution history into ac-
count by modifying the equation system presented in [12].

In [10] we developed a novel procedure cloning algo-
rithm which was motivated by a Fortran 90 problem that
can cause serious performance losses. While in Fortran
77 the principal mechanism of passing array arguments is
call-by-reference, in Fortran 90 a copy-in/copy-out argu-
ment transfer strategy may have to be adopted. An actual
argument which is stored in a non-contiguous memory area



and which is passed to a contiguous dummy array has to be
copied in a contiguous temporary array on entry of a proce-
dure and copied out at procedure exit. In order to avoid a
copy-in/copy-out argument transfer, procedure cloning can
be applied. However, a main problem of procedure cloning
is the possibility of code explosion, which can be in the
worst case exponential [6]. We tackle this problem by using
the results of a probabilistic data-flow system. Based on the
solution of a probabilistic data-flow analysis problem the
probability of an actual argument to be contiguous or not is
calculated and a ranking of potential procedure signatures
is determined at a call-site.

8. Conclusion and Future Work

We presented a novel optimization technique which min-
imizes the communication effort and supports paralleliza-
tion by specializing code sections. A key issue in restrict-
ing program growth is the distinction between profitable
and non-profitable specializations. This distinction is done
based on probabilistic data-flow information. Specializa-
tions are generated only for program configurations which
are beyond some threshold. The parameterizable threshold
controls program growth. For a given threshold the most
profitable specializations are created resulting in an excel-
lent performance – code size ratio.

Probabilistic data-flow frameworks set forth new direc-
tions in the field of optimization and we expect that there ex-
ists a broad range of applications. Currently, we are work-
ing on the one hand on probabilistic data-flow analysis to
improve the probabilistic results further. On the other hand,
we are investigating optimizing transformations which are
based on probabilistic data-flow information.
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