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Abstract

KeLPisadomain specific library for efficiently implementing block structured parallel computations on
distributed memory MIMD architectures. KeL P supports dynamic irregular collections of structured data
organized into blocks that may be organized into levels, including multiblock and structured adaptive mesh
hierarchies[2]. Applications may be written in a mixture of languages and devel oped on a single processor
workstation. Such applications are portable across a diversity of parallel architectures including the IBM
SP2, SGI-Cray Origin 2000, Cray T3E, workstation clusters, and single processor workstations. KeLP
applications may interoperate with numerical code that has been parallelized with OpenMP annotations,
providing mixed mode programming on multi-tier SMP-based computers.
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1 Introduction

Building a finely tuned paralld scientific application from a high level mathematical description entails a
massive expansion of detail that is unacceptable to many programmers. Non-uniform applications, such as
multi-block and structured adaptive grid methods, present particular challenges due to the use of irregular
computational structures which may be dynamic. Parallelism compounds the difficulty by introducing the
need to manage data motion and load balancing, which generally cannot be handled by a compiler.

We have devel oped the KeL P Infrastructure to assist the scientific application programmer in managing the
complexity of blocked representations at run time on high performance computers. The current release of
KeLPistheresult of several years of research, and tracesitsrootsto earlier versions of KeLP, and the
LPAR-X system devel oped by Baden and Kohn [2].

KeLP isadomain-specific, run time middleware library intended for platforms ranging from
multicomputer mainframesto clusters and single processor workstations. Kel P supports blocked
representations only; it does not apply to fine-grained irregular computations involving general sparse
matrices, rapid summation algorithms such as Barnes-Hut or the Fast Multipole Method, nor so-called
“unstructured” finite eement meshes. However, the class of applications that KeL P does apply tois
significant and includes many applications that would be difficult to write with low level message passing
libraries.

The design goals of KeLLP are as follows.

Enable all decisions about data decomposition, assignment of data to processors, and the
communication of data dependencies to be deferred to run-time.

Eliminate tedious bookkeeping details.

Provide an appropriate level of abstraction that does not penalize performance

Permit the reuse of heavily optimized serial numeric kernels.

KeLP, implemented as a C++ class library, hides many of the details in managing complicated dynamic
data structures. For example, KeLP hides all calls to the underlying interprocessor communication
substrate, e.g. MPI. Rather, it enables the user to express data dependenciesin terms of higher-level
geometric set operations. The KeLP run time system interprets the required data motion carrying out any
installation dependent optimization transparently. Our users have found that KeL P’ s high-level, machine-
independent interface reduces software development costs significantly. These savings come without
sacrificing performance. In direct comparisons with hand-coded MPI applications KeL P performs at a
comparable level with MPI, sometimes exceeding MPI’ s performance [4,5]. KeL P applications may often
reuse existing single-processor numerical kernels with modest changes, and may invoke extrinsic
procedures written in languages such as Fortran. Such kernels may be parallelized with OpenMP or
pthreads to admit mixed mode parallel execution on Multi-tier architectures.

KeLP requires only basic message passing (MPI) support and is currently running on the IBM SP2, SGI-
Cray Origin 2000, Cray T3E and clusters of workstations running Solaris and Linux.



2 SoftwareArchitecture

Before we introduce the Kel P abstractions, we give a brief overview of the KeLP philosophy and we
discuss the KelL P methodol ogy for application software design.

21. TheKelLP Mode

KeL P supports coarse-grained data parallelism arising in distributed collections of structured blocks of
data. It providestheillusion of a single global index space and a single logical thread of control. On an
MIMD paralle computer the KelL P run-time system will execute in Single Program Multiple Data (SPMD)
mode. On a single-processor workstation, the KelL P system will spawn parallel processes to mimic parallel
execution, allowing development of parallel applications on a serial workstation.

KeL P supports dynamic collections of block-structured objects. Each block of a distributed object is an
indivisible data structure assigned to a single physical processing node'. Blocks communicate via high-
level block copy operations; intuitive geometric operations are used in lieu of indexing to determine which
data are communicated. The KeLP class interfaces hide the low-level details of communication from the
user.

How the blocks of data are organized is |eft up to the user’ s imagination. For example, in the multiblock
application depicted in Fig. 1a, an irregular region of space % in this case Lake Superior%ais covered with
rectangles of various sizes, and the equation is solved on thisirregular region. In other cases (see Fig. 1b),
multi-resol ution data structures adaptively concentrate computational effort in certain interesting regions of
the solution¥a in this case in the vicinity of atoms making up a molecule¥s that may change with time. In
dtill other cases, the processing nodes may run at different speeds, for example, in a heterogeneous
computing cluster.

Such applications are difficult to parallelize because they rely on dynamic, irregular data structures. The
location, size, and shape of the subdivided work are generally not known at compile time, and traditional
static decompositions will fail to balance the work across the nodes, or introduce unacceptable overheads.
Decisions about data decomposition, assignment to processors, and the determination of data dependencies
must be made at run-time

KeLP providestoolsto assist the user in managing such distributed data structures. Notably, Kel P does
not support automatic data decomposition?. Thisis an appropriate level of abstraction for middleware like
KelLP: data partitioning and mapping is highly application-dependent in treating irregular problems. Users
who build their own libraries can subsequently reuse the code, or publish it for the benefit of other KeLP
users. Kel P provides a standard interface for implementing such partitioners, greatly enhancing
reusability.

Two important aspects of KeLP areits provision for run time meta-data and the notion of communication
orchestration. Meta-data capture some aspect of execution, be it data layout, storage allocation, processor
assignment, or communication. Thereisno point-to-point communication asin MPI per se. Underlying all
KeLP applicationsis asingle global coordinate system, a rectangular subset of 7%, also called the Lattice.
Communication isrestricted to rectangular subsets of the lattice and is expressed in terms of global patterns
that reside within it. The sources and destinations within these patterns refer blocks of data rather than
processors. The mapping of blocksto processorsisn’t stated, and the overall communication pattern is
encoded as a data dependence descriptor with the help of geometric set operations. Once this descriptor has
been formed, then KelLP may be invoked to satisfy the data dependencies. The processis similar to

! This includes SMP nodes with multiple processors.
2 The DOCK library, which is supplied with the KeL P distribution, supports HPF BLOCK -style decompositions.



constructing a persistent communication object in MPI, but at a much higher level of detail, since data
dependences are expressed in geometric terms.

Under communication orchestration, an entire pattern of communication is logically executed as an atomic
operation. The KeLP run time system may perform retrospective analysis over the entire global
communication pattern involving all the processors. Thus, the KeL P programmer does not specify exactly
how many messages are to be sent, their ordering, or the specific processors involved. The fact that
messages might be broken up in a certain way, or sent in acertain order, isnot known into the programmer,
and isunder control of the run time system. This capability isthe key to KelLP expressiveness and its
ability to achieve high performance under a variety of conditions. KelL P has also been used to optimize
regularly decomposed dense numerical linear algebra.

Figure 1a: A multiblock decomposition of Lake Superior (Courtesy of Yingxin Pang).
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Figure 1b: Threelevels of astructured adaptive mesh hierarchy. The eight dark circles represent regions of
high error, such asatomic nucle in materials design applications. The mesh spacing of each level ishalf of
the previous coarser level (Courtesy of Scott Kohn.)



Meta-Data Abstractions

Name Definition Interpretation
Point <intig, intiy, ... intipq> A point in Z°
Map f:{0,...,.k-1} ® Z An integer mapping
Region < Point I, Point h> A rectangular subset of Z°
FloorPlan Array of < Region, Map > A set of Regions,

each with an integer owner
MationPlan . . . . . . . A block-structured communication

List of < Region R, integer i, Region Ry, integer j > pattern between two FloorPlans

Instantiators

Name Description

Grid A multidimensional array whose index space is a Region

XArray An array of Grids; structure represented by a FloorPlan

Mover An object which executes the data motion pattern described by a MotionPlan as an atomic operation.

A Mover binds a MotionPlan to two X Arrays, which are the source and sink for the data motion.

Table 1: A brief synopsis of the KeL P instantiator and meta-data abstractions.

2.1. DSL Construction

The purpose of KeLP isto curb the growth of detail in irregular applications. One way of achieving this
goal isto implement a domain specific library (DSL) providing common facilities for a particular problem
class, with a set of operations that map closely to the mathematics and physics of the problem. We
encourage KelL P application programmersto view KeL P in this spirit; that is, asatool for building DSLs.
The KeL P distribution includes a very ssimple DSL, called DOCK, which provides facilities we find useful
for solving dliptic differential equations with afinite-difference method. Weinvite our usersto refer to this
sample DSL as a starting point for writing their own DSL.

Because the DSL iswritten in KeL P, programmer has the full expressive power of KeLP at his or her
disposal. Thus, the DSL user can “drop down” to the KeLP level in order to perform application-specific
optimizations without having to work at the lower level communication layer, e.g. MPI. This approach has
the advantage not only of hiding incidental detail, but it also enables heuristic knowledge captured at the
application level to be transmitted via KeL P down to the hardware. Indeed, application-specific
optimizations might otherwise be obscured.

The DSL and application code are typically written in two levels:
top level KeLP code that manages the data structures and the parallelism;
lower level code written in C++, C, or, most frequently, Fortran to handle numerical computation.

KeL P code may be freely mixed with callsto other C++, C, or Fortran functions. This particular style
exploits the respective strengths of both C++ and languages like Fortran; heavily optimized serial
numerical kernels need not be massively reprogrammed in the course of parallelizing an application. The
architecture of a KeLP application is shown in Fig. 2.



KeLP provides a set of coordination abstractions that provides “glue” between the underlying
communication layer and the DSL. The current implementation of KeLP relies on MPI for message
passing support, though other communication interfaces could be employed.

Application

KeL P Code (C++) Serial NumericKernels
(Fortran, C, or C++)

MPI

Figure 2: Architecture of a KeL. P application



3 KelLP Classes

This section presents descriptive material about the four fundamental KeL P classes. Complete KeLP
applications may be built using only these classes or they may form the basis for user developed DSL. The
reader isreferred to the tutorials later in this document for concrete examples of the use of these classes,
and to the Reference Manual for implementation details.

3.1 Data Decomposition

KeLP provides four base classesto help manageirregular block-structured data decompositions at run time.
Regi on: an abstract object representing an index space, a rectangular subset of Z".
Fl oor Pl an: an array of Regi ons with processor assignments, representing a blocked data
decomposition.
@& i d: auniform dynamic array instantiated over a Regi on.
XAr ray: adynamic array of aggregate data objects, such asa G i d, distributed over processors.

The Regi on isuseful for array section manipulation; it defines no data values or storage, only the indices
themselves. In Kel.P we may define a two dimensional region in Z* as follows:

Region2 r2(2,4,5,8)

The object r 2 isthe bounding box over whichthe Gri d' s storageisto be defined. For example, the C++
arayint XIM[N isanM x N array of integers, defined over theRegi on (0, 0, M1, N- 1) , and the
Fortran array i nt eger X(n0O: i, n0: nl) isan(nil-nmD+1) x (nl-n0+1) array of integers,
defined over the Regi on (nD, nO, N, n1) . A Gri d defined onr 2 isidentical to the Fortran-90 array
section

M/Gid(2:5,4:8)

A Gi d isdefined over aRegi on and may be manipulated with high-level block copy operations. Gri d
elements must al have the same type; allowable types include the C++ built-in typesi nt, fl oat,
doubl e, char,unsigned,long int, |ong double, oranyfixed-size user-defined type or
cass® A Gi disnot distributed:; it existsin the address space of only one processor. Each Gri d
remembersits associated Regi on, which can be queried at run time, a convenience that greatly reduces
bookkeeping for dynamically defined grids.*

The Fl oor Pl an defines atable based-data distribution. It isatable of Regi ons and their processor
assignment. A Fl oor Pl an may be constructed incrementally by the programmer or returned from a
procedure that generates a data decomposition. The FI oor Pl an gives the programmer a common
representation for representing an arbitrary irregular block-structured data decomposition.

Thefinal classisthe XAr r ay, an array of G- i ds distributed across processors. The e ements of an

XAr ray must all be the sametype; each G- i d may have a different origin and size, but all must have the
same number of dimensions and element type. Each Gr i d is assigned to exactly one processor. The KeLP
system supplies a default mapping of Gr i dsto processors, or the user may specify his or her own.

®KeLP currently does not permit arbitrary base types, i.e. user-defined classes with embedded pointers.
4 Compare thiswith C, which requires that the programmer keep track of the bounds for a dynamic multidimensional

array.



The programmer may describe arbitrary block distributions using the above classes. Typically, if there are
P processors, the programmer declaresa Fl oor Pl an P = P Regi ons that represent the partitions. A
subsequent call to aKelL P library routine instantiates a P' element XAr r ay over the P' regions, allocating
storage to processors according to the FloorPlan. The XAr r ay serves as a container for these distributed
& i ds, which may be manipulated in parallel. The relationship between the Fl oor Pl an and XAr r ay
areshown in Fig. 3a.
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Figure 3a: Example of aFl oor Pl an (left) and XAr r ay (right). The arrows on the right dencte processor
assignments, not pointers. Indexing an XArr ay yidddsaGri d, not apointer toaGri d.
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[ ] [
Region R grow(R,1) R*Q

Figure 3b: Examples of Region calculus operations grow and intersection *. Qand Rareregions. G ow( R, 1)
expands the Regi on R by oneunit in al directions, and is commonly used to grow a halo region for stencil
computations. We can intersect this halo region with the other subdomain to determine data dependencies requiring
communication

3.1.1 TheRegion Calculus

To smplify Regi on manipulation, KeL P supports a Region calculus. The Region calculus provides
geometric operators over Regi onssuch as grow and intersect to help the programmer coordinate data
motion among block-structured objects (see Fig. 3b) For example, a programmer can use gr ow( ) to
define a ghost region for afinite difference calculation (see Fig. 3c). KeLP's data mation facilities may
then be used to perform the data updates (see Fig. 3c). Data values will be copied over in the intersection of
the ghost region and interacting blocks. KeL P hides all the bookkeeping, e.g. subscript cal culations and
manages any accompanying interprocessor communication.
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Figure 3c: Anirregular multiblock grid (left). Ghost cells surround each grid (center). The copy operation
shown in theright half of the figure updates the ghost cells. It isstored in a Mot i onPl an and carried out
with aMover .

3.2 Communication Orchestration

To realize efficient communication on message-passing architectures, KelL P provides data orchestration
mechani sms to manage communication. These mechanisms are based on the inspector/executor paradigm
[1]. They enable the programmer to pre-process the communication pattern at run-time, reducing
synchronization requirements and realizing communication optimizations.

KeLP's provides two new data types to handle orchestration: Mot i onPl an and Mbver . The

Mot i onPl an encodes a set of block copy between two XArrays or among the eements of asingle
XArray (See Fig. 3d). Thiscommunication istreated as an atomic collective operation. The KeLP
programmer typically buildsa Mot i onPl an incrementally, adding block copy operations to the

Mot i onPl an oneat atime. The programmer can use KeL.P's Region calculusand Fl oor Pl an objectsto
write simple code that generates arbitrary collective block communication patterns. Alternatively, the
MotionPlan generation code can be hidden in an application library or DSL.

Figure 3d: Endogenous communication within a 3 element XArray. Exogenous communication between
two XArraysis also possible, but isn’t shown.

The Mover isafirst-class object that performs the collective communication pattern represented by a

Mot i onPl an. It performs block transfers over regular array sections between two X Arrays. The advanced
user may also tailor the Mover classto perform special optimizations or to associate numeric operations
with a communication pattern, e.g. multigrid restriction and prolongation. Thisis described in section 7.4.

There are three steps to managing communication under KelL P’ s data orchestration model: 1) Build a
Mot i onPl an describing the collective data dependence pattern, 2) Construct a Mover object by
associating the MotionPlan with the XArrays to be moved, and 3) Carry out the communication to satisfy
the dependencies by invoking Mover member functions.



To understand the operation of the MotionPlan and Mover, we use the following notation. Let D and S be
two XArrays, D(i) beelement i of D, and §j) element j of S(D(i) and §j) are Grids). Let R; and Ry be two
Regions. Then, the notation

(D@) onRy) U (Sj) onR)

denotes a dependence between two rectangular sections of XArray e ements D(i) and §(j). Informally, we
may think of this dependence as being met by executing the following block copy operation: copy the
values from §(j), over all theindicesin Ry into D(i), over theindicesin Ry. We assume that Ry and Rs
contain the same number of points, though their shapes may be different. The copy operation visits the
pointsin Ry and Rs in a consistent systematic way, e.g., row-major order.

The MotionPlan encodes a set of dependencies of the above form. The MotionPlan M isalist containing n
entries, denoted M(K) for 1 < k < n. Each entry is a 4-tuple of the following form:

&Region R, integer i, Region Ry, integer jfi

The components of the 4-tuple describe dependence (and hence communication) in a manner consistent
with the previous discussion. We use the copy () member function to augment the MotionPlan with new
entries. An example of MotionPlan construction appearsin Fig. 3e.

We instantiate a Mover object Mv by associating a MotionPlan M with two XArrays:
Mover My = Mover(M S, D)

Theresult isan object M/ with two operations, st art () andwai t (). Informally, data motion
commences with acall tothe st ar t () member function. This call is asynchronous and returns
immediately. Thewai t () member function isused to detect when all communication has completed. In
particular, when wai t () returns, the Mover will have executed the following communication operation for
each M(K):

(D(Mk) # i) on Mk) #Rd) U (S(Mk) #j) on Mk) # Rs),

where we select the entries of the M k) 4-tuplewith the# qualifier: M k) # Rd , Mk) # i, and
soon. Sincethe specific order of transfersis not defined, correctness must not depend on that ordering.

We build a Mover for each data motion pattern to be executed. In cases where source and destination are
the same XArray, we have an endogenous copy, which is useful in halo updates.

Ghost Cells
Fl oor Pl an2 U; i f i :

i nt NGHOST; _[E— |
MotionPl an M ;
for each Ui) 1 U _ ;
I = growm U(i),-NGHOST ); L
for each UWj) T U | i | Py
Regionz R=1 C Uj) S !
M Copy( Wi)C RU(j)C R Partition
end for
end for

i
b

Figure 3e: MationPlan construction for a halo update (Ieft). The grow() operation trims off the ghost cells (right),
which are NGHOST cells deep. A graphical depiction of MotionPlan construction appears on theright.



3.3 Coarse-Grain Data Paralldism

KeL P defines a coarse-grained iterator—nodel t er at or —that facilitates concurrent iteration over the
G i dsof an XArr ay. Each iteration of anodel t er at or loop executes independently in SPMD mode.
Sincean XAr r ay isintended to treat irregular decompositions, each processor is may be assigned more
than on XArray element.

KeLPtreatsthenodel t er at or loop as an atomic operation and the result of executing such aloop is
independent of the order in which the iterations are taken. The semantics of nodel t er at or loop are
similar to HPF's | NDEPENDENT f or al | statement in that changes propagate to succeeding statements
of amultiple statement nodel t er at or loop. KeLP does not support nested parallelism; thus,

nodel t er at or loops may not be nested.

A typical KelLP program follows a simple model of coarse-grained parallel computation:

1. GeneratetheFl oor Pl an; (a) decompose the computational space, storing the Regionsin a
Fl oor Pl an; (b) specify an assignment of each Regi on in (1a) to a processor.

2. Createan XAr r ay of Grid corresponding to the Fl oor Pl an of (1).

3. GenerateaMdt i onPl an corresponding to the data dependencies between Gri ds in the XArray and
instantiate a Mover.

4. InvokeaMbver to carry out the required communication.

5. Perform calculations on the Gridsin the XAr r ay in paralle using nodel t er at or loop.

The decomposition in (1a) may be managed explicitly by the application, such asin the generation of
refinement regions, or through partitioning routines such as recursive bisection [3] or uniform block
partitioning. Because KeL P provides a uniform interface for representing and parallelizing irregular block
decompositions, it provides flexibility and generality in treating a number of different problem classes.

The assignment of Regi onsto processorsin (1b) provides the application flexihility in delegating work to
processors. In general, thisinformation will be returned by the routine that renders the partitionsin (1a).
This step may be omitted, in which case KelL P generates a default assignment.

Using the Fl oor Pl an(1) we instantiate an XAr r ay (2) corresponding to the data decomposition. KeLP
creates G i dsbased on the supplied Regi on information and assigns them to the appropriate processors.
After the decomposition and allocation of data, applications typically alternate between steps (4) and (5).
After communication completesin (4), we compute in parallel onthe G i dsinthe XArr ay using

nodel t er at or loop (5). In this step, we assume that the G- i ds are decoupled: they are processed
independently and the computation proceeds asynchronously.

10



4 Getting Started with KeL P

If KeLPisnot installed on your computer, you may download it from
http://ww-cse. ucsd. edu/ groups/ hpcl / scg/ kel p/.

Follow the installation instructions in the READVE file located in the top-level directory. KeLP requires
that MPI beinstalled.

Once KeLPisingtalled on your system, set the shell environment variable KELP_HOVE to the path of the
installation directory. For example, if KeLP hasbeen ingtalled in/ usr /| ocal / kel p and you are using
the C shell (csh) in the Unix environment, then execute the command

setenv KELP_HOVE /usr/ | ocal / kel p

The KELP_HOVE environment variable is used by the KeL P makef i | e system. To verify that it is set

correctly, try copying one of the example directories to your working area and (re)compiling the code. For
example, in the Unix C shell environment try:

cp —-r $KELP_HOVWE/ exanpl es/region3_init ~
cd ~/region3_init
gmake

Noticethat KeL P requirestheuse of grmake instead of make on most systems. Grake isa popular

package with system administrators and might already be installed on your system. It can be obtained at
http://ww. gnu. or g/ sof t war e/ make/ make. ht m .

11



5 Tutorial |

For this tutorial we will examine three programs that progressively demonstrate the fundamental class
components of the KeL P library. The source code for these programs can be viewed online at
http://ww. cse. ucsd. edu/ groups/ hpcl / scg/ kel p/ KeLP1. 3_src/ exanpl es/, orin
your installed KeL P software basein $KELP_HOVE/ exanpl es/ .

51 KeL P initialization

Asshown in Fig. 2a, all KelLP programs currently depend upon MPI. To usethe KeLP librariesin your
program, first initialize MPI®;

MPl I nit(&argc, &rgv) ;
Next, initialize the KeLP libraries:
I ni t KeLP(argc, argv) ;
During initialization, KeLP initializes its own message passing library np++ that hides the MPI

implementation details. If your program needs to determine which processor is currently executing, or the
total number of processorsin the Kel P runtime environment, execute the calls:

mMWI ()
nmpNodes() ;

int iproc
i nt nproc

to storethe desired valuesini proc and npr oc, or the variable names of your choice.

5.2  region3_init: Region, FloorPlan, and XArray

As previoudly discussed in section 3, KeLP uses Regi ons and Fl oor Pl ans to describe how the
coordinate space of a problem domain will be partitioned across parallel processing e ements. In the case of
amatrix, aRegi on correspondsto the bounds of a 2D array that encompasses all or a part of the matrix.
The Fl oor Pl an describes to the KeL P libraries how the Regi ons will be mapped across a processor
space; i.e, al or some of the processesinitiated with MPl _I ni t . OnceaFl oor Pl an has been
instantiated, an XAr r ay may be created to store actual data values associated with the Regi ons
distributed across the processor space.

Programr egi on3_i ni t . C demonstrates the instantiation of these objects for a simple 3D volume of
size8 x 8 x 8. The volume will be partitioned along the x-axisinto 4 equal sized Regi ons.

After initializing KeLP, the program begins by defining the dimension of the problem coordinate space and
number of regionsin the macros Nx, Ny, Nz, and NREA ONS. Theindexing variablesp and r are also
defined:

#define Nx (8)
#define Ny (8)

c It might be argued that it would be cleaner and more logical to havel ni t KeLP, rather than the user program, call
MPI _I nit. However, by keepingthe MPI _I ni t call outside of KeL P, we facilitate interoperation with
applications that use a mix of KeLP and other libraries that call MPI.

12



#define Nz (8)

/1 Nunmber of Regions, mnust divide Nx (deconposition is along x).
#defi ne NREA ONS (4)

int p;
int r ;

The Regi ons R[] and Fl oor Pl an F arethen instantiated and the actual coordinate bounds of the
regions and placement in F are declared. Notethat Regionr hasorigin (1+(r*( Nx/ NREG ONS) ) ,
1, 1) andextent ((r+1)*(Nx/NREA ONS), Ny, Nz)

/1 Regions are coordi nates of vol unes.
Regi on3 R NREG ONS]

/1 Declare floorplan to contain the regions.
Fl oor Pl an3 F;
F.resi ze(NREG ONS) ;

/1 Decl are our data deconpositions and put themin the container.
for (r=0; r<NREG ONS; r++)

R r]=Regi on3(1+(r*(Nx/ NREG ONS) ), 1, 1, (r +1) * ( Nx/ NREG ONS) , Ny, Nz) ©

}

F.setregion(r,Rr]);

After the regions have been placed in the Fl oor Pl an, the processor assignments can be made. In this
case we employ a BLOCK CY CLIC decomposition in which element r isassigned to processor r MOD
nproc (herenproc == 2) areillustratedin Fig. 5a

/1 Map the regions cyclically to processors until all regions are
/1 mapped. Mapping is known on each processor

p=0;
r =0;
while (r < NREG ONS)
{
F. set owner (r, p);
r++ ;
p++ ;
p % nproc ;
}

® The reader isreminded that the index arguments to a RegionX object correspond to X-dimensional array indices over
that region sing Fortran column major ordering. Thiswas described in detail in Section 3.1. This convention was
adopted for convenience since most KelL P applications ultimately call Fortran numerical kernels.
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Floorplan F :

(1,1,1) (NXFNYFNZ)

R[0]  R[1]  R[2]  R[3]

N

Processors : ﬁ E

0 |

Figure 5a: Results of cyclic mapping of Regionsr = 0 to3toprocessorsp = 0 and 1.

So far we have only created the description of a data structure. In order to actually store values at these
locations we must all ocate storage by creating an XArray from FloorPlan F:

/1l Create distributed array of 3D grids fromthe fl oorpl an.
/1 Al ocates storage.
XArray3<@i d3<doubl e> > X(F);

Let usreview what has been done up to now. The FloorPlan isa 1-Dimensional table, each entry
consisting of a Region, i.e. a bounding box, and an owner, i.e. aprocessor ID. The XArray3isal-
Dimensional array each of whose elementsisa Grid3, i.e. a 3-Dimensional array of, in this case, doubles.

Thisisalso an appropriate point at which to note a KelLP indexing convention: Kel P objects Region,
FloorPlan, and XArray are indexed in Fortran style, using parentheses. If Y isan indexible KeLP object,
then Y (r) isthe r'" element of the Y object. If Z isan array of some Kel P class, then Z[ r ] isther™ element
of Z.

The XAr r ay can then befilled with values as desired. In thisexample, aconstant valueset byi nitv is
used. Thenodel t erat or object pr oc isused to iterate through the Regi ons of the elements of X.
Associated with each successive value of pr oc isarank, which may be queried using the ( ) operator.
We may use this rank to index the XArray X as shown below in the expression X(r) .

Each iteration of the nodel t er at or may be executed in an arbitrary order. For many-toc-one
assignments of XArray elements to processors, thereis an implied serial ordering on each processor, but
the programmer may not take advantage of that ordering. Statements within the loop body of the
nodelterator are executed serially.

Within the loop body of the nodelterator, we execute aserial i ndex| t er at or 1oop to sweep over all
the 3-tuples corresponding to the points contained in the Regi on of X(r) . Wecreatean

i ndexlterator3 objectijk . Byan abuseof notation, we may construct an i ndexl t er at or

using a Grid-valued object (recalling that we get a grid when weindex the XArray X) as an argument to the
congtructor. Theindexing operationson i j k () producethei ,j , and k, indices, respectively,
corresponding to the 3 coordinate indices for each point. (Iterators are described in detail in Section 3 of the
KeL P Reference Manual).
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/1 Fill the data arrays with a constant val ue
double initv = 1.0 ;
for (nodelterator proc(X); proc; ++proc)
{
r = proc();
cout << "Proc
int i,j,k;
for (indexlterator3 ijk(X(r)); ijk; ++ijk)
{
i =ijk(0);
j=ijk(1);
k=ij k(2);
X(r)(i,j,k)=initv;
cout << "X(" << r << ")(" < «<",|" <] «<"," <k «<") =
<< initv << endl ;

}

<< iproc << getting region " << r << endl ;

}

The program can be compiled and run interactively on an SP2 system by executing the following
commandsin acopy of ther egi on3_i ni t directory:

gmake

poe region3_init -procs 2 -rnpool 1

Exercisefor thereader:

Create acopy of ther egi on3_i ni t directory under a new name, perhapsr egi on3_init 2
and modify the program to initialize the volume to non-trivial values.

A copy can be created in the Unix environment by:
cp —-r $KELP_HOVE/ exanpl es/region3_init/ region3_init2/
Change the program name and itsreference in the makefil e :

cd ~/region3_init2
nv region3_init.Cregion3_init2.C

In the makefile, theline
PROG = region3_init
should be changed to
PROG = region3_init2
Edit the sourcefiler egi on3_i ni t 2. C and make the desired changesto X(r) (i, ], K) .

As usual, compilewith gmake and run the program using your local parallel scheduling
environment. For example, on an IBM SP2 system this could be accomplished with

gmake
poe region3_init2 -procs 2 -rnpool 1
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5.3  region3 xcut: the Region Calculus

Programr egi on3_xcut . C demonstrates the use of the Regi on intersection operator, * . It continues
where program r egi on3_i ni t left off, with a3D XAr r ay of size (1,1,1) x (Nx,Ny,Nz) partitioned into
four RegionsR[r], r = 0..3 andacyclicdistribution across the processor space.

At this stage, each value of the XAr r ay isinitialized to 1. 0. Suppose we wish to increment the el ements
of the XAr r ay on a sub-volume that runs parallel to the x-axis along the “core” of the global volume. To
do so, we declareaRegi on3 with the desired index set: one that happensto be one e ement widein they
and z directions, and Nx elementsin the x direction:

/1 Create a cross-cut region that intersects core along x-axis.
Regi on3 RC(1, Ny/ 2, Nz/ 2, Nx, Ny/ 2, Nz/ 2) ;

To complete the task, the newly created Regi on3 RCisintersected with the region of each XArray
element, and the elements of the resulting intersection are incremented by a nominal value:

/1 Add sone value to each value of the intersecting region.
double incr = 2.5 ;
for (nodelterator xproc(X); Xxproc; ++xproc)

{
r = xproc();
cout << "Proc " << iproc << " updating region " << r << endl ;
/] iterate across intersection
int i,j,k;
for (indexlterator3 ijk(X(r).region()*RO; ijk; ++ijk)’
{
i =ijk(0);
j=ijk(1);
k=i jk(2);
X(r)(i,j,k) +=incr ;
cout << "X(" << r << ")(" << <«<"," <] << """ <<k <<
") =" << X(r)(i,j,k) << endl ;
}
}

The“magic” happensin the operation X(r) . r egi on() * RC which calculates the intersection (a new
Regi on) of RCand the current local Regi on of X. Thei t er at or objecti j k is constructed from this
new Regi on, and it generatesa set of indicesin X for usein the update.

Exercisefor thereader:

Create a copy of ther egi on3_xcut directory under a new name and modify the program to
initialize the volume to create non-trivial sub-volumes and Regi ons. Usethe Regi on
i ntersection operator.

" Remember that X(r) isaGid3. Itsregi on() member function returnsits bounding box. So
X(r).regi on()*RC isaRegi on3.
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54  region3_move: the MotionPlan and Mover

Programr egi on3_nove. C completes the introduction to the core KeL P classes. Like the previous
example, it also continues where program r egi on3_xcut |eft off, but instead of updating valuesin a
segment of the 3D volume, it moves (copies) values from one sub-volume to another. The source and target
sub-volume are specified by two 3-dimensional regions, RC1 and RC2:

/] Create two regions that intersect the volune
/1 on either side of x-axis.
Region3 RC1(1, (Ny/4)-1, (Nz/ 4) -1,

Nx, (Ny/4)+1, (Nz/4)+1 );

Regi on3 RC2(1, (3*(Ny/4))-1, (3*(Nz/4))-1,
Nx, (3*(Ny/4))+1, (3*(Nz/4))+1 );

Recall that the values stored in the entire 3D volume wereinitialized to 1. 0. To make the example mildly
interesting, we initialize each point of the sub-volume defined by RC1 according to the rank of the
intersecting XArray element, i.e. thevaluer, suchthat X(r). regi on() *RC1 isnot empty:

/1 Update region RCl
for (nodelterator xiter(X); xiter; ++xiter)

{
r = xiter();
for (indexlterator3 ijk(X(r).region()*RCl); ijk; ++ijk)
X(r)(ijk(0),ijk(1),ijk(2)) = 1.0*r ;
}

We then create a Mot i onPl an to describe the desired data motion (copy) from RC1 to RC2. Note that
theMbt i onPl an Copy( ) member function does not actually copy any data but instead appends a
record describing the source and target for data motion.

/'l Create a MdtionPlan to shift-copy blocks fromRCl1 to RC2
Mot i onPl an3 Pl an;

/1 Make the notion plan assignnments
for (r=0; r<NREG ONS; r++)

int s =(r + 1) %NREG ONS ;

try {
Pl an. Copy(F,r, F(r)*RCl1, F, s, F(s) *RC2) ;

}
catch (BndErr) {
cout << "Plan. Copy(F," << r <<
",RC1,F," << s << ",RR) failed." << endl ;
MPl _Finalize();
return(0);
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Note that the Copy method of the Mot i onPl an carries out all the work in this as follows:

Copy the data from the region defined by F(r) * RC1, which resides on processor
F(r).owner (), intotheregion F(s)*RC2 which resides on processor F(s) . owner () .

>

RC1(1) RC1(2) RC1(3) RC1(4)
RC2(1) RC2(2) RC2(3) RC2(4)

Figure5b: Left figure shows the core regions described in the text. Right figure shows the pattern of data
motion between the two core regions.

To execute thisMbt i onPl an, the user needsto create an engine or Mover to perform the copy operation.
Oncethe Mover has been created, acall theexecut e() member function will transfer the data:

Mover 3<G i d3<doubl e>, doubl e> Mwve(X X Pl an);
Move. execut e() ;

Although this example only moves the data once, a more typical application would update the valuesin the
source region during each iteration and execute the move after the update has finished. In such cases, the
XArrays, MotionPl an, and Mover need only be declared once while the execut e method is called
each iteration.

In addition, since the Mot i onPl an describes a pattern of communication while the Mover isbound to
particular XAr r ays, the mapping can be many to one. Suppose our simple example had declared a second
XAr r ay built on the same Fl oor Pl an:

XArray3<G i d3<doubl e> > Y(F);
Then to move datain a similar pattern among these arrays we might also have:

Mover 3<Gri d3<doubl e>, doubl e> MveX( X, X, Pl an);

MoveX. execut e() ;

Mover 3<Gri d3<doubl e>, doubl e> MoveY(Y, Y, Pl an);

MoveY. execut e() ;

Mover 3<Gri d3<doubl e>, doubl e> MveXY( X, Y, Pl an);
MoveXY. execut e() ;
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Exercisefor thereader:

Modify the program to repeatedly update the source location and call Mbve. execut e() , then
print out contents of target location.
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6 Tutorial Il

In thistutorial we show how to implement a smple numerical application, j acobi 2D, which solves
Laplace's equation in two dimensions using 5-point Jacobi iteration.
6.1  Problem Description
Wewill usej acobi 2D to solve Laplace's equation in two dimensions:
?2u=0

for areal-valued function u of two variables. ? isthe computational box, a subset of R2. We specify
Dirichlet boundary conditions on ?7? , the boundary of ? :

u=g on ?7?
where g is also a real-valued function of two variables.

We discretize the computation using the method of finite differences; we now solve a set of discrete
equations defined on W aregularly spaced (N+2) x (N+2) set of pointsin Z2. We number theinterior points
of Wfrom 1 to N in the x-coordinate and from 1 to N in the y-coordinate. The boundary points, which
contain the Dirichlet boundary conditions for the problem, are located along x-coordinates of and N+1 and
along y-coordinates of and N+1, as shown in Fig. 6a.

TI+1

- LI 1+L 1
Lr

1 N -1

Figure 6a: A finite difference mesh (left) and the accompanying finite difference stencil (right). The Grid
Uis defined over the 2-dimensional Regi on donmai n( 0, 0, N+1, N+1) , i.e the rectangle between lower
bound ( 0, 0) and upper bound ( N+1, N+1) . The solution is computed on the inner portion of the mesh;
the boundary conditions are supplied on the outer edge. This boundary region is one cell thick, as dictated
by the finite difference stencil for the smoother, which in our case updates each cell as afunction of its
nearest neighbors along the Manhattan directions.
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6.2 Main Routine

The main routine appears below as Fig. 6b. For clarity of exposition the version reproduced here has been
stripped of comments and /O statements. A complete version of following programming exampleis
included in the source distribution in kel p1. 3/ apps/ j acobi 20¥ noAPI / .

(1) MPl _Init(&argc, &rgv);
(2) I ni t KeLP(argc, argv);
(3) Mot i onPl an2 M

(4)  try{
(5) int N = ParseConmandLi ne(argc, argv);
(6) Regi on2 domai n(3,1, N, N);
(7) FloorPlan2 T = UnifornPartition(domain);
(8) XArray2<@id2<doubl e> > gridl(T);
(9) XArray2<@id2<doubl e> > grid2(T);
(10) InitGid(gridl);
(11) InitGid(grid2);
(12) XArray2<@id2<doubl e> > *oldgrid = &gridil;
(13) XArray2<@id2<doubl e> > *newgrid = &gri dz2;
(14) initMtionPlan(T,M;
(15) Mover 2<@& i d2<doubl e>, doubl e>* pDML =

new Mover2<Gid2<doubl e>, doubl e>(gridl, gridl, M;
(16) Mover 2<@& i d2<doubl e>, doubl e>* pDW =

new Mover2<Gid2<doubl e>, doubl e>(grid2,grid2, M;
(17) for (int i=0; i<NITERS; i++) {
(18) pDML- >execut e() ;
(19) SwapPoi nt er (&DML, &pDMR) ;
(20) Conput eLocal (*ol dgri d, *newgri d);
(21) SwapPoi nt er (&ol dgri d, &ewgri d);

}

}

(22) catch (Kel pErr & ke) {
(23) ke. abort();

}
(24) WMPI_Finalize();
(25) return(0);
}

Figure 6b: Main procedure for jacobi2D example.

Thefirst two statements of any KeL P program should initialize MPI and the KeL P run-time
system, (1) and (2):

(1) MPI_Init(&argc, &rgv);
(2) InitKelLP(argc,argv);

Next (3), we declare (instantiate) the Mot i onPl an which will direct the communications.

21



Following this, we open themain t r y block (4) in order to catch any exceptions that may occur® and read
in the problem size (5). Next (6), we define our computational box with an object of class Regi on (see
Fig. 6a):

(6) Region2 domain(1l,1,N N);

This defines a 2d Regi on valued variable called domai n. Class Regi on is (strongly) typed by the
number of spatial dimensions. Regi on2 represents a 2-dimensional Regi on, Regi on3 a3-d region, and
soon.

Next, on line (7), we call afunction to partition the computational domain across processors.

Now that we have defined the storage required by each processor, we are ready to instantiate storage to
represent the distributed grids. An XArray isadistributed array of G i ds. Each Grid component may be
assigned to an arbitrary processor. Statements (12) and (13) instantiate two XAr r ays each with the grid
structure we have set up in Fl oor Pl an T. Note that the dimensionality of the XAr r ay (in this case, 2)
must match the dimensionality of the component G i d type.

(8) XArray2<Q@id2<double> > gridi(T);
(9) XArray2<Q@id2<doubl e> > grid2(T);

Statements (10) and (11) are function calls that set up initial boundary conditions and an initial guess for
the unknowns. These functions are simple and are not discussed here. (See the complete listing in the
source distribution for more details). Statements (12) and (13) just define pointerswe will useto refer to the
distributed data structures.

(10) InitGid(gridl);
(11) InitGid(grid2);
(12) XArray2<Gid2<doubl e> > *oldgrid
(13) XArray2<Gid2<doubl e> > *newgrid

= &gridl

= &grid2

Statement (14) callsthefunction i ni t Moti onPl an which, giventhe Fl oor Pl an, createsthe
Mot i onPl an.

After specifying the pattern of block copy operationsin the Mot i onPl an we are now ready to carry out
the communication expressed by the pattern. We instantiate two Mover objects using the same

Mot i onPl an M Each Mover isresponsible for moving data within a single XArray (15-16). Werequire
a separate Mover for each XArray used by the solver, since we will be swapping “old” and “new” grids
later on at line (21).

Statements (17-21) contain the main loop of theiterative solver. First the Mover is executed to exchange
ghost cells (18). This operation updates off-processor values for each Gri d. (Fig. 6d.) Sincetheroles of
the two grids are interchanged every iteration, so too must the movers be interchanged (19).

Conput eLocal (20) performslocal smoothing oneach G'i d conponent. SwapPoi nter (21)
just renames the storage for the next loop iteration.

(17) for (int i=0; i<N TERS; i++) {
(18) pDML- >execut e() ;

(19) SwapPoi nt er (& DML, &pDMR) ;

(20) Conput eLocal (*ol dgri d, *newgri d);
(21) SwapPoi nt er (&ol dgri d, &ewgri d);

8 KelLP may be compiled in a special error checking mode to permit the KelL P to throw exceptions that
result, for example, fromillegally indexing an XArray, or attempting to move data outside the region of an
XArray component. Thismode is normally shut off asit imposes a run time overhead.
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}

Statements (22-23) catch any errorsthat arose during execution, and use the C++ exception mechanism.
Statements (24) and (25) should be the last two lines of any KelL P program.

(24) MPI_Finalize();
(25) return (0);

6.3 UniformPartition

Function Uni f or mPar t i on partitions the computational domain across processors. In general, the
programmer must determine how to accomplish this for complicated domains. However, for this simple
example, the KeL P distribution includes a library of classes—the DOCK library—to effect HPF style block
decompositions. The dock library includes two classes—Pr ocessor and Deconposi t i on—which
enable usto define alogical processor array and to define a decomposition of the domain across the
processors. Once we have determined a decomposition, then we will add ghost cells, and then finally
instantiate the necessary XAr r ay(s). The code for Uni f or nParti on appearsasFig 6c.

Fl oor Pl an2 Uni fornPartiti on( Regi on2& donai n)
}

(1) Processors2 P;

(2) Decomnposi ti on2 T(domain);

(3) T. di stri but e( BLOCK1, BLOCK1, P) ;

(4) i nt index;

(5) for (indexlteratorl ii(T); ii; ++ii) {
(6) index =1i(0);

(7) T. setregi on(i ndex, grow T(i ndex), 1));
(8) }

(9) return T;

}

Figure6c: Function Uni f or nParti ti on generatesthe uniform BLOCK partitioning which isshown in
Fig. 6d.

Using the DOCK mapping classes, we first declare a virtual processor array corresponding to the physical
processor set (1). A default Pr ocessor s2 object creates a 2D logical processor array.

(1) Processors2 Pb;

Recall that aFl oor Pl an representsthe Regi ons and processor assignments for a set of distributed
Gids. ADeconpositionisaclasspublicly derived from Fl oor Pl an that will automatically
create a block data distribution for a computational domain. Statements (2) and (3) thus create a
Fl oor Pl an T representing a block data decomposition, mapped to the physical processor array.

(2) Deconposition2 T(domain);
(3) T.distribute(BLOCKL, BLOCKL, P);

Such a partitioning is shown in Fig. 6d.
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Figure 6d: Block partitioning into 16 regions (left), showing the ghost region for atypical partition
(middle). The right figure gives the dependencies that must be satisfied to refresh the ghost cells.

Next, we pad each processor's partition with an additional ghost cell in each direction to hold Dirichlet
boundary conditions and off-processor values. The loop at lines (4-7) accomplishesthis. We use a serial

i ndex| t er at or 1 toiterate over each element in Fl oor Pl an T.? We get the index of the FloorPlan
element for the current iteration with the (') indexing operator, and use the index to extract the region of the
FloorPlan dement.’® For aRegi on R gr ow( R, 1) definesa Regi on padded with one cell in each
direction. Thus, statement (7) grows the region of the current FloorPlan element as needed. The

set regi on() member function updates the e ement at the current index by the region-valued expression
specified by the second argument.

(4) int index;

(5) for (indexlteratorl ii(T); ii; ++ii) {
(6) index =ii(0);

(7) T. setregi on(i ndex, grow T(i ndex), 1));
8 }

6.4 initM otionPlan

Thei ni t Moti onPl an() function (Fig. 6d) fillsin the ghost cells for each processor's partition in an
XAr r ay . We now describe the KelL P code to effect this data mation, which appears as follows.

voi d initMtionPlan(Fl oorPl an2& F, NMbtionPlan2 &M ){

(1) for (indexlteratorl ii(X); ii; ++ii) {
(2) int i =ii(0);

(3) Region2 inside = growm F(i), -1);

(4) for (indexlteratorl jj(F); jj; ++j) {

(5) int j =7jj(0); _ S
(6) if (i '=j) MCopyOnintersection(F,i,F,j,inside);
}
}

Figure 6e: initMotionPlan() function for jacobi2D example

® Remembering that KeL P iterators are strongly typed by dimensionality, we infer that a FloorPlan is
implicitly 1-dimensional. We also recall that we may construct the iterator using a FloorPlan argument.
19 By an abuse of notation, the indexing operator () returns the region of the FloorPlan eement.
Alternatively, we could use the region( )member function: T. r egi on(i ndex) .
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Now, we iterate serially over each Regi on in the Fl oor Pl an (1-8), recalling that when weindex a
Fl oor Pl an element, we get back a Regi on:

(1) for (indexlteratorl ii(F); ii; ++ii) {
OB

For each Fl oor Pl an el erent F(i ), first we determinethe Regi on of F(i) that correspondsto
virtual processor i's portion of the solution; the gr ow( ) operation (3) is needed to trim off the ghost cells:

(3) Region2 inside = grow(F(i).region(), -1);

We then loop again over each Fl oor Pl an el ement F(j) (4-6). For each Fl oor Pl an el enent
other than F(i ) , we add to the Mbt i onPl an ablock copy operation meaning “copy from F(i ) into
F(j) wherethese Fl oor Pl an el enent s intersect the Regi on i nsi de” (6). Asa consequence of
how we previoudly allocated storage, this Mot i onPl an corresponds to copying “solution™" values from
GidX(i) intoghost cellson X(j) .

(6) for (indexlteratorl jj(F); jj; ++j) {

(7 b= 1100 _ S
(8) if (i '=j) MCopyOnintersection(F,i,F,j,i nside);
(9) }

6.4  Computel ocal

The Conput eLocal () function performslocal Jacobi relaxation on each Gri d inan XAr r ay (Fig. 6€).
We now show how to implement this operation by calling a serial Fortran 77 routine from KeLP.

(1) #define f_j5relax FORTRAN NAME(j 5rel ax_, J5RELAX, j5rel ax)
(2) extern "C' {
(3) void f_jb5relax(const double *const u, FORTRAN_ARGS2,

(4) const doubl e *const v);

(5) }

(6) void ComputelLocal (XArray2<G i d2<doubl e> >& ol dgri d,
(7) XArray2<@i d2<doubl e> >& newgri d)

(8) {

(9) int i;

(10) for (nodelterator ni(oldgrid); ni; ++ni) {

(11) = ni();

(12) G i d2<doubl e>& OG = ol dgrid(i);

(13) G i d2<doubl e>& NG = newgri d(i);

(14) Region2 interior = grom{ OGregion(),-1);
(15)

(16) FortranRegi on2 Fol dgrid(OG region());

(17)

(18) f_jb5relax(OG data(), FORTRAN REG ON2( Fol dgrid), NG data());
(19)

(20) }

Figure 6e: Computelocal() function for jacobi2D example.
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Using thenodel t er at or , weiteratein paralel over each G'i d inthe XAr r ays (10-19).
(10) for (nodelterator ni(oldgrid); ni; ++ni) {

9 3

We will passeach Gi d OG (12) to be smoothed to a serial Fortran 77 smoother, along witha Gri d NG
(13) where the results of the smooth are to be stored.

(12) G i d2<doubl e>& OG
(13) G i d2<doubl e>& NG

ol dgrid(i);
newgrid(i);

Because separately compiled Fortran modules do not understand class G- i d, or even the naotion of classes,
KeLP provides G i d member functions to extract the data portion and the bounding box of aGri d ina
standard canonical form that can beinterpreted by Fortran. The current implementation of KeL P istargeted
to Fortran users; & i d datais stored in Fortran standard column major order.

Since Fortran name mangling conventions vary from compiler to compiler, we use C preprocessor macros
to redefine Fortran names as appropriate (a compiler uses a name mangling convention to generate names
used by the linker and loader). For example, many compilers, such asf 77 under Solaris, change all
Fortran lettersin the function name to lowercase and add a trailing underscore”_". The UNICOS
compilers convert all letters to uppercase and omit the trailing underscore. The AIX compilers change all
letters to lowercase and omit the training underscore. Kel P defines a preprocessor macro called
FORTRAN_NAME that helps to convert Fortran names to their name-mangled equivalents (1).

(1) #define f_j5relax FORTRAN NAME(j 5rel ax_, J5RELAX, j5rel ax)

The Fortran 77 smoothing routine is shown in Fig. 6f. Weusetheext ern " C' mechanism to declarethis
function interface in C++ (2-4).

(2) extern "C' {
(3) void f_jb5relax(const double *const u, FORTRAN_ARGS2,
(4) const doubl e *const v);

(5) }

All arguments are passed by reference in Fortran, so we must pass C++ pointers. FORTRAN_ARGS2 isa
macro that is provided to declare four Fortran integer arguments, which are intended to define a Regi on.

Next, we construct an object of class For t r anRegi on2 which representsthe Regi on object we wish to
pass to the Fortran integer parameters(16).

(16) FortranRegi on2 Fol dgrid(OG region());

Finally, we are ready to invoke the Fortran routine. Since Fortran accepts parameters with call-by-
reference, we must pass a C++ pointer to Fortran to represent an array. For aG i d<T> G, G dat a()
returnsa T* pointing to thefirst element of datain G Also, we use the FORTRAN_REG ON2 macro to
convert the For t r anRegi on2 to four integer arguments, to be passed by reference to Fortran. With these
facilities, statement (18) calls the serial Fortran smoother with the appropriate arguments.

(18) f_jb5relax(OG data(), FORTRAN _REG ON2( Fol dgrid), NG data());
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The Fortran 77 code appears as follows:

subroutine j5rel ax(u, ul 0, ul 1, uh0, uhl, v)
i nteger ul0, ull,uh0, uhl
doubl e precision u(ul 0: uhO, ul 1: uhl)
doubl e precision v(ul 0: uhO, ul 1: uhl)

integer i, j
do j = ul1+1, uhl-1
do i = ul0+1, uhO-1
v(i,j) = (1.0d0/4.0d0) *
2 (u(i-1,j) +wu(i+l,j) +u(i,j-1) +
3 u(i,j+1))
end do
end do
return
end

Figure 6f: Fortran 77 serial smoother.

In this simple programming example we have introduced the concepts of aRegi on, Gri d, Fl oor Pl an,
XArray, Mot i onPl an, and Mover . See the KeLP Reference Manual for a more complete description of
facilities provided by these classes.

6.5 Reusability

The above code is completely portable. We may develop it on a workstation, and after the code appears to
run correctly, we may then carry out performance tuning and production runs on paralld. In addition to
being architecture independent, the logic of the code is a so independent of the way the problem has been
partitioned. We could have our partitioner return a 1-dimesinal data decomposition without having to make
any other changes whatsoever. We could even compute over an irregularly shaped domain, such asthe
Lake Superior geometry shown in Fig. 1a, without having to change the logic of the code. 1n addition, the
logic of the code that generates the MationPlan is nearly dimension independent. We may reuse our

i nitMdtionPl an() routinein a3-dimensional problem with only modest changes: we change the
dimensionality specifier in the classes Region, FloorPlan, and MotionPlan. In fact, with the help of a
Mmacro pre-processor we are able to maintain the core KeLP classes in dimension-independent form, and
expand into the concrete typed forms automatically at build time.
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7 Advanced features

This section provides limited documentation on some miscellaneous features of KeL P, which are
recommended for the experienced KelL P user. These features may prove useful for building DSL classes.
As always, fed freeto contact us with questions and suggestions via the web page

http://ww. cse. ucsd. edu/ groups/ hpcl / scg/ kel p..

7.1  Using command-line arguments

Some run-time systems, batch schedulers, and the like add command-line arguments for their own internal
use. Unfortunately, some of these systems perturb the original positions of arguments so that the values of
ar gv and ar gc passed to mai n() . For example, you might ask the scheduler to execute program r b82
with two arguments:

rb82 100 12300

and expect that ar gc is3, ar gv[ 1] is100, and ar gv[ 2] is12300. However, under some systems
(e.g., the MPICH implementations of MPI installed with p4) it might occur that "your" command line
arguments have been shifted (in bulk) to the right or left by 1 or more positions. There are at least two
ways to avoid this problem:

1. Useflags to identify your arguments and have your command-line parser ook for flags instead of

positions. For example:

rb82 -size 100 -iters 12300

2. In our experience with MPICH, process 0 in the application receives the correct command-line

arguments, and then two additional arguments. The suggested procedure is to have process 0 parse the

command-line arguments and then broadcast the values to other processes as needed. See the

j acobi 2D sample code in the source distribution which performs this operation

7.2  Instantiating user-defined classes

KeLP uses C++ templates to instantiate various classes. The following KeL P classes may be instantiated
with a user-defined class as a parameterized type™:

Gid
XArr ay
Mover

A &'i d may beinstantiated with any user-defined classf oo with afixed size, where
mencpy(si zeof (f 00)) createsavalid copy of af 00 object. An XAr r ay may be instantiated from
any class derived from G i d. So, the following islegal:

class nyGid: public Gid2<double> { . . .};
XArray2<nyGid> X

A Mover (or Vect or Mover) class must be instantiated with two types: a class derived from Gri d and
the element type of the derived Gr i d class. Thus, the following islegal:

Mover 2<nmyGri d, doubl e> M

1 Additional classes—Array, List, and VectorMover—which are not employed by the casual Kel P user,
aretreated similarly.
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Forcing a C++ compiler to instantiate templates can be tricky, especially in alibrary. If you have problems,
look through the KeL P libraries and DSL code to see how KeL P instantiates templates for the supported
compilers.

7.3 Direct MotionPlan M odification

Currently the Mot i onPl an classis exposed to the programmer and may be manipulated as a first-class
object. This process is recommended for the seasoned user. Seethe Mot i onPl an header file and the
sample program in kel p1. 3/ apps/ j acobi 30¥ cont i g for more information on manipulating the
Mot i onPl an directly.

7.4  Customizing the Mover

A KeLP Mover usually packs data into a message buffer, ships the buffer to a remote processor, and then
unpacks the message buffer into user data structures (G- i ds). (For Gri ds that live on the same physical
processor, a copy operator performs the data transfer with no intermediate buffer.) 1n some cases, it may
be desirabl e to associate numeric operations to accompany communication. To simplify this process, the
KeLP Mover classes may be customized through inheritance. The ssmplest way to do thisisto install user-
defined pack, unpack, and copy operators.

The pack, unpack, and copy operators are virtual functionsin the Mover class. Thus, you may derive
specialized Mover s that redefine these operators to perform some numeric function. For example, the
finite difference DSL derivesaMover called Adder that adds the source data to the destination data,
instead of simply copying. Thisisaccomplished by re-defining the unpack and copy operators. Seethe
DSL source code for more details.

Note: Normally the KeL P system automatically copies messages directly into user data structures where
possible, bypassing callsto pack() and unpack() . If youwish to ensurethat pack(), and
unpack() arealways called, you must tell the KeL P system to do thiswith

KeLPConfi g( CONTI G_MSG_| N_PLACE, FALSE) ;

75 UsingaDSL

While the previous tutorialsillustrate the use of the core Kel P abstractions, the recommended way to use
KeLPisto build aDomain Specific Library (DSL) that encapsul ates common operations for a narrow class
of applications. For illustrative purposes, the Kel P distribution contains a very ssmple DSL with some
facilitiesthat help solve eliptic PDEswith finite differences. The distribution also includes a version of the
jacobi2D code using the DSL in kel p1. 3/ apps/j acobi 2D¥ useAPI .

In this section we will examine some Kel P code used to implement the sample finite difference DSL. See
the KeLP Reference Manual for more complete documentation of the DSL facilities. The DSL defines an
I rregul ar Gri d class, which implements a distributed array with a possibly irregular data
decomposition. Anlrregul ar Gi d isbasicaly an XAr r ay with specialized added capabilities. An

I rregul ar Gi d understandsits own ghost cells and provides member functions to help with
initialization and convergence checking.

One powerful facility provided by I rregul ar Gri d isfil | Ghost (), which fillsin ghost regions as
described above. Thef i | | Ghost () communication pattern is stored by a Mot i onPl an in the
Irregul arGi d object:
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class IrregularGid2: public XArray2<Gi d2<doubl e> > {

Mot i onPl an2 f gPl an; /1 MotionPlan for ghost regions
public:

Irregul arGid2();

void fill Ghost();

void fill(const double& d);

b
Thestructureof an| rregul ar Gi d isnaturaly represented by a Fl oor Pl an, with an additional
vector that holds the number of ghost cellsin each dimension. Thedock library definesthe Ghost Pl an
classto hold the structureof an I rregul arGri d.

cl ass Ghost Pl an2: public FloorPlan2 {
Poi nt 2 _ghost;
public:

b
It is recommended that you peruse the DSL and dock source code and sample applications to get a better
fedl for how to build aDSL and useit along with KeL P facilities. It is hoped that the sample DSL provided
will serve as a starting point for your application.

7.6 Other features

The KeLP and DSL source codeis concise and reader-friendly. After becoming familiar with KeLP, you
will probably find it fairly easy to go through the KeL P header files and source code to answer your
guestions. In some cases, ambitious users have modified even the most complex Kel P classes (Mover
and Vect or Mover ) to realize operations the system devel opers did not anticipate. Feel freeto tailor
KeLP to your own needs, if you need some feature KelL P does not provide.
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8 KeLP1.0/1.1toKelLP1.3 code conversion and interoperability

To convert KeLLP1.0/1.1 code to Kel. P1.3 code, change theinitialization and cleanup in the main program.
Under KelLP1.0, such code would have appeared as follows:

int main(int argc, char **argv)

I ni t KeLP(argc, argv);

mpExi t () ;
}

Under KelLP1.3, the code now includes explicit callsto MPI_Init and MPI_Finalize.

int main(int argc, char **argv)
{

MPl I nit(&rgc, &argv);

I ni t KeLP(argc, argv);

MPI _Finalize();
}
Also, changethef or _al | andfor _Xmacrostonodel t erat or andi ndexl t er at or X loops.
See Sec. 3 of the Reference Manual for details.

Note that KelLP1.3 declares its own private communicator, and should interoperate with SPMD C++
software. In theory, it should be possible to invoke KelL P from an extrinsic language like Fortran, but this
capability has not been tested.
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