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Abstract

In this paper, we present the compiler transformation of OpenMP code to an ordered collection of
tasks, and the compile-time as well as runtime mapping of the resulting task graph to threads for data reuse.
The ordering of tasks is relaxed where possible so that the code may be executed in a more loosely
synchronous fashion. Our current implementation uses a runtime systemthat permits tasks to begin execution
as soon astheir predecessors have completed. A comparison of the performance of two example programsin
their original OpenMP form and in the code form resulting from our trandation is encouraging.

1 INTRODUCTION

OpenMP [1] succeeds as a popular paralle programming interface for medium scale high
performance applications on shared memory systems due to its portability, ease-of-use and support
for incremental parallelization. Writing OpenMP programs is relatively easy, in contrast to other
paralld programming models such as MPI. Users may achieve reasonable performance by adding
just afew OpenMP directives. However, it requires a non-trivial effort to obtain scalable OpenMP
codes for ccNUMA systems. In order to make OpenMP a parallel programming model for a
system consisting of alarge number of processors, synchronization in the code must be minimized.
An additional potential cause of performance degradation on ccNUMA (cache coherent Non-
Uniform Memory Access) systems is that a thread may need to access a remote memory location;
despite substantial progress in interconnection systems, this still incurs significantly higher latency
than accesses to local memory, and the cost may be exacerbated by network contention. If data and
threads are unfavorably mapped, cache lines may ping-pong between locations. However,
OpenMP provides few features for managing data locality. In particular, it does not enable the
explicit binding of paralld loop iterations to a processor executing a given thread; such a binding
might allow the distribution of work such that threads can reuse data.

An alternative approach that can provide high performance on ccNUMA platforms is for the
user to rewrite the OpenM P code, decomposing the data structures into portions that will be private
to each thread, creating buffers to hold shared data and arranging for the appropriate
synchronization. Y et this so-called Single Program Multiple Data (SPMD) OpenMP style requires
considerable reprogramming. We attempt to reieve users from the extra burden of creating SPMD
code and to help them achieve good performance for their original programs by transforming
standard OpenMP codes to tasks, rdaxing synchronization between tasks where possible, and
mapping them to processors for data reuse.



2 OUR APPROACH

We target OpenMP to a data flow execution model realized using the SMARTS runtime
system [7][8] developed at Los Alamos National Laboratory. At runtime, SMARTS employs a
master thread to orchestrate the work of slave threads that execute the tasks. The tasks, a graph that
represents the ordering of their execution and the data read and written by each task are passed to
the runtime system. Before a task can run, it must make read/write requests for the data it needs.
As soon as the data is available, the master thread schedules the task to a slave queue to be
executed. The dave thread may be chosen by the compiler or by the runtime system. SMARTS
also supports work stealing, where a slave thread takes one or more tasks from other queues.

The compiler transforms an OpenMP code to a collection of sequential tasks and a task
graph, which represents the dependences between the tasks. This trandation is based heavily on
array region analysis, which must be applied interprocedurally. One of our goals is to perform as
much work as possible to avoid expensive runtime computation of dependences; where necessary,
code will be generated to complete the task graph and finalize the mapping to processors at run
time. The performance of the resulting code will be determined by the suitability of the code for
this approach, the quality of the translation, and the amount of data reuse by each processor to
compensate the overheads incurred by the SMARTS runtime system. These overheads include
managing requests for read and write data, as well as scheduling of tasks into task queues by
SMARTS.

The compiler may specify the mapping of tasks to processors (or equivalently, to threads that
are bound to processors) or may leave this to the runtime system. Finding a good compile-time
mapping of nodes of the task graph to the processors for data locality reuseis the main focus of this
paper. We use this mapping when we generate parallel code that includes calls to SMARTS. The
resulting code is executed using the so-called first touch policy, where data will be stored so that it
is local to the task that first accesses it. All tasks that use this data will be assigned to the same
thread wherever possible to maximize data locality. We describe and discuss the mapping
algorithm that we have developed beow.

This paper is organized as follows. In the next section, we first discuss the generation of
tasks and the task graph. We then present the algorithm for scheduling the tasks in the graph to
threads for datalocality reuse. Our strategy for code generation is also discussed. Then, in Section
4, we illustrate our work using an LU kernel. We also use an ADI code example to illustrate how
our mapping algorithm enables macro-pipelined computations. Then, experimental results are
presented. Finally, Section 5 presents related work and Section 6 our conclusions and future work.

3 CREATION AND MAPPING OF THE TASK GRAPH

For the purposes of this paper, we call a unit of sequential code that will be executed by a
single thread a task. Such a task is an arbitrary code sequence, such as a set of iterations of aloop
nest, or one or more procedures, without synchronization constructs. An OpenMP program will be
decomposed into an ordered collection of tasks according to the semarntics of the language. The
ordering will be represented by the task graph. A task graph for an OpenMP program, denoted by
G(N,E) consists of a set of nodes N={t;, t5, ...tn}, Where each node represents a task in the
decomposed program, and a set of edges E between nodes, where e ; is an edge from node t; to
node t;. Each edge represents synchronization in the sense that the source node must be executed
before the sink node at run time. As part of our tranglation strategy, we will diminate as many
edges as possible from this graph in order to reduce the amount of synchronization impaosed on the
executing code. We will also use this graph and our analysis to map the tasks in the program to
threads. Note that we bind exactly one thread to each target processor so that we may refer to



threads and processors interchangeably. We assume that processors (and threads) are numbered
consecutively, beginning with 1.

3.1 Generation of tasksand task graph

OpenMP does not restrict work-sharing constructs to be within the lexical scope of the parallel
region; they can occur within a subroutine or a procedure that is invoked, either directly or
indirectly from inside a paralld region. Paralld regions may contain long call chains. Thus the
work required to create tasks is of necessity interprocedural. We have developed an efficient call
graph construction algorithm [34] to support recursive calls and dynamically bound calls arising
from invocations of procedure-valued formal parameters. It provides a precise traversal of the
generated call graph, since additional traversal information is saved. It has been implemented in
our Dragon tool [36] that is based on Open64 [35]. The traversal algorithm is used to create task
identification and gather array section information in an exact call chain of the program call graph.
For each task, we callect the following information: 1) read/write access to array sections; 2) the
code segment; 3) information on (possible) loop iterations; 4) synchronization constraints.

Wefollow the semantics of OpenM P worksharing constructs (DO, SECTIONS, MASTER, and
SINGLE, etc.) to generate the sequential tasks. For example, the iterations of a parallel loop with a
default schedule are assigned to threads so that each has a contiguous set of iterations of
approximately the same size. If the loop does not contain any further worksharing or
synchronization constructs, each such set of iterations would be a task in our program
representation. A SINGLE or MASTER construct each represents a task, while a CRITICAL
SECTION will be trandlated to one task per thread, each with the same code segment. Sequential
regions of a code may be divided into basic blocks, each of which may form atask. The complete
sequence of tasks of a program is generated interprocedurally in a traversal of our call graph. A
typical OpenMP program will contain barrier synchronizations, and possibly atomic updates or
critical sections to ensure ordered access to shared data. These synchronizations will be represented
explicitly in the task graph that is also constructed. However, many of the resulting edges are in
fact superfluous in this representation. For instance, an OpenMP code may require a barrier
between two parallel loop nests, although the data reuse between them only occurs between two of
theresulting tasks. All other tasks can be executed asynchronously.

In order to determine which edges can be eliminated from the graph, the compiler performs an
array section analysis to determine as accuratdy as possible each task’s write and read accesses to
shared data objects in the program. If we can use this analysis to prove that a pair of threads that
are connected by an edge do not access the same data (or such accesses are reads only), then we
may remove the corresponding edge from the task graph.

We have chosen to use standard regular sections, or the triplet notation, to represent data read
and written, because of the efficiency with which we can compare them ([15], [9]); however more
accurate analyses have been proposed, e.g., smple sections [10], regions [11][12][13], and the
Omega test [17] and these are potential alternatives for compile time analysis when precision is
critical. Efficiency and practicality are key for runtime synchronization analysis and regular
sections are the natural choicefor our runtime strategy where we must avoid overheads.

In order to improve the accuracy of our analysis, we use a delayed union approach when
determining the region of an array that is accessed by a thread. Under this approach, two referenced
sections of an array are merged if the merge does not lead to a loss of accuracy. Otherwise, each
individual section is kept in a list. If a new reference cannot be merged with an existing regular
section, it is added to the list until a threshold number of entries is achieved, in which case union
will be enforced. This method may not improve accuracy in many cases.

The need for synchronization is given by comparing the data written by a thread with that
which is read and written by a thread to which it is linked via an edge in the task graph. Where



compile-time analysis can prove that there is no common data, the edge is deleted from the graph.
Where results are imprecise, runtime tests may be inserted to determine the need for an edge during
program execution. It is worthwhile to do so when the test is fast, such as checking the range of a
specific constant value.

When the number of threads is known in advance, task generation is straightforward.
Otherwise, more work is needed at runtime. In the former case, each task is created, ordering
relationships are determined based upon OpenMP semantics, and the data read and written by each
task is computed. Task sequences and its read/write accesses to regular sections of arrays are also
obtained. For example, we present the algorithm for translating the DO construct in Figure 1.

1I$SOMP PARALLEL
Let NT be the number of threads and 1I$SOMP DO
tx be the last task before this loop DO I=1,100
DO 1 =1 NT DO J=100
k=k+1 AQ)) =
Compute bounds of t, according to |oop schedule ENDDO
Compute array accesses by tasks t ENDO
Addt,toN 1ISOMP SINGLE
ENDDO AL =
ISOMP END SINGLE

. . 1I$OMP END PARALLEL
Figure 1 The generation of tasks from an %0

OpenMP parallel 1oop

Figure 2 Example of DO

To illustrate the above algorithm, we use the code in Figure 2 and assume that NT is 2. Tasks
will be created by subdividing the work in the outer loop according to the default schedule. If eight
tasks have already been created when this loop is encountered, then it will generate two new tasks,
to and tyo, to perform the work in the loop. Thefirst of these tasks will perform the first 50 iterations
and the second will perform the remaining 50. Accordingly, task ty has bounds 1=1,50 and J=1,100
and will write the array section A[1:100, 1:50]. Task t;o has bounds 1=51,100 and J=1,100 and
writes to A[1:100, 51:100]. These tasks must both wait until all tasks involved in the previous
construct have been completed, unless the NOWAIT clause was specified there.

Each of the SINGLE, MASTER and SECTION constructs corresponds to one task. So for
the code in Figure 2, task t; will be created to execute the code within the SINGLE construct that
has write access to array section A[1:1,1:1]. Both tsand tyo will be predecessors of t;;. By applying

For eache;; in E do
If (t.RWaccess n t;.RWaccess)= githen
Remove g;fromE
For each t, Jpr(t;) do
If (t.RWaccess n t;.RWaccess)Zgthen
Addg;toE
Compute g; .reusel_evel
Endif
Endfor
Else
Compute g .reusel evel
Endif
Endfor

Figure 3 Algorithm for eliminating edges from task
graph



the algorithm of Figure 3, we can remove edge eyg 11.

Let there be an edge from tjto tj in the task graph and let R be the data read by task t; and W,
be the data it writes. As already described, we must compare the data written in each with the data
read and written in order to determine whether we can remove the edge. If we can do so, we must
compare the data accessed by task t; with that accessed by all predecessors of task t; in the graph.
For the purpose of scheduling, we are also interested in situations where two tasks read the same
data. Thisinformation will also be recorded in the form of a special edge.

If there is an edge between node t; and t; in the modified task graph, the compiler must
further determine the level of data reuse between the two tasks; the result will be appended to the
edge and denoted by g j.reuseLevel. The reuse level is determined by the amount of data accessed
by both source and sink tasks, and the type of dependence between them. For example, if both
tasks write the data, the reuse level will be higher than if both read the same data. The execution
time of each task t; in the task graph, w(t) is statically estimated by the number and type of
operation and operand, available information on loop bounds, etc. An aternative would be to
provide a profile option. We may also be able to provide better estimates at run time, when
symbolic bounds etc. can be evaluated.

Note that tasks may be subdivided to improve their cache behavior as well as to isolate
iterations that give rise to synchronization, and that reordering of computation within a task may
support the former but not the latter. Hence, techniques to determine appropriate granularity and to
move constructs causing synchronization are required. This topic is not discussed in this paper.

3.2 Mapping algorithm for data locality reuse

We use a heuristic algorithm to map tasks in the task graph to processors (Figure 4). It is
based upon a list scheduling approach [33]. The goal of the algorithm is to map tasks that use the
same data to the same processor. However, at each step of the way, it must decide which oneis the
next task to map: it maps “more important” tasks first when possible, where this is determined by
the weight of a node.

The algorithm consists of an initialization and an iterative step. In the initialization step, the
algorithm first computes the level of each task t; by determining the sum of the weights on paths
from t; to the terminal node, taking both edge and task weights into account. It sets level(t;) to the
greatest weight on such a path. It also computes #ipr(t;), the number of immediate predecessors of
t. The function Procs(ti) = p« records mapping decisions, i.e., task t; is mapped to processor py;
initially, it is set to NULL.

At any stage during the process, the ready queue will hold those tasks that are ready for
mapping but not yet assigned to processors. The agorithm initially puts all tasks without any
predecessors in the task graph (“initial tasks’) into the ready queue (RQ) and orders them based
upon their level; then it selects the highest priority (highest level) task teurent from RQ as the next
ready task, assigns it to processor 1, and removes teyren: from RQ.

The iterative step successively sdlects tasks and allocates them. In step 2.1, the algorithm will
select the most important of the immediate successors of terent By €xamining those for which data
reuse between it and torent IS highest. If this task is subsequently chosen for mapping, it will be
alocated to the same processor as tomrent. It USES the two functions list_max isucs() and
max_ipred() to do so. The function list_max_isuccs() will return a list of those immediate
successors of temp for which the highest reuse level is to be found on the edge from teyrent. 1N Other
words, suppose ts is one of terent' S immediate successors with two incoming edges from teyrent @and
some other task ty. If e current.reuseLevel > esqyrent.reuselevel, then ts will not be included in the list
returned by this function. The function Max_ipred() selects the task from those returned by
list_max_isuccs() that corresponds to the edge from teyrent With the highest reuse level. This edge,



tiemp, Will be temporarily mapped to the processor that executes terent, and its incoming edge from
teurrent SiS Marked as visited. The visited edges only affects list_max_isucs() and max_ipred().

We next compare the priority (weight) of the successor task chosen with the highest priority
task in the ready queue. Whichever one has highest priority will be mapped next; we call it thex.
Before continuing, we now add any tasks to RQ if all their successors have already either been
assigned to processors or placed in RQ. In step 4, we remove the next task from RQ, if necessary,
and fix its mapping. If it is an immediate successor of tyrent, then it will be mapped to the same
processor. Otherwise, we call function Locate Processor to check if it has been temporarily
mapped to a processor; if it has, this function will map it to that processor. Otherwise, the function
will find a processor that is idle for mapping. Finally, we set t,e« t0 be the new ty et before
beginning the next iteration.

Input: Task Graph G(N,E) and n processors of distributed shared memory system.
Output: procs(t) = px for each task t;, the assignment of tasks to processors

Begin
1. Initialization step:
1.1 For eachtask t;in G do
1.1.1 Computelevel(t}) and #ipr(t;)
1.1.2 Initialize Procs(t;) to NULL
1.2 All initia tasks are added to RQ (Ready Queue) ordered by level number
1.3 Get highest priority task in RQ and set it tO teyrrent. Remove it from RQ.
Procs(tcurrent) =1
Repeat
2. Select next task for mapping:
2.1 Select best immediate successor of teyrent:
If torent hAs immediate successor then
tremp = Max_ipred(list_max_isuccs(turrent))
temporary map tiemp to procs(tayrent)
mark_visited(inedge(teurrent))
else tiemp = NULL
Endif
2.2 Comparepriority with tasksin RQ and select t,e:
thex = maxwel ght(tiemp, RQ) /* task with max priority of tiem, and RQ */
3. Process successors of teyrent:
3.1 For eacht; /ZisuccsS(toyrrent) DO
#ipr(t) = #ipr(t) -1
If (#ipr(t)==0) then
Add t; to RQin priority order
Endif
Endfor
4. Map next task:
4.1 If the isin RQ then
Remove the from RQ
If thee iISimmediate successor of tey et then

Pr Ocs(tnext) =Pr Ocs(tcurrent)

dse
Locate_processor (thext, PL); Procs(t,eq)=Procs(P.)
Endif
If not visited(inedge(theq)) then Mark visited(inedge(the))
Endif
5. Updatecurrent task:
tcurrent = tnext

Until all tasksin G are assigned
End

Figure 4 Data reuse mapping a gorithm



3.3 Code Generation

331 Saticcase

In the static case, the compiler collects as much information as possible to avoid runtime
overheads and to generate code that passes complete information to the runtime system. Such
information includes task identification, possibly loop iterations, task mapping information,
read/write access information (pass task graph information if other runtime systemisused). Thisis
necessary so that the task can be executed on the processors for data reuse and can be out-of-order
execution for those independent tasks.

After compile-time task mapping has been performed, we can generate source code such as
that in Figure 5 as an example from Figure 2. The main program is first executed by the master
thread, which creates additional threads that each bounds to processor and pass information stated
above. In Figure 6, task loop0 and task single are routines for tasks correspond to DO construct
and SINGLE construct of Figure 2, respectively.

call SM concurrency(n) /*to create n-1 slave threads to execute tasks*/
call SM define_array(info) /* SMARTS Initialization */
schedtype = hardaffinity
call SM startgen()
doi =1, iter
k =k +1
call SM def_readwite(task_| oop0, k)
call SMgetinfo(task_|loopO, affin, datinfo)
call SM handof f(task_| oop0O, schedtype, procs(task_Ioop0, k), datinfo)
end do
k =k +1
call SM def_readwite(task_single,k)
call SM handoff (task_single, schedtype, procs(task_single, k), datinfo)
call SMrun()
call SM end()

Figure 5 Main program using SMARTS

subroutine task_| oopO(dati nfo)
use shared_DATA
call SM conput e_bound(datinfo, | bl, ubl, | b2, ub2)

do j = 1bl, ubl
do i = Ib2, ub2
AGiLj) =
enddo
enddo

end subroutine task_| oop0O
subroutine task_singl e(datinfo)
use shared_DATA

A(l,1) =
end subroutine task_single

Fiaure 6 Pardld loops usina SMARTS

3.32 Dynamic case

Most application programs have a significant number of input-data dependent unknowns, and
the number of processors may also be unknown at compile time. Compile-time analyses can



consequently produce symbolic expressions, despite the application of interprocedural constant
propagation and other techniques for maximizing available information about variables. Therefore,
symbolic analysis is required to support compile time analyses as well as to reduce the cost of
runtime analysis. Several techniques have been proposed for evaluating symbolic expressions and
for expressing information about program variables at arbitrary program points, as well as for
aggressive simplification of a system of constraints of symbolic expressions, determining the
relationships between symbolic expressions, and computing their lower and upper bounds.

Blume and Eigenmann [27] use abstract interpretation to extract information about variable
ranges. Haghighat [25] presents a variety of symbolic analysis techniques based on abstract
interpretation. Fahringer [26] presents a unified symbolic evaluation framework that statically
determines the values of variables and symbolic expressions. He uses the Omega library[18] for
simplifying first order logic expressions and constraints.

We are working on the generation of a routine that computes the array sections of those
symbolic bounds and symbolic array sections that have not been resolved at compile time. (At
compile time, the symbolic analysis consists of an aggressive simplification of a system of
constraints of symbolic expression, determining the relationship between symbolic expressions,
computing lower and upper bound of symbolic expression.) In this case we may need to
(partially) construct the task graph and perform the task mapping algorithm at run time.

4 EVALUATION AND EXPERIMENTAL RESULTS

To illustrate how the mapping algorithm of Figure 4 works, we present a simple example
task graph in Figure 7. After step 1.1, the levels of the nodes for tasks tl1, t2, t3, t4, and t5 are 81,
101, 1, 1, and 1, respectively, and the numbers of their immediate predecessors (#ipr) are0, 0, 1, 2,
and 2, respectively. Instep 1.2, two independent tasks: t; and t, are put into the RQ ordered by the
node level or priority. Instep 1.3, task t; is sdected and removed from RQ as ready task teyrrent, @nd
t, isassigned to processor pl.

In step 2.1, t; &S tayrent 1S Passed as input parameter to list_max_isuccs(), in which t, has two
immediate successors: t, and ts. Task t4 has two incoming edges: e;,4 and e,,4 With weights of 80
and 100, respectively. Since e;,s.reuselevel is the greatest, it is in the list. Similarly, ts has two
incoming edges. e;s and &5 with their weights of the same value, so e,5 is also in the list;
list_max_isuccs(ty) returns {(ex4),(€2,5)} as input to Max_ipred(), and since &;,4.reuseLevel has the
maximum value, it returns t, to tiemp and is temporarily mapped to pl. It then marks ;4 and e, 4 as
visited, indicated by the dotted line in Figure 8, needed for the internal workings of the function
Max_ipred(). In step 2.2, t, is compared with task t; that has highest priority in RQ, t; is assigned to
thex- 1N Step 3, #ipred(ts) and #ipred(ty) are decremented to 1. In step 4, t; is removed from RQ.
Task t; is not the immediate successor of t,, therefore Locate processor() return p2, sincet, has not
been temporarily mapped to any processor. Next, t; become teyrent.

a6 WA PL P2 P3
‘ T, T
Ty T3 Ts
1

Figure 7 Example task graph Figure 8 After Mark visited Figure 9 Mapping of Fig. 7



In the next iteration of step 2.1, the best successor of t; is ts, SO tiemp IS t3, Which is temporarily
mapped to p2. It marks e, ; visited. In step 2.2, t; is compared with the maximum priority task in
RQ; since RQ is empty, t; is assigned to theq. NOW in step 3, #ipr(ts) #ipr( ts), and #ipr(ts) are
decremented to O, they are put into RQ. In step 4, sincetz isin RQ, it is removed. Becauset; is
immediate successor of ty, t3 is mapped to thread that executest;, whichis p2. t; becomes teyrent.

In next iteration of step 2.1, t; does not have a successor, SO tiemp ISNULL. 1N step 2.2, thex IS
ts. In step 4, t4 is in RQ, and is thus removed from RQ); since t, has been temporarily mapped,
Locate-processor ()map it to pl. Then, t, becomes toyrent. Finaly, in the last iteration of step 2.1, t4
does not have a successor, SO theq iSts. 1N step 4.1, ts is removed from RQ and mapped to p3 by
locate_processor() since it has not been temporarily mapped. Theresult is shownin Fig. 9.

In the following, we discuss two small codes, one an LU decomposition and the other an
ADI iteration, that have been translated using our approach.

4.1 LU example codeto demonstrate the datareuse

We present the OpenMP LU example in Figure 10 to illustrate the generation of tasks, task
graph, and the data locality reuse scheduling algorithm. Task ty is generated for k from 1 to 5
respectively, corresponds to the SINGLE construct. When Kk is 1, the memory access pattern of
task t; involves write access to section [2:5,1:1] of array A and read reference to regular section
[1:5,1:1] of array Ais obtained from [2:5,1:1] 0 [1:1, 1:1]. Similarly, task t, involves write access
to array A[3:5,1:1] and read access to [2:5,1:1]. All array sections in the example can be exactly
represented when we further decompose a block of data into several columns. This requires
delayed union operation.

Pr ogram LU
integer n
paraneter (n=5)
doubl e precision a(n,n)
1 $OWP PARALLEL
do k=1,n
1 $OVP S| NGLE
do nmek+1, n
Tk a(mk) = a(mk) / a(k, k)
enddo
1$OWP END SI NGLE
} $OVP DO PRI VATE(i , | )

do j=k+1,n
Tke do i=k+1,n
a(i,j)=a(i,j)-
a(i, k)*a(k,j)
enddo
enddo
1 $OVP ENDDO
1 $OVWP END PARALLEL
Figure 10 Simple OpenMP LU code example Figure 11 Task graph and memory access

pattern

A collection of tasks t,. where k =1,5 and ¢ is the chunk number which is obtained from the
OpenMP DO construct, is generated from the code of Figure 10. It depends on the loop size, the
number of threads and the scheduling chosen; in the present example, it is static scheduling, the
chunk sizeis equal to one, and the number of threads is 4. The reference access to array A of t; is
[2:5,2:2] O [2:5,1:1] O [1:1,2:2]. Our delayed union algorithm does not summarize [2:5,1:2] U



[1:1,2:2] into one representation. Similarly, accessto array A by ty, is[2:5,3:3]0[2:5,1:1][0[1:1,3:3]
which can be precisely summarized only to [1:5,3:3]J[2:5,1:1]. If t3, is summarized directly to
[1:5,2:3], then there will be dependences between t;, and t,, which is a false dependence. Hence,
the delayed union operation provides superior accuracy in this case. Figure 11 shows the task
graph of the corresponding program example in Figure 10. It also shows the access pattern of each
task. The dark shade represents read and write accesses, while the lighter shade represents read
only accessesto array A.

In the OpenMP static scheduling shown in Figure 12, we assume that the number of threads
is four, and the work is executed by the first touch policy. It is clear that the data accessed by a
processor will not be the same as that accessed in the next iteration of the k loop. Consider the
scheduling of OpenMP in Figure 12; after t; and t;; have been scheduled to processor pl, both tasks
were the first that touch columns 1 and 2 respectively. Task ti, in processor p2 first touches
column 3 of array A, p3 first touches column 4, and p4 first touches column 5. Thereis no problem
with t,, since it reuse column 2. But ty, t,3 absolutely cannot reuse the data that has been brought
into the local memory, since in p2, t,; reads column 2, and reads and updates column 4, where its
previous t;, first touched the column 3 on the same processor. Hence there is no reuse and it needs
to access data from the remote memory.

In addition, there are synchronization overheads in OpenMP, for instance, t, needs to wait for
al ty, tip, tiz, and ty, to finish; therefore t, can only be executed after t;,. We remove
synchronization overhead by translating the OpenMP code to task graph; then t, only needs to wait
for ty, it does not need to wait for ty,, ti3, and ty4 to finish. Our mapping is scheduled at runtime by
SMARTS runtime system and the result is shown in Figure 13. It can be easily observed that our
results will schedulefor data reuse, giving better locality reuse.

tl tl

11 12 ti3 tia tn too t13 tia
to tz
tor te tos tz t ts
t3 ts
ta ta

1 t

tar

Figure 12 Static schedulingon OpenMPon  Figure 13 Our scheduling based on data
four processors locality reuse on four processors

4.2 ADI example exploiting macr o-pipelined computation for datareuse

Pipelining computation and communication have been exploited to improve the performance
of many scientific applications [21][23]. Brandes and Desprez [21] integrated pipelined
computation successfully within an HPF using compiler called ADAPTOR and gave impressive
experimental results. Pipelining has been used by Chamberlain at al. [29] to exploit paralldism in
wavefront computations. They introduce extensions to array languages to support pipelining



wavefront computation. Gonzalez at al. [23] propose a set of extensions to OpenMP to allow
complex pipelined computations. This is done by defining directives in terms of thread groups and
precedence relations among tasks originated from work-sharing constructs, as ours are. It assumes
that heuristic scheduling is available to achieve this. But they do not propose any extensions
explicitly for macro-loop pipeined computation.

Figure 14 presents a Fortran ADI kernel written in OpenMP. The outer loop of the first
paralld loop is parallelized so that each thread accesses a contiguous set of columns of the array A.
The outer loop of the second loop is also paralldizable, but as a result each thread accesses a
contiguous set of rows of A. The static OpenMP standard execution model is shown in Figure 15,
and it can be easily seen that it has poor data locality. Even though we can interchange the second
loop so that it also accesses A in columns, parallelism is limited as a result of the overheads of the
DO loop and the lack of data locality; and the effects of this can be easily observed. Our strategy
for handling this situation is to create a version in which threads access the same data and the
second loop is executed in a macro-pipelined manner. The task graph that was created for this
transformed code is shown in Figure 16. When we apply our mapping algorithm to this task graph,
it realizes a macro-loop pipeline wavefront computation that enables data locality reuse.

1 $OVP PARALLEL

1 $OvwP DO
doj=1, N
doi=2, N
ACT,])=A(T,])-B(i,j)*A(i-1,])
end do
end do
1 $OVW END DO
1 $OWP DO
doi=1, N
do j=2, N
ACT,J)=A(,])-B(i,j) * A(T,j-1)
end do
end do
1 $OVW END DO

1 $OVP END PARALLEL

Figure 14 ADI Kernel code using OpenMP
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4.3 Experimental result

We compare OpenMP versions of the LU kernel and the ADI kernel with the code translated
according to our scheme and using SMARTS as a runtime for code. Our target platform was an
Origin 2000 at the National Center for Supercomputing Applications (NCSA). All codes were
compiled with SGI’'s MIPSpro Fortran 90 compiler under the options —64 —Ofast —|PA and run on
MIPS R10000 processor at 195 MHz with 32 Kbytes of split L1 cache, 4 Mbytes of unified L2
cache per processors and 4 Gbytes of DRAM memory. We made use of the first touch allocation
strategy provided by SGI, where a datum is stored on the node where it is first accessed. We also
st _DSM_MIGRATION (page migration) OFF.
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Figure 17 LU kernel Code

We show results for the LU computation using a 1024 by 1024 double precision matrix in
Figure 17. We compile the original OpenMP LU code compiled with MIPSpro is labeled MIPSpro.
The special hand written OpenMP LU code for scheduling reuse compiled with MIPSpro compilers.
Here we see that the SMARTS runtime system introduces non-trivial overheads. The master/slave
scheme controls the distribution of work to slave threads. The coordination incurs the overhead for
the runtime system. In addition, SMARTS does not accept task graph information in the form of
precedence constraints between tasks; instead, it requires information on the read/write access tasks
makes to data objects, using these to (re)compute the data dependences at runtime. Therefore, it
incurs significant overheads while recomputing information that is already available. We initially
chose SMARTS in order to experiment with various strategies for runtime scheduling.
Unfortunately, the high overheads in this case make it hard to show the benefits of our approach. In
future, we plan to experiment with other runtime systems that suit this need. At the same time, we
also want to investigate and develop a method to reduce these overheads possibly by minimizing
the number of data objects passing to the runtime system, while avoiding the false dependences
caused by decomposition of array into appropriate size.

In this experiment, the only array A in the program it is declared as shared. In addition, we
avoid false dependences by breaking the work into smaller tasks. In SMARTS terminology, each
array region accessed by a task is a data object. Since the SMARTS runtime system needs to
handle many small data objects as a result of our work decomposition, the initialization overheads
caused by passing information to the runtime system leads to a slightly longer execution time for
the translated code on small numbers of processors. Even though the overhead incurred by the



runtime system is high in this case, it is amortized by the good data reuse as the prablem size and
the number of iterations increases.
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Figure 18 ADI kernd code

Figure 18 illustrates our results on ADI kernel code. There are two version of OpenMP code.
Version one parallelizes the outer loop along i loop of Figure 14. Where version two interchanges
the loop and parallelizes the inner loop along i loop. For our measurement, we executed the code
with an array of size 1024 by 1024. Our trandated code to dataflow execution model enables
macro-pipelined computation labeled as SMARTS. In the translated code, the number of data
objects and read/write requests depend on the decomposition of array A and B. Since it does not
need to avoid false dependence by the decompasition of arraysinto smaller block sizefor this code,
there is no substantial overhead, for even with a few processors. With an increasing number of
processors, translated code also gave a better performance and scale well up to 32 processors.

5 RELATED WORK

The method provided by OpenMP for enforcing locality is to declare variables to be private
to threads. One of the best ways to get high performance is to write code in the SPMD (Single
Program Multiple Data) style which involves a systematic privatization of program data [19][20].
However, this may require significant reprogramming, which undermines one of the major benefits
of the OpenMP API. The use of OpenMP and MPI [5] together also works, but at the price of
considerable additional program complexity. In addition, the program will be more difficult to
maintain. Several approaches have been proposed to help the user obtain good performance with
modest programming effort, including extending OpenMP by data distribution directives and
directives to link parallel loop iterations with the node on which specified data is stored [2][3], first
touch memory allocation, dynamic page migration by the operating system [4], user-level page
migration [4], and compiler optimization [6].

Dynamic page migration has been used in ccNUMA machines to improve data locality. In
this scheme, the operating system keeps track of memory page counters to check whether to move
a page to aremote node that frequently accesses it. However, this information cannot be associated
with the semantics of the program, and if compile-time information is not passed to the operating



system, the latter may move a page when it is not helpful to do so, or it may not move a page that
should be migrated. User-level page migration is then required to improve this approach. The
compiler or performance tools are needed to help identify the regions of the program that are the
most computation-intensive so that calls to page migration routines may be inserted accordingly.
Although thisis likely to lead to an improvement, it still cannot precisely represent the semantics of
the program without compile-time analysis of data access patterns. Programming using data
distribution directives has the potential to help the compiler ensure data locality; however, it means
that programmers should be aware of the pattern in which threads will access data across large
program regions. Hence the programming task remains more complex than with plain OpenMP.
Moreover, there is no agreed standard for specifying data distributions in OpenMP; existing
cctNUMA compilers have implemented their own data distribution directives, sacrificing
portability. The most successful existing strategy is also the simplest: first-touch data allocation
places data so that it is local to the thread that first allocates it. Our algorithm also uses this
technique, provided by SGI, HP and Sun among others, to ensure appropriate initial storage for
data. Thus our work can be viewed as attempting to maintain this locality.

We tranglate OpenMP to tasks that may share data and map these tasks to a cc-NUMA
platform. Most researchers who focus on task mapping problems have performed work to handle
the mapping of processes on distributed systems [32][30]. Our tasks may be finer grained than
these. Moreover, most distributed memory tasks already have a clear communication structure,
which helps in the evaluation of alternatives and generally forms the basis for the solution
proposed. Very little work has considered the problem of mapping shared memory tasks on
distributed shared memory systems, such as cc-NUMA, where there is a lower penalty for making
non-local accesses and the code does not make non-local data references explicit. Liang et al. [31]
proposed a static task mapping method for handling shared memory programs on a DSM system
based on a two-dimensional Hopfield neural network to map a group of related tasks to a group of
workstations that provide DSM. However, the neura network method is too costly to apply to
dynamic cases. They also have difficulty estimating the cost that is incurred by remote memory
accesses and cache misses, since the actual location of shared data depends on the operating
system. We usethefirst touch approach to minimize the last of these problems.

6 CONCLUSION AND FUTURE WORKS

Our goal is to search for compiler techniques that improve the performance of OpenMP
codes without the necessity of manual program modification, especially on large ccNUMA systems.
Difficulties include the cost of non-local data accesses, which remain significantly higher than
local references, the high amount of global synchronization in most OpenMP codes, and false
sharing of data in cache. To achieve our aims, we translate OpenMP codes to a form that may be
executed in a dataflow fashion that enables large-scale out-of-order execution, and explore the
ability of the compiler to reduce synchronization overheads, as well as to improve data reuse in the
resulting ordered collection of tasks [16]. In this paper, we present a practical algorithm for the
generation and improvement of a task graph that represents the necessary synchronization in an
OpenMP code. We propose an algorithm for mapping the resulting tasks to processors for data
reuse. From this, we can generate code scheduling tasks for reuse at runtime. We also demonstrate
that this scheme can enable macro-wavefront pipelined computation. Our approach relies on
compiler technology and a suitable runtime system; thus thereis no need for user intervention.

Despite using a relatively inefficient runtime system in our experiments, the results with LU
and ADI kernels show that our strategy has improved performance. However, there is more to be
learned. Our mapping algorithm is sensitive to the method for weighting of nodes and edges, which
must represent data transfer and cache effects; we intend to continue to experiment with these
parameters. Our current effort does not take the problem of false sharing of cache datainto account
and this needs to be considered. Our future work also includes exploiting symbolic analysis to



improve our ability to handle more difficult cases and to lower the overheads of dynamic task
scheduling.
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