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Abstract

A current limitation of compilers for shared mem-
ory parallel languages is their restricted use of tradi-
tional code-improving transformations, such as con-
stant propagation and dead code elimination. A ma-
jor problem lies in the lack of data flow analysis tech-
niques for programs with user-specified parallelism. In
this paper, we demonstrate how data flow analysis re-
mains quite viable in a compiler for shared memory
parallel programs in a structured distributed shared
memory environment, in which a shared space of tu-
ples is accessed by properly synchronized methods. We
demonstrate standard intraprocess data flow analysis
performed in the midst of tuplespace communication
statements, and present improvements to the precision
of the analysis in the presence of these statements.
We present a data flow system to compute reaching
definitions across process boundaries, and a technique
to improve the precision of this interprocess analysis.
Lastly, some transformations enabled by this analysis
are presented.

1 Introduction

Distributed memory multiprocessors and networks
of workstations offer scalability for large parallel ap-
plications. The programmer has several options in
programming these systems to exploit the available
parallelism: message passing, or the use of a paral-
lelizing compiler targeting distributed shared mem-
ory, or user-specified shared memory parallelism via
a parallel language. Because writing efficient message
passing programs is difficult, error-prone, and tedious,
the distributed shared memory paradigm is receiving
increased attention. The shared memory abstraction
provides an easier transition from a sequential to a
correct parallel program. While a shared memory,
parallelizing compiler provides the applications pro-
grammer with an easy avenue to parallelization, pro-
gramming languages that allow the user to explicitly

specify parallel constructs are becoming more preva-
lent. Sometimes, it is impossible to express a parallel
algorithm using a sequential language, even with par-
allelization directives.

Regardless of whether the global shared address
space is implemented in hardware or software, com-
pilers for shared memory parallel languages target-
ing a physically distributed memory architecture per-
form sophisticated analysis and transformation to ef-
fectively exploit parallelism and deal with communi-
cation between the physically distributed memories.
However, current compilers for parallel programs with
user-specified parallelism either do not perform tradi-
tional data flow analysis to enable classic scalar op-
timizations, or restrict the scope to specific sequen-
tial segments, enabling little to no scalar optimization
across parallel constructs. Meanwhile, data flow anal-
ysis and scalar optimization have played a key role
in ambitious optimizing and parallelizing compilers.
A global or interprocedural analysis of the program
to collect information about variable uses and defini-
tions, and expressions, enables subsequent, determina-
tion of the safety of code-improving transformations
such as constant propagation, dead code elimination,
common subexpression elimination, and loop invari-
ant code motion. While data flow analysis frameworks
have been developed for behavior analysis of parallel
programs with the goal of detecting synchronization
errors and data usage errors, little work has focused
on data flow analysis to enable traditional scalar op-
timizations.

Previous investigations into data flow analysis of
parallel programs[17, 15, 20], transformation of a par-
allel program into Static Single Assignment (SSA)
form[31], and data dependence tests for guarantee-
ing the legality of parallelizing transformations[23,
24] all focused on shared memory parallel programs
with lexically-specified parallel constructs, such as



cobegin/coend or parallel sections. These stud-
ies demonstrated how the memory consistency model
of the parallel programming language has a large effect
on the complexity of the data flow equations and de-
pendence testing. They also indicated that with any
of the memory consistency models, the analysis for
optimization of this style of shared memory parallel
programs involves considerable rethinking and modi-
fication of the sequential analysis techniques.

In this paper, we describe our work in developing
data flow analysis systems within a structured dis-
tributed shared memory paradigm that uses genera-
tive communication[13]. The generative communica-
tion paradigm of parallel programming offers the sim-
plicity of shared memory parallel programming and
only a small number of primitives for coordination,
while also providing flexibility, power, and the poten-
tial to scale like message passing. Rather than sharing
variables, processes share a data space. Messages are
not sent from one process to another, but rather are
placed in the shared data space for other processes
to access. The data placed into the shared space are
termed tuples and thus the shared space is called tu-
plespace. Tuplespace is an associative memory mean-
ing that tuples do not have addresses but rather are
referenced by their content. The actual implementa-
tion of the parallel program on the target architecture
is hidden from the programmer, and the architecture
can be any number of platforms ranging from shared
or distributed memory to networks of workstations.

Compile-time analysis has been developed to struc-
ture tuplespace to significantly reduce the associa-
tive search cost [4], and run-time strategies have
been developed to counteract observed communication
inefficiencies[1]. Compile-time methods targeting tu-
plespace communication improvements have also been
developed [3, 12, 19]. Indeed, it has been demon-
strated that distributed tuplespace implementations
can be efficient [8, 22], and these performance stud-
ies have analyzed a wide variety of real applications
encompassing a large scope of parallel algorithm clas-
sifications.

Our implementation of the generative communi-
cation model is an implementation of Lindal! tu-
plespace, the best known implementation of the gen-
erative communication model. We have built a Linda
optimizing compiler based on the SUIF compiler
infrastructure[32], and a distributed tuplespace run-
time system[11]. The runtime system executes on a
network of SUN workstations. We have been devel-

ILinda is a registered trademark of Scientific Computing As-
sociates, New Haven, Conn.

oping and implementing analysis and code-improving
transformations directed toward communication im-
provements of tuplespace on a network of worksta-
tions. Our experiences in developing this optimizing
compiler have uncovered situations where classic code-
improving transformations such as constant propaga-
tion and folding, common subexpression elimination,
and dead code removal would not only increase the
efficiency of individual computational processes, but
also increase the opportunities for communication op-
timization.

This paper describes the results of our efforts
to incorporate data flow analysis and classic code-
improving transformations into our Linda optimizing
compiler. We specifically address the following ques-
tions: (1) How do parallel constructs in this paradigm
affect the standard data flow analyses? (2) How do the
issues of applying data flow analysis in this paradigm
differ from the shared memory parallel programming
model studied by others? (3) Is a new framework re-
quired, or can the traditional data flow analysis frame-
work be used, with or without modification, and still
guarantee legality of optimizing transformations? (4)
Can the precision of the analysis be improved? (5)
Can data flow between processes be analyzed at com-
pile time in a practical manner?

After providing pertinent background on the gen-
erative communication model, we discuss our findings
for data flow analysis within separate processes in iso-
lation. We present a new data flow framework that
enables characterization of the data flow between par-
allel processes, and describe how to improve the pre-
cision of this information. We describe the framework
in the context of reaching definitions. The paper con-
cludes with some example transformations that utilize
the gathered data flow information and a discussion of
related work.

2 Tuplespace

player1i() { player2() {

main() {
int play; int play;
EVAL(player1());
RD("play",?play); RD("play",?play);
EVAL(player2()); . .
while(play--){ while(play--){
ouT("play",100); A
. IN("ping"); IN("pong") ;
outT("ping");
ouT("pong"); ouT("ping");
IN("done");
n n . } }
IN("done");
ouT("done"); ouT("done");
) ) )

Figure 1: Example tuplespace ping pong program

Tuplespace is the shared data space central to



the generative communication parallel programming
model, most notably embodied by Linda. This model
makes no assumptions regarding the underlying ar-
chitecture, and has been implemented on shared and
distributed memory machines. Tuplespace is distinct
from processor local memory (if any) and equally ac-
cessible by any processor. A tuple is an ordered col-
lection of typed fields which are either data objects or
place holders. The field types are dependent on the
underlying sequential language. The tuplespace oper-
ations are atomic and provide process creation, inter-
process communication, and process synchronization.
The tuples in tuplespace are manipulated by the op-
erations: OUT, EVAL, IN, RD, INP, RDP.

Tuplespace contains data tuples inserted by ouUT
operations and process tuples inserted by EVAL opera-
tions. When a process tuple completes its processing,
it quiesces to a data tuple. These generation opera-
tions are non-blocking. Data tuples are removed from
tuplespace by the IN operation. Values of fields in the
data tuple are copied into the address space of the
process issuing the IN operation, wherever the IN in-
dicates a formal field with a ’?’ syntax. A field that
is not formal is termed actual. The IN primitive is a
blocking operation. The RD operation is another syn-
chronous receive which acts like the IN, only it does not
remove the tuple from tuplespace. If a matching tuple
is not present in tuplespace, the process issuing an IN
or RD operation blocks until a match is inserted into
tuplespace. The INP and RDP operations are predi-
cate versions of their counterparts. They do not block
when a matching tuple is not present in tuplespace
but rather return a false value. New processes are cre-
ated to evaluate the fields of an EVAL operation. In
response to the high cost of process creation, many
Linda implementations only create processes for the
function-valued fields of an EVAL. This is how the
programmer explicitly creates parallelism.

Figure 1 shows an example tuplespace program.
The main process creates two player processes, and
deposits two tuples into tuplespace. The player pro-
cesses both use a formal field in the RD operation to
find out how many times to play.

3 Program Representation

The ultimate goal of our research is compile-time
analysis to identify opportunities for tuplespace com-
munication optimizations [12, 10]. For these analy-
ses, a high level representation of the parallel pro-
gram is the most appropriate. Specifically, we need all
the information available in the tuplespace operations.
Unfortunately, most tuplespace programming systems
lose this high level information in much the same way

as high level array access information is lost in low
level intermediate representations. The tuplespace op-
eration information is lost because typically these op-
erations are mapped to calls to a message passing li-
brary. To retain the necessary high level information,
we perform our analyses on a high level intermediate
program representation. All the standard data flow
analyses remain feasible, and now tuplespace commu-
nication analysis is also effectively supported.

In particular, we have extended the high level repre-
sentation developed for the SUIF shared memory par-
allelizing compiler[32] to serve as our high level repre-
sentation. The SUIF system provides parsing modules
for C and Fortran, which we have modified to support
the additional syntax for tuplespace operations. Each
tuplespace operation outwardly appears like a proce-
dure call, but is further annotated with high-level in-
formation, including its tuplespace partition,? an in-
dication of whether each field is formal or actual, and
other useful information. Processes are identified by
examining the EVAL tuplespace operations, which con-
tain the name of the procedure that will be executed
in parallel. The definitions of the named procedures
are annotated to indicate that they are process entry
points.

Tuplespace communications are modeled by con-
structing directed edges from tuplespace generation
operations (OUT, EVAL) to extraction operations (IN,
RD, INP, RDP). Naive communication edge construc-
tion would result in a complete bipartite graph with
edges from each generation operation to each extrac-
tion operation. However, implementing Carriero’s tu-
plespace partitioning improvement [4] allows the elim-
ination of many of these naive edges by restricting
communication to occur only within each disjoint tu-
plespace partition.

The entire program can be viewed as a forest of
process intermediate representations, where each pro-
cess is a collection of procedures. The communica-
tion edges connecting these process representations
form our Linda intermediate representation. Cur-
rently, procedures that are used in more than one
process are cloned to simplify interprocedural analysis
within processes, but only one representation of each
procedure is maintained for each process regardless of
the number of invocations of the procedure by that
process. Similarly, only one process representation is
maintained regardless of how many instantiations of
the process are made at runtime.

2Carriero [4] made the associative memory of tuplespace ef-
ficient by partitioning a program’s tuplespace operations into
disjoint sets thus reducing the associative search to only a sin-
gle partition, rather than all of tuplespace.
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Figure 2: Example program representation

There are a number of interprocedural representa-
tions described in the literature [2, 9, 18, 27]. The cur-
rent, version of our compiler builds an interprocedural
flow graph similar to [9]. Each procedure is repre-
sented in the form of the SUIF IR, and it is not neces-
sary to have all procedure representations in memory
at once. Interprocedural execution paths are not ex-
plicitly represented by edges in the IR, and similarly
there are no edges from process invocation sites to
process entry points.

Figure 2 depicts an example program representa-
tion of a program with two processes that are con-
nected by tuplespace edges. In this example there
is only one tuplespace partition, so each OUT is con-
nected to every IN operation.

4 Intraprocess Data Flow Analysis
The basic abstraction of global shared memory is a
programming environment in which each process can
access any data item, without the programmer hav-
ing to worry about where the data is located, or how
to obtain its value. All processes have access to the
same address space, and different processes can ac-
cess, and more importantly write to, the same global
address. This is the heart of the problem in statically
characterizing the data flow in shared memory parallel
programs[23]. Intuitively, a read should always return
the last value written to a given variable. In order to
determine the data flow through a single process, you
need to know something about the possible write’s (in
both this process and other processes) to the shared

variables used in this process.

In contrast, tuplespace processes share a logically
global data space, but address spaces of the tuplespace
processes are distinct. While the tuplespace model
requires an extra level of copying (involving network
access for distributed memory tuplespace implementa-
tions), it does simplify analysis. Intuitively, a memory
location in one process can not be accessed by another
process. Therefore, only the actions of process i itself
need to be examined in order to analyze how defini-
tions and uses of variables accessible to process i flow
within process 1.

Consider the following situation. In order to in-
crement the value of a “global” variable, represented
by the tuple ("x", 3) in tuplespace, an IN("x",?x)
operation takes the old tuple out of tuplespace, and
a succeeding 0UT("x",x+1) inserts the new tuple
("x", 4) into tuplespace, leaving only one tuple with
the new incremented value in tuplespace as desired.
The important observation is that variable x is a local
variable of this process. If another process performs
the same actions, it will get the current tuple that
matches ("x",7x), but it will store its value in its lo-
cal variable x. Now, both processes have some value
for their local variable x.

Thus, while the concept of “last value written” is
not well defined in other shared memory systems, it
can be conservatively determined for the local vari-
ables of tuplespace processes by analyzing only the
process in which the variable is declared. As such, it
is not difficult to understand that standard data flow
analysis within a process remains feasible in the con-
text of tuplespace parallel programming,.

We now examine whether the precision of the col-
lected data flow information is compromised in any
way by the tuplespace operations, and if so, whether
it is possible to improve the precision. The answer, it
turns out, is Yes to both queries.

As mentioned earlier, most Linda compilers map
the tuplespace operation into a procedure call of the
native language. The fields of the tuplespace opera-
tion are similarly handled as parameters to a proce-
dure. For example, the C-Linda program statement
IN("num", ?num) would be mapped into something
resembling the following native C program statement
_10_279sXb(&(num)), which is a call to a runtime
library function that implements this IN operation.
Code is not generated for the string constant because
the partitioning phase of the Linda compiler removes
fields that are constant in all operations of a partition.

Thus, the procedure call __10_279sXb (& (num)) is
passed to a standard global data flow analysis. More-



over, the compiler does not consistently select the
same procedure name as its mapping target. Indeed,
a second compilation of the same C-Linda IN opera-
tion yielded a call to __1o_GwjMCb. Conservative data
flow analysis of this C procedure call treats num as be-
ing ambiguously defined by this statement, meaning
analysis cannot be certain of whether the variable is
defined within the called procedure. Interprocedural
analysis will not help because the body of the function
_10_279sXb is not available for analysis.

However, the semantics of the original tuplespace
operation clearly indicate that this definition is in fact
unambiguous. We know that this IN operation will not
return until it finds a matching tuple, and there will be
some value of the same type as num in the second field,
which will be assigned to the local variable num. In lan-
guages that use a pass-by-reference parameter mech-
anism (like Fortran), the same type of imprecision is
present. Additionally, in pass-by-reference parameter
passing, actual (non-formal) fields of tuplespace oper-
ations, which semantically are not definitions at all,
are conservatively handled as ambiguous definitions.
Ambiguous definitions affect the size of the GEN and
KILL sets in such heavily-used data flow problems as
reaching definitions and available expressions.

The precision of the standard data flow analyses for
tuplespace programs can be improved by maintaining
and using the high level information of tuplespace op-
erations. In particular, a straightforward modification
of the computation of GEN and KILL examines the
statement to determine whether it is a tuplespace op-
eration. If so, then formal fields become unambiguous
definitions of the associated variable, and actual fields
are not considered to be definitions at all. Both the
intraprocedural and interprocedural analysis remain
unchanged, except the changes in the GEN and KILL
sets for tuplespace operations.

In terms of the reaching definitions data flow prob-
lem, for example, using this high-level semantic in-
formation can result in a reduction in the size of the
set of propagated definitions. Propagated definitions
can now be killed by the definitions of formal fields
of tuplespace operations, whereas these formal fields
would not be included in the KILL set when treated
as ambiguous definitions. Recognizing that the actual
fields of tuplespace operations are not definitions, but
in fact uses of variables, aids in more precise avail-
able expressions sets as available expressions are not
killed by these actual fields. This can lead to more
opportunities for common subexpression elimination.

5 Interprocess Data Flow Analysis

This section leaves the confines of performing data
flow analysis on a single process. We present data flow
equations to compute reaching definitions information
for all the processes of a Linda parallel program. We
show how to improve the precision of the interprocess
analysis by identifying unrealizable tuplespace edges;
that is, communications that can not occur at runtime.

In a sequential program, a definition of a variable is
said to reach a program point p if there is a definition-
free path in the control flow graph from that definition
to p. Tuplespace programs typically consist of multi-
ple processes with each process being a single proce-
dure or encompassing multiple procedures. Since our
analysis focuses on the handling of tuplespace opera-
tions, the analysis can be performed within an inter-
procedural setting, using well-known interprocedural
analysis methods as the basis. For ease in presenta-
tion, we assume here that each process consists of a
single procedure. Since variable names can be re-used
in different processes as distinct variables, we make
an assumption often utilized by interprocedural anal-
ysis that re-used names are changed to be distinct and
that the process in which the name is used is recover-
able from the name. Let V be the set of all variable
names in the program. A definition is then two pieces
of information, the name (and hence the process) and
the statement in that process defining the name. We
subscript the statement number to the name as our
notation (e.g., v2). The set of all definitions in the
parallel program is denoted as D*.

The data flow information sets GEN, KILL,IN,
and OUT for a given basic block are generally viewed
as single sets containing individual definitions of var-
ious variables in the program. For data flow through
tuplespace, it becomes convenient to have each of
these sets be segmented such that there is a separate
set of definitions for each variable. For example, for
a statement S in a process with two variables z and
y, IN[S] = IN,[S] + IN,[S]. The union of two sets
is defined to be the union of each of the correspond-
ing variable segments (i.e., OUT[S]JUOUT[T] = Vv €
V,0UT,[S]UOUT,[T]). A statement S must also in-
dicate its process and statement number. To denote
statements, we use a three-tuple notation, S;:, where ¢
indicates the process and j the statement within that
process.

5.1 Reaching Definitions

To characterize reaching definitions through tu-
plespace, we must consider three aspects: the direc-
tion of propagation of information, the transfer func-
tions which characterize how information propagates
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Figure 3: Equations for reaching definitions

through a node (i.e., statement), and the confluence
operator which characterizes how information is han-
dled at points in the program where paths are joining
together. The reaching definitions problem is known
to be a forward problem with union as the confluence
operator; therefore, we define TS_RDEF = (L,U, F)
as a data flow system for computing reaching defini-
tions across tuplespace process boundaries. The lat-
tice £ is defined to be the power set of the set of
definitions, D*. The confluence, or meet, operator is
segmented set union as described above and is applied
to the control flow edges in the Linda intermediate
representation. The relation < defined over elements
of L is reverse set inclusion (i.e., z <y =y C x).

The function space F consists of functions that
model the transfer equations described here. For
statements that are not tuplespace operations, the
data flow equations behave identically to those of stan-
dard reaching definitions as there are no incoming
tuplespace communication edges. The transfer equa-
tions for the INP and OUT tuplespace operations are
shown in Figure 3. The equations of IN are the same as
for INpP without the effect for the assignment to x. The
equations for RD and RDP follow the IN and INP, re-
spectively. For compactness, figure 3 shows tuplespace
operations with one actual and one formal field, but
the equations hold for operations with multiple actual
and/or formal fields (e.g., IN(a,b,?x,7y)).

We define a new variable-segmented set BIND to
account for definitions mapping from one process con-
text to another. Computation of BIND utilizes a
mapping function similar to the b, and back—bindc,

functions utilized by the interprocedural data flow in
[7] and [25] respectively. Our b, function takes a node
representing a tuplespace communication and the po-
sition of the formal field and returns a set of defini-
tions that is the union of the variable-segments for
the associated field of all predecessor communication
nodes (i.e., be(n, f) = JOUT,[m] for each node m
such that m — n is a tuplespace communication edge,
and fieldnum(v) = f). If there are no tuplespace
communication edges entering a node n, then each
variable-segment of the BIN D for n is the empty set
(i.e., Yv € V,BIND(n,v) = 0).

The GEN data flow set contains definitions gener-
ated in the usual reaching definitions sense. In partic-
ular, definitions “generated” by formal fields in tu-
plespace operations are mot included in the GEN.
This is due to the fact that the GEN set is precom-
puted and remains constant throughout the data flow
computation. In contrast, definitions from other pro-
cesses “reaching” a tuplespace extraction operation
may have to be propagated within their own process
to reach the corresponding tuplespace generation op-
eration. The KTLL set reflects the semantics of for-
mal fields in the tuplespace operations. Specifically,
formals in IN,RD,INP and RDP operations define vari-
ables; moreover, these definitions are unambiguous.
Therefore, all definitions of that variable in the pro-
cess are killed at the point of the tuplespace operation.
This is why the formal field variable-segment of KILL
includes all the program definitions. The correct def-
initions coming from the tuplespace communication
edge will be included by the effect of the BIND set.



The IN set is the same as in traditional reaching
definitions. Intuitively, definitions still reach state-
ments in the usual way, that is, they are said to
reach a statement if they reach any of its control
predecessor statements, represented by the union of
definitions leaving all control predecessor statements.
BIND isolates definitions from the communication
edges. The OUT set is defined to be OUT[n] =
GEN[n]U(IN[n] — KILL[n]) U BINDIn]. For those
variables that are not in a formal field, the OUT set
is computed in the usual way because the variable-
segment of BIND for these variables is the empty
set. However, a formal field variable of an extraction
operation (IN, INP, RD, RDP) will have a non-empty
variable-segment in its BIND set (and its KILL set
will be D*). This allows only those definitions “being
passed by” the formal’s corresponding field in a match-
ing tuplespace generation operation (OUT, EVAL) to
propagate. Because of the way tuplespace operations
are connected by communication edges, this will result
in a safe overestimation of the set of reaching defini-
tions as definitions are propagated even if the commu-
nication edge is not realized during program execu-
tion, similar to definitions propagating along control
flow edges that may not execute.

Modeling the resultant tuple of an EVAL operation
proves more difficult as the communication edge re-
lates the EVAL to a tuplespace extraction operation,
but the definition of a formal field may be the return
value of an invoked process which is not connected to
the extraction operation. However, the formal field
is #mplicitly connected to the spawned process since
this process is named in the EVAL operation. The
SUIF system makes obtaining the data flow informa-
tion from this implicit connection straightforward.

To compute the reaching definitions using these
equations, the standard O(N?) algorithm is run to
iterate over the program nodes, N, until a fixed point
is reached. In [10], TS_RDEF is shown to be a mono-
tone data flow system.

5.2 Tuplespace Edge Elimination

More precise interprocess data flow information is
possible if the number of tuplespace edges connecting
tuplespace generation operations (OUT, EVAL) to ex-
traction operations (IN, INP, RD, RDP) can be reduced.
This reduction can be achieved by propagating control
flow information. In the example in Figure 2, consider
the edge connecting the OUT operation in statement
S¢ of process 1 to the IN operation in statement Si
also in process 1. Notice that it is not possible to
execute statement S; again if statement S; is being
executed. That is, there is no control flow path from

S¢ to S}i. Since it is not possible for a tuple gener-
ated by the oUT operation in S} to be consumed by
the IN operation in S}, the tuplespace edge connect-
ing these two statements can be removed. Removing
the tuplespace edge reduces the set of definitions that
reach S} making the data flow analysis more precise.

This notion of eliminating tuplespace edges can
be generalized to include eliminating edges in which
the source and sink are not both in the same pro-
cess. In this more general case, we need to char-
acterize the set of IN, INP, RD and RDP operations
that are not reachable from a given point in a pro-
cess. We define NREACH (n) as the set of tuplespace
extraction operations that node n cannot reach, and
n ¢ NREACH (n). An edge can be eliminated with-
out hurting the conservativeness of the interprocess
data flow analysis if the sink of a tuplespace edge (e.g.,
the IN operation) is in the NREACH set of the source
(e.g., the ouT).

Figure 4 presents an algorithm for edge elimina-
tion by computing and using NREACH information.
The algorithm is based on a reachability problem de-
scribed in [30]. Initialization consists of setting the

algorithm edgeElimination(G)

/* INPUT: G - a forest of control flow graphs,
representing the processes and augmented with TS
edges (O — I) connecting generation operations to
corresponding eztraction operations as determined
by partitioning

*/
Initialize NREACH sets of tuplespace operations
Worklist initialized to {O — I : O — I is a tuplespace edge}

while (Worklist # 0) {
remove O — I from Worklist
if (I e NREACH(O))
remove O — I from G

NREACH(I)= (| NREACH(O')
o' —1I

for each O' € REACH(I) {
NEW = NREACH(O') U NREACH(I)
if (NEW # NREACH(0') {
NREACH(O') = NEW
for all edges O’ — I’
Worklist = Worklist U O' — I’
}

}

end algorithm

Figure 4: Tuplespace Edge Elimination Algorithm

NREACH set to 0 for all tuplespace extraction opera-



tions. Tuplespace generation operations are initialized
by the equation NREACH(g) = U — REACH (g),
where g is a tuplespace generation operation (i.e.,
ouT, EVAL), U is the set of all tuplespace extraction
operations in the same process as g, and REACH (g)
is the standard reachability data flow information for
this process. The worklist is initialized to contain all
the tuplespace edges, which are subsequently taken off
the worklist and processed. A tuplespace edge is re-
moved from the graph if its sink is contained in the
NREACH set of its source; that is, the IN operation
can not obtain a tuple generated by the oUT oper-
ation. The NREACH set for the sink is then re-
computed to be the intersection of all the NREACH
sets of OUT operations remaining connected to this IN
by tuplespace edges. Then this information is prop-
agated within the sink’s process to all the reachable
tuplespace generation operations. If this propagation
changes the NREACH information for one of these
ouUT operations, all edges for which this ouT is a
source are added to the worklist in order to propagate
the new NREACH information. The edge elimina-
tion algorithm executes in O(Ers) time (Erps is the
number of tuplespace communication edges).

Processes are initiated by the EVAL tuplespace oper-
ation, which is frequently contained in a loop to create
distinct “slave” processes that utilize the same pro-
gram text. This introduces a problem in the edge
elimination algorithm. Consider again the example
graph in Figure 2. Suppose that process 1 is created
by an EVAL tuplespace operation that occurs in a loop.
Therefore, the control flow graph shown for process 1
would also be representing the control flow graph for
another process, say process 3. Now the tuplespace
edge S¢ — S} in the figure cannot be eliminated be-
cause it is possible for the ouT of the new process 3
to satisfy the IN of process 1. There are a couple of
ways to construct the intermediate representation so
that the algorithm still works. If the EVAL loop, which
creates multiple processes from a single process defini-
tion, has statically known bounds that are not unrea-
sonably high, then the process definition can be repli-
cated that number of times. This idea of procedure
cloning has proven beneficial in interprocedural com-
piler analysis [6]. If the bounds of the EVAL loop are
not known at compile time or are unreasonably high
for cloning, then we can apply a technique used in rep-
resenting recursive data structures [26]. The idea is to
clone a “summary” process definition that is treated
differently because it is representing more than one
process. The edge elimination algorithm requires a
slight modification to ensure that an edge in which

the source or sink resides in a “summary CFG” is not
removed.

6 Some Enabled Transformations

In a standard optimizing compiler, reaching defini-
tions information is utilized by many common trans-
formations. Here, we show how constant folding lends
itself nicely to communicating processes. Moreover,
the constant folding transformation need not be mod-
ified, since the parallel aspect of the transformation
is already characterized by our interprocess reaching
definitions information. In addition, a more precise
solution for propagating constants can be computed
through a straightforward modification of the inter-
process reaching definitions data flow analysis pre-
sented in the previous section. The following example
demonstrates how propagating constants through tu-
plespace processes can enable further sequential trans-
formations.

PROCESS 1
oUT("num workers", 16);
ouT("data size", 1024);

PROCESS 2
RD("num workers", 7 W);
RD("data size", ? N);
for(i=0; i < Nj i++)
{ /* body of loop 1 ¥/ }
for(i=0; i < N; i+=W)
{ /* body of loop 2 */ }
In the first loop, loop unrolling and other loop trans-
formations may be beneficial if interprocess constant
propagation can make the value of NV known to stan-
dard analyses of process 2. Assuming the second
loop were performing a type of cyclic array access,
sequential loop transformations for improving the use
of cache may be enabled for such array accesses if the
stride is known.

However, an equally interesting possibility lies in
how the tuplespace operations themselves may be im-
proved by constant folding. Because the tuplespace
partitioning makes use of constant values, it is possible
for the propagation of constants to subdivide a parti-
tion, possibly reducing the runtime associative search
cost. The partitioning information also allows the tu-
plespace partitions to be implemented with efficient
data structures. The increase in available information
due to constant propagation may be able to change
the classification of a partition allowing the use of a
more efficient data structure. For example, consider
the following operations.

PROCESS 1

ouT("descrip", 0, descrip[0]);
ouT("descrip”, 1, descrip[1]);

PROCESS 2
RD("descrip", i, ? my._descrip);

PROCESS 3
RD("descrip", j, ? my._descrip);



The initial partitioning would place all four of these
Linda operations into the same tuplespace partition.
The partition would be implemented with a hash table
in which buckets would be distributed and the hash
key would be the second field of the operations. If
constant propagation discovered that the variable ¢
in the operation of process 2 could be replaced by 0,
and that j in process 3 could be replaced by 1, then
the tuplespace partition itself could be improved. The
first operation of process 1 and the process 2 opera-
tion could be subdivided from the second operation
of process 1 and the process 3 operation. Addition-
ally, each of the two smaller (sub)partitions could be
implemented using a queue rather than a hash table,
which reduces runtime processing of the operations.

7 Related Work

On the surface, interprocedural data flow analysis
of sequential programs appears to be related to in-
terprocess data flow analysis of parallel programs, in
addition to its need to analyze data flow among proce-
dures of a single process. There have been significant
advances in exhaustive interprocedural analysis frame-
works [28, 29, 27], non-exhaustive, demand-driven
analyses [9], and interprocedural data flow analysis for
specific problems [2, 14, 18]. We have seen that this
body of interprocedural data flow techniques can be
utilized for analyses within each tuplespace process.

Unfortunately, the differences between data flow
between procedures and data flow across tuplespace
processes appear to be too great to allow straightfor-
ward extension/modification of interprocedural tech-
niques for inter-process analysis. Foremost of the dif-
ferences is the notion of wvalid execution paths, or re-
alizable paths. To obtain precise interprocedural data
flow information, an analysis must only consider paths
from procedure returns to the call site of the most re-
cent call. However, tuplespace processes have no flow-
of-control return to their creator; the processes simply
cease to exist. A tuplespace process receives informa-
tion from its creator only through formal parameters
Data flow information can propagate along interpro-
cess tuplespace communication edges in addition to
intraprocess control flow edges.

There has also been work on analyzing user-
specified, shared memory parallelism expressed lexi-
cally, such as with cobegin/coend statements. Mid-
kiff and Padua illustrated the problems of apply-
ing classic automatic parallelizing analysis to paral-
lel shared memory programs [23]. A number of con-
ventional parallelism and data flow techniques have
been augmented to accomodate this style of paral-
lelism [24, 5, 15]. More recently, Knoop, et.al.[17]

show an implementable method of solving unidirec-
tional bitvector problems that are as efficient as the
sequential methods. These problems cover a broad
range of common and useful analyses including reach-
ing definitions, availability, and liveness, as well as
powerful optimizations like code motion and partial
dead code elimination [16]. Moreover, their technique
is shown to be optimal. However, the shared datas-
pace model of tuplespace is sufficiently different from
the shared memory model because there are no shared
“locations.”

In their non-concurrency analysis of parallel pro-
grams, Masticola and Ryder use a sync graph con-
sisting of control flow and synchronization edges, and
realize that elimination of synchronization edges im-
proves analysis [21]. Because tuplespace is an interme-
diary between process communication statements (i.e.,
every OUT and IN causes communication through
tuplespace), it is not necessarily true that the end-
points of a realizable tuplespace edge are concurrent.
Thus, their framework is unsuitable for eliminating
tuplespace edges; it may incorrectly remove commu-
nication edges that are possible.

The problem of monitoring distributed programs
shares many of the difficulties of optimizing for the tu-
plespace model. In particular, Spezialetti and Gupta
[30] developed compile-time analysis that establishes
relationships between the SEND and RECEIVE commu-
nication statements of a distributed program in order
to determine the program points at which monitor-
ing instrumentation must be inserted. The analysis
results are used to eliminate unnecessary instrumen-
tation.

8 Conclusions and Future Work

The primary contribution of this paper is demon-
strating the viability of existing intraprocess data flow
analysis within the tuplespace parallel programming
environment, and developing a technique for interpro-
cess data flow analysis through tuplespace. Our expe-
riences contrast that of others examining the problem
of data flow analysis in parallel programming where
processes share the same global address space, rather
than the same data space. The intraprocess and in-
terprocess reaching definitions data flow analyses de-
scribed in this paper have been implemented within
our Linda optimizing compiler. Currently, we are im-
plementing the classic transformations that use reach-
ing definitions as described in section 6, and plan to
perform a thorough experimental study of the ben-
efits of these optimizations on real Linda tuplespace
programs. We are utilizing this analysis to help iden-
tify opportunities for communication optimizations



that target tuples used as messages between logically
known processes; that is, where the physical location
of the process destined to receive the message tuple is
not known.
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