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Abstract

Many parallel and distributed applications have well defiretructure which can be described by few simple relations.
Some structures are so common that they are abstracted tiglaand grid benchmarks, other structures, are data and
application dependent, become evident only at run-timenyMaf these patterns reflect flow of data in the applications.
Data Flow Graphs (DFG) provide an abstraction that allowsexpress data flow in the applications and to decompose the
application into tasks. Applications represented by tasiphs can be translated into MPI or Java RMI parallel program
having a consistent set of Send/Receive calls or set of emethod invocations. In this paper we describe some data flow
patterns observed in the Computational Fluid Dynamic (CEpplications and used in the NAS Parallel Benchmarks and in
the NAS Grid Benchmarks. Then we describe new approach ttathdlow analysis of the traces of parallel programs via the
Data Cube Operator. The approach uses On-Line Analytic &smg (OLAP) to create various views of application trace
files. The detected patterns can help in application peréoroe tuning and improving compiler support for the commonly
arising patterns. Finally, we show examples of using DFGgarallel and distributed scientific programming.

1 Introduction

Scientific applications solving fluid dynamics, moleculgndmics or other computational physics problems abstract
space, time, local and long-range interactions in progrargeonstructs. In spite that the implementations may ficantly
vary, there are fundamental commonalities in these altigtresc space is represented by structured or unstructuréag
set of grids, time is modeled by outmost iteration loop,iattions are modeled by system of linearized equations;iwdnie
solved by iterative explicit or implicit methods. Not allgations fit this scheme but dozens important NASA apfilices
useit[3, 10, 13, 16].

As a result, a number of similar constructs, design pattams$ data flows are used in various scientific applicatioomes
of these constructs are explicit, other are implicit, trard data dependent. Analysis of scientific applicationslvhéveals
these constructs usually results in a good understandplgcapons, providing high-level programming construictsother
applications and help to map the applications on computditacture. The most commonly used programming constructs
and typical applications are used as benchmarks (Livertmmops, NAS Parallel Benchmarks, HPC Challenge Benchmarks)
Some data dependent patterns which can be observed onhgduri-time are used for dynamic load balancing and in JIT
compilers.

In this paper we present a data flow and design pattern asalfysome NASA applications. Formalization and refinement
of these patterns resulted in the NAS Parallel and the NAS Benchmarks. Then we present an OLAP based method for
detection patterns in trace files and illustrate it on a tcdddigh Performance Linpack (HPL). Finally, we present Diliaw
Graph computing paradigm for expressing some of these rmtstand demonstrate a method of converting a data flow
program can be into a consistent MPI or a JAVA-RMI parallelgram.

2 Some NASA Applications and Their Task Decompositions

A number of NASA applications solve fluid dynamic problemsgsstructured or unstructured cubical grids. The struc-
tured grids are used in simple domains, while unstructurats@re used to approximate very complex domains. To ap-
proximate complex domains with a set of overlapping stneztgrids the Chimera overset grid method have been dewklope
[4]. It allows iterations of the solution algorithm to be fmmed on each grid independently, followed by an updatéef t



solution at the boundary points and at the overlapping pétte grids. Load balancing, cache optimization, and agging
of computations and communications for structured griésvell studied and efficiently implemented in mentioned NASA
codes. They use hin packing algorithms for load balancingvefset grids, space-filling curves [7] for improving cache
reuse, and Jacobi method to update boundary points instd@duss-Seidel method for parallelization iterations dher
grids. On the other hand, some industry standard methotisasulletis partitioner [15] have not been used in these codes.

To compare efficiency of different computers for runningstneodes, the NASA Advanced Supercomputing (NAS) Di-
vision has developed the NAS parallel benchmarks (NPB) ArdNIAS grid benchmarks GridNPB. These benchmarks
represent computationally or data intensive segmentsesitisodes and serve as a tool for performance estimatiomlof re
applications on particular computer architectures. QulyeNPB include simulated applications and kernel benatksia
There are six simulated applications: CFD applications®&H,,and LU, data intensive applications DC and DT, and a com-
putational chemistry application UA. There are five kernmh¢hmarks FT, MG, CG, ED and IS. The original benchmarks
are written in Fortran and C and are parallelized using MBIl @penMP. Some benchmarks are available in HPF and Java.
The HPF and Java versions use for parallelization datalmlision and multithreading respectively. Each benchmarkes
with a verification method, and a performance model.

Because parallelism of these benchmarks limited by few fedhgrocessors these benchmarks become harder and harder
to scale for the computational grids and for massively pelrabmputers having thousands of processors. On largersgst
insignificant serial sections, data reductions and datespmesitions become dominated contributors to the exeattitioe.

For these reasons another level of parallelism was adddtwetGtidNPB [8] and Mutizone benchmarks (NPB-MZ) [11].
The GridNPB use the task graphs with the basic task is an NBBlgm. The task graphs are acyclic and work in data-
flow manner: a task is executed as soon as data along all ingoancs have arrived. The granularity of the inter tasks
communicated data is chosen to be about two orders of magngmaller than intratask communications. As a result,
GridNPB scale well if communication time between grid nodess not more than 100 times slower than communications
within each node. The NPB-MZ benchmarks add another levstrattured grids to the NPB. The top level structured grid
is partitioned onto smaller subgrids. Within each subgrbives one of the application benchmarks BT, SP, or LU. The
solutions on the boundaries of these subgrids are exchaifggeach iteration of the solver. Since the tasks workimthe
subgrids are loosely coupled, the NPB-MZ benchmarks cacdledto the thousands of processors on clusters of SMPs.

3 Patterns used in the NAS Parallel and Grid Benchmarks
3.1 The NAS Parallel Benchmarks

The early versions of the NPB include simulated CFD appbestBT, SP, and LU. These applications solve a discretiza-
tion of the Navier-Stokes equation

K(udtt — ) = Lud,

whereu is a five-dimensional vector of density, moments and enétgg,a discretization of the Navier-Stokes operator, and
Lis the right-hand side operator. For three-dimensiondkdti andL usually are represented as seven-diagonal block matrix
of 5x5 blocks. The benchmarks represent three methods tmdpmate (or split)K” as a product of linear operators. The
BT benchmark splitd< into a product of thre8lock Tridiagonal operators one along each dimension of the ccatipntl
mesh, SP uses the Beam and Warming split that involves Boalar Pentadiagonal operators interleaved with diagonal
matrices of 5x5 blocks, and LU employd.awer andJpper diagonal splitting.

The first two methods represent so called Alternative Dioast Implicit (ADI) pattern. In this pattern algorithm is
structured so that it performs solutions of linear systems iy, andz directions iteratively, Figure 1. TheandU operators
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Figure 1. The ADI pattern.

of the LU benchmark have the following dependence matrices:
-1 0 0 100
0o -1 0 and | 0 1 0
0o 0 -1 0 0 1

Hence, LU can be structured as a two-dimensional pipeliresa hyperplane based computation. In the two-dimensional
pipeline, onk! M-iteration the computations are performed in each horaguitine along the diagonal+ y = w, where



w=k—zorw=3N — k — zdepending on whethdy or U operator is applied, Figure 2(is the number of mesh points
in each direction). In the hyperplane version of LU (LU-hibe update of the flow vectors performed simultaneouslylat al
points of a hyperplane + y + z = k, Figure 2. The ADI, two-dimensional pipeline, and hypeng@atterns represent most
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Figure 2. Seven stages of two-dimensional pipeline for proc essing points of 3x3x3 lattice (left pane).
Various stages of processing in the hyperplane algorithm ar e shown on the right pane.

common patterns for sweeping through the points of threeedsional lattice used in CFD applications.

The EP benchmark lunches independent tasks which comteiraéisults, as shown on Figure 5. The M@ (lti Grid)
benchmark uses well known multigrid V-cycle pattern. Iristdrom projecting of the residual from the finest grid to the
coarser grids. Then, it finds a solution on the coarsest driidally, it lifts the solution on the finest grid by an intecéd
sequence of interpolation and smoothing operations, Eiguteft pane. The FT benchmark performs a few iterations of
the three-dimensional Fast Fourier Transformation folldway an evolution of the transformed array. As in ADI, theethr
dimensional Fourier Transformation is performed as a secpef transformations along y, andz directions. The transfor-
mation along each direction is a two-dimensional array &-dimensional Fourier transformations. Each one-dinueradi
Fourier is performed by a vectorized variant of self-sartBtocham algorithm attributed to Swarztrauber. Hencehetaw
level, the FT benchmark is a (vectorized) shuffle patteriguife 3, right pane) recursively built of butterfly pattertster-
estingly, the FFTE algorithm, part of the HPC Challenge bhemark suite [12], on the higher level demonstrates the matri
transpose pattern, rather than ADI pattern, but on the Ideve in addition to the binary shuffle it demonstrates ra@lixnd
radix-5 shuffles. The CG (Conjugate Gradient), IS (Integet)Sand UA (Unstructured Adaptive) benchmarks are wagkin
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Figure 3. Multigrid V-cycle pattern and FFT shuffle.

with randomly generated matrix, randomly generated datease an adaptive grid respectively. These benchmarks to no
expose any definite data flow patterns. On the other hand,@nitmation CG uses basic linear algebra operations: spars
matrix by vector multiplication and scalar product. The Ehbhmark uses bucket sorting algorithm and parallel prefin-c
putation of partial sums (key ranking). Newly added to theBNfit data intensive benchmarks DC (Data Cube) and DT
(Data Traffic) also work with randomly generated data buy e trees and a shuffle as data flow patterns. The DC bench-
mark builds RB-tree to sort tuples from a dataset. DC’s gttiti benchmark various levels of memory hierarchy depemds o
the size of the tree. The tree fits in L1-cache (class S) anggbeyond main memory (class B). The DT benchmark uses
guad-trees (black hole and white hole) and the binary shiiftpure 3, right pane) as the task graphs.



3.2 The NAS Grid Benchmarks

With automation in data processing, the results generatezbime programs are consumed by other programs which,
in turn, feed inputs to other programs. One example of suogramming approach is th@ar t 3d package developed
by M. Aftosmis at the NASA Ames Research Center [3] and rdgerged for "Return to Flight” simulations on the NAS
Columbia machine. This package automates the computingepsdrom description of the aircraft geometry to the actual
computation of the drag, lift, and side force coefficientheTar t 3d package involves a number of applications working
in data flow mode: triangulation of the aircraft surface, mgeneration, partition of the mesh with use of the spacadilli
curves, mutigriding for acceleration of the convergeno#ytion of the flow equations, postprocessing and visuatinaof
the final results, Figure 4. The actual inspection of dataheyusers becomes an infrequent event.
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Figure 4. A flowchart of the Cart3D package. Grey boxes indica  te executables, clear boxes indicate
I/O files.
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Observation of this trend resulted in task graph programgmaradigm which encapsulates tasks in nodes and data com-
municated between tasks in arcs. The general perceptidreindmmunity is that as the task graphs will be growing, the
amount of inter task parallelism will be growing as well. Seepplications will be able to scale to thousands of pracess
and to the computational grids. This trend, coupled withathservation that two basic grid services, “create task™anth-
municate” are sufficient for data flow computations, prord@¥AS to create the NAS Grid Benchmarks [8]. A GridNPB
of a particular class (problem size) is specified by a data §jph which encapsulates NGB tasks (NPB codes) and com-
munications between these tasks. The Report node of thé gg@mdowed with a verification test to determine correcnes
of the computational result. The GridNPB use NPB codes BT,LEP MG, and FT, since these codes are well-studied,
well-understood, portable, and widely accepted as séiebtnchmarking codes.

GridNPB employs graphs named Embarrassingly Distribuie) (Helical Chain (HC), Visualization Pipeline (VP), and
Mixed Bag (MB), as shown in Figures 5 and 6. ED represents thealfed parameter studies, which constitute multiple
independent runs of the same program, but with differeritipgrameters. At NASA Ames, flow solvers—symbolized by
SP—are often used for such studies. HC represents longscbfiepeating processes, such as a set of flow computatiains th
are run one after the other, as is customary when breakingnydong running simulations into series of tasks. VP regmés
chains of compound processes, like those encountered vitwalizing flow solutions as the simulation progresses. BIB i
similar to VP, but it the emphasis is on introducing asymmeiifferent amounts of data are transferred between differ
tasks, and some tasks take longer to run than others, pirgsartbugh job to a grid scheduler.

4 Pattern Analysis of Program Traces

The data flow patterns listed in the previous section arei@kdrequently used in applications as design patterds. [1
Dynamic event patterns occur during a specific workload miofia program. These patterns may depend on data, and may be
not obvious to the designer of a program. Identification aradyesis of these patterns may be useful for improving apfibo
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Figure 5. Embarrassingly Distributed and Helical Chain pat terns.
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Figure 6. Visualization Pipeline and Mixed Bag patterns.

performance, adding compiler optimizations and hardwappsrt to handle these patterns. One example of using patter
observed in scientific computations is implementation @teeregisters and pipelined functional units in vector poiters.
Another example, are JIT compilers which optimize code kalyming patterns in its execution.

The pattern analysis of programs is similar to the Fouriahgsis of signals: in both cases an observed subject is ebgohn
over a set of basis functions. The difference is that theepatnalysis is highly nonlinear. Any recursive functiom ¢ee
build of a few elementary functions, but building operat@smposition, recursion, and minimization are highly riorear.

As it was demonstrated by S. Wolfram [17], a simple cellulatoenaton can generate a computational trace lacking any
recognizable pattern.

One way to identify dynamic patterns is to use system-widduare counters to collect distributions and correlatiohs
various events. The correlations, indicate that some ham@lgupport for the correlated events would speed up thel@autk
The system-wide approach in blind to the applications:ridsusually possible to trace these patterns back to thécapiph
code and even to a specific application. Detection of dynawrdat patterns during application execution can be dowagir
pattern analysis of trace files.

In our approach to identify frequent patterns in prograroasave apply the Data Mining method used in On-Line Analytic
Processing (OLAP). Particularly, we use the data miningritlgm implemented in DC parallel benchmark [6]. This agmio
applies the Data Cube Operator (DCO) to identify the mostrnom patterns in the trace. The DCO computes views (or
group-bys) of a dataset. For a chosen subsét attributes, a view is a sorted set bftuples containing only the chosen
attributes with accumulated measures of the duplicate®© B@nputes views of interesting subsets of the attributes.

To demonstrate this approach we use the trace file of the H&r@m running on four processors. For analysis we used
only 1920 messages presented in this file. No knowledge dabeWP| implementation of HPL or about its mapping onto
the system were used. The task communication graph is sholigiire 7 and one view of the trace file generated by a DCO
is shown in Table 1. Many other views and patterns may be ebeirleby this method with a minimal effort. For example
some views on quantified communication time indicate thertgfare only four messages have duration over ten seconals: tw
1-2 and two 1-3. The reason for this large delay may shed a light onto impgpMPL performance in current hardware
configuration.
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Figure 7. Number of messages sent among processors in HPL alg orithm.

Table 1. A view of the trace file generated by an OLAP system.
Sender| Receiver| Number of Messages Communication Time Bytes Sent| Bandwidth |

1 2 27 84784 724380 10
1 3 475 113849 1123108 9
2 1 36 10872 733840 67
2 4 426 32943 1017360 30
3 1 456 48683 1041896 21
3 4 40 9127 758700 83
4 2 440 39457 1081912 27
4 3 20 7429 667816 89

5 Parallel Programming with Data Flow Graphs

To take advantage of patterns observed in the programs agomnoger should be able to express these patterns easily.
Unfortunately, procedural programming languages do ne¢ ftanstructs to express patterns other than arrays. Tfiis de
ciency of programming languages is even more striking if el that internal representation of any program is a flow
graph, sometimes called "parse tree”. The nodes of the flawtgare basic blocks of the program, the arcs indicate dessib
iterblock transitions. Many problems related to compdatiprogram optimization, dependence analysis, and pérallion
would be alleviated if the users will have simple languagestucts to express the patterns in the terms close to tlyegno
flow graph. The flowcharts, popular in early days of prograngnare still used by hardware designers in form of schemsatic
and data flow graphs [1]. The DFG concept was well studied a®sgrgmming concept for Data Flow Machines [5]. In
spite of this, the existing programming languages still dbprovide a simple way to express common patterns. Here we
demonstrate one approach to express the patterns.

In a rudimentary form, the DFGs are implemented in Java orrsf the NAS Grid Benchmarks and in C/MPI version
of DT benchmark. OO languages such as Java and C++ are vemahfatr declaring DGArc, DGNode, and DGraphs as
classes, [8]. The same goal, however, can be achieved wittiadCsttuctures (C/MPI version of DT), see Appendix A.

Representation of a parallel program via DFGs has essauiiaintage that translation of the program to an MPI program
can be done almost automatically with a guarantee that eachis matched with a receive. The translation can be pegdrm
in two steps. First, we assign each node to a separate MPégsod hen, for each arc we issue a pair of send-receive in
the processes corresponding to the tail and head of the drasenthe arc ID as a tag. For acyclic DFGs, theoreticallg, thi
translation should generate a deadlock-free MPI progranpractice, however, extra caution should be used, singeaonl
limited number of send (receive) call can be pending duedaitstem limitations. For example, a deadlock may happened
for the graph shown in Figure 8, if the sends will be postechim dscending order of the arc ID, but the receives in the
descending order of arc ID.

The DFGs in the GridNPB benchmarks (Java version) also alowlify use of Java RMI interface in distributed envi-
ronment. This version reads benchmark DFG as an input wheehder can annotate with the grid machines where she wants
to assign the tasks. Each task waits for inputs on all incgraras, then processes these inputs, and, finally, sendssihiksr
along all outgoing arcs to the destination tasks. If the D&@&cyclic, this execution will automatically be deadloaker

The main advantage of programming with DFGs is that theyeiase level of programming abstractions and relieve
the programmer from explicit details of the patterns shekaavith. The programming with the DFGs has also well known
limitations: the graph must be acyclic and there is no gdlyaaecepted way to include control into the graph. Also,lfitig
the execution one of the processors (grid machines) faitassignment of a task to a new processor requires anottigoko



layer on the top of the DFG. In spite of these limitations tHe@is a useful programming concept employed implicitly or
explicitly in many applications and benchmarks.

source

Figure 8. Let sour ce and si nk are assigned to different MPI processes and send (receive) ¢ alls are
posted in increase (decrease) of arc ID. If the system limits only three simultaneous send (receive)
calls, an MPI program will deadlock.

6 Conclusions

A number of static patterns exist in the parallel prograntsese patterns are well understood and many of them are im-
plemented in parallel benchmarks. The dynamic pattermmeang during program runs, are data, application, onkare
dependent. These patterns can be detected by OLAP methedifudata mining. Many static patterns can be expressed by
Data Flow Graphs which facilitate development of paralted distributed programs.
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8 Appendix A: DGraph Declaration in C

Below we list implementations of the DGArc, DGNode, and D@ravhich are used in the DT benchmark. Similar
implementations in Java are used in the Java version of tiiNBB. Some fields such dangt h nadw dt h, are not
necessary for the implementation of the data Flow Graphubeitl to store additional information about arcs and nodes in
the benchmarks.

t ypedef struct{

int id;

void *tail, *head;

int length,wdth,attribute, maxW dt h;
+ DGAr c;

t ypedef struct{
i nt maxl| nDegr ee, maxQut Degr ee;
i nt inDegree, out Degr ee;
int id;
char *nane;
DGArc **i nArc, **out Arc;
i nt depth, hei ght, wi dt h;
int color,attribute, address, verified,
void *feat;
} DGNode;



t ypedef struct{
i nt maxNodes, maxAr cs;
int id;
char *nane;
i nt nunNodes, numAr cs;
DGNode **node;
DGArc **arc;

} DG aph;

DGAr ¢ *newAr c( DGNode *t|, DGNode *hd);
voi d arcShow(DGArc *ar);

DGNode *newNode(char *nm;

voi d nodeShow DGNode* nd) ;

DG aph* newDGr aph(char *nn);

i nt AttachNode(DG aph *dg, DGNode *nd);

int AttachArc(DG aph *dg, DGArc* nar);

voi d graphShow( DGraph *dg,int Detail sLevel);
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