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ABSTRA CT

In this researb, we investigatethe commnunication characteristicsof the Message
Passinginterface (MPI) implemenation of the NAS parallel bendimarks and study
the feasibility and e ectivenessof compiled communication on MPI programs. Com-
piled comnunication is a technique that utilizes the compiler knowledgeof both the
application communication requiremen and the underlying network architecture to
signi cantly optimize the performanceof commnunications whoseinformation can be
determined at compile time (static communications). For static comnunications,
constant propagation supports the compiled communication optimization approad.
The analysisof NPB comnunication characteristicsindicatesthat compiledcomnu-
nication canbe applied to a large portion of the commnunicationsin the bendymarks.
In particular, the majority of collective comnunications are static. We concludethat

the compiled commnunication technique is worth proceeding.



CHAPTER 1

INTR ODUCTION

As microprocessorsbecomemore and more powerful, clusters of workstations
have becomeone of the most common high performancecomputing ervironmerts.
The standardization of the MessagePassing Interface (MPI) [3] facilitates the
dewelopmen of scieric applications for clusters of workstations using explicit
messaggassingasthe programming paradigm and hasresultedin a large number of
applicationsbeingdeweloped usingMPI. Designingane cien t cluster of workstations
requiresthe MPI library to be optimized for the underlying network architecture and
the application workload.

Compiled communication hasrecenly beenproposedto improve the performance
of MPI routines for clusters of workstations[15. In compiled commnunication, the
compiler determinesthe comrmunication requiremerts in a program and statically
managesnetwork resources,sud as multicast groups and bu er memory, using
the knowledge of both the underlying network architecture and the application
commnunication requiremens. Compiled communication o ers many advantagesover
the traditional communication method. Howe\er, this technique cannot be applied
to comnunications whoseinformation is unavailable at compiletime. In other words,
the way programmersusethe MPI routines can greatly in uence the e ectivenessof
the compiled commnunication technique.

While the existing study [8] shows that the majority of comnmunicationsin scien-
tic programsare static, that is, the comnunication information can be determined

at compile time, the comrmunication characteristics of MPI programshave not been



investigatedin this manner. Given the popularity of MPI, it is important to study

the comnunications in MPI programsand establishthe feasibility and e ectiveness
of compiledcomnunication on sud programs. This is the major cortribution of this

thesis. We usethe NAS parallel bendimarks (NPB) [6], the popular MPI bend-

marks that are widely usedin industry and academiato ewaluate high performance
computing systems,as a casestudy in an attempt to determine potential bene ts of

applying the compiled comnmunication technique to MPI programs.

We considerconstart propagationwhenobtaining information for compiled com-
munication. According to that information, we classify communications into three
types: static commnunications, dynamic commnunications, and dynamially analyzable
communications. We apply the classi cation to both point-to-p oint commnunications
and collective communications. Static commnunications are communications whose
information canbe determinedat compiletime. Dynamically analyzablecommnunica-
tions are communications whoseinformation can be determinedat runtime without
incurring excessie overheads.Dynamic comrmunications are communications whose
information can be determined only at runtime. The compiled comnunication
technique is most e ective in optimizing static comnunications. It canbe appliedto
optimize dynamically analyzable communications at runtime with someoverheads.
Compiled commnunication is least e ective in handling dynamic commnunication, and
usually one hasto resort to traditional commnunication schemes. Our study shavs
that while the MPI programs involve signi cantly more dynamic communications
in comparisonto the programs studied in [8], static and dynamically analyzable
comnunicationsstill accour for alarge portion of all comnunications. In particular,
the majority of collective communications are static. We concludethat compiled
commnunication can be feasibleand e ective for MPI programs.

The rest of the thesis is organizedas follows. Chapter 2 preserts the related
work. Chapter 3 givesa brief introduction of compiled comrnunication and related

approates. Chapter 4 summarizesthe NAS parallel bendhmarks. Chapter 5
2



describtes the methodology we used in this study. Chapter 6 presens the results
of the study. Chapter 7 concludesthe thesis.



CHAPTER 2

RELA TED WORK

The characterization of applications is essetial for dewloping an e cient dis-
tributed system,and its importanceis evidert by the large amourt of existing work
[6,7, 8,12). In [6], the overall performanceof a large number of parallel architectures
was evaluated using the NAS parallel bendimarks. In [7], the NAS bendmarks
were used to evaluate two comrmunication libraries on the IBM SP madine. In
[12], detailed comnunication workload resulted from the NAS bendmarks was
examined. Theseewaluations all assumethat the underlying communication systems
are traditional communication systemsand do not classifycomrmunications basedon
whether the commnunications are static or dynamic. The most closelyrelated work
to this researb was presetted in [8], wherethe communications in parallel scierti ¢
programswere classi ed as static and dynamic. It wasfound that a large portion of
commnunications in parallel programs,which include both messageassingprograms
and sharedmemory programs, are static and lessthan 1% of the comnunications are
dynamic. Sincethen, both parallel applications and parallel architectures ewlved,
and more importantly, MPI has been standardized, resulting in a large number
of MPI basedparallel programs. In this work, we focus on MPI programswhose

commnunications have not beencharacterizedor classi ed as static nor dynamic.



CHAPTER 3

COMPILED COMMUNICA TION

In this chapter, we will discussthe comnunication optimization techniques
including those usedin Fortran D [10] and PARADIGM [9] at the compiler level,
MPI-FM [1] and U-Net [2] at the library level, and compiled comnunication. We
will then shov examplesof compiled communication. Finally, we will examinethe

compilation issuesinvolved in the compiled communication technique.

3.1 Comm unication Optimization Techniques

Optimizing commnunication performanceis essetial to achieve high performance
computing. At the compiler level, commnunication optimization techniques usually
attempt to reduce the number or the volume of the comnunications involved.
In a completely di erent manner, commnmunication optimization approades at the
library level try to optimize the messagindayers and achieve low latency for eath
commnunication by eliminating software overheads.

Fortran D, dewloped at Rice University, allows programmersto annotate a
program with data distribution information and automatically generatesmessage
passing code for distributed memory madines. Fortran D usesdata dependence
analysisto perform a number of commnunication optimizations. The most important
commnunication optimizations in this compiler include messagesectorization, redun-
dant messagelimination, and messageggregation. Messagerectorization conmbines
many small messageside a loop into a large one and placesthe messageoutside

the loop in order to avoid the overheadof comnunicating the messagesdividually.
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Redundant messageelimination avoids sendinga messagewhereer possibleif the
content of the messagés subsumedoy previouscommunication. Messageggregation
involves aggregatingmultiple messageshat needto be comnunicated betweenthe
samesenderand receiver. Most of sud comnunication optimizations are performed
within loop nests.

Another related researt e ort in the same eld as Fortran D, at the compiler
level, is the parallelizing compiler for distributed memory generalpurposemulticom-
puters (PARADIGM), deweloped at the University of lllinois at Urbana-Champaign.
The optimization techniques introduced in Fortran D sud as messagevectoriza-
tion, redundart messageelimination, and messageaggregation are performed in
PARADIGM too. One di erence in PARADIGM is that it usesdata- ow analysis
to obtain information, which exploits more optimization opportunities than the
Fortran D compiler. PARADIGM also dewloped new commnunication optimization
techniques sudh as coarsegrain pipelining, which is usedin loops where there are
crossiteration dependences. If we assumethat eat processormust wait before
it accessesny data due to data dependenceacrossiterations, then the execution
becomessequetial. Instead of serializing the whole loop, coarsegrain pipelining
overlaps parts of the loop execution, syndironizing to ensurethe data dependences
are enforced[9]. In addition, optimization techniquesfor irregular communications
are alsodeweloped in PARADIGM.

In general,the commnunication optimizations in the compiler approadestry to
reducethe number or the volume of comnunications using either data-dependence
analysisor data- ow analysis. They assumea simple commnunication interface such
as the standard library, which hides the hardware details from the users. Thus,
architecture dependert optimizations are usually not donein the compiler. Next, we
will look at commnunication optimizations at the library level, which usually cortain

architecture dependert optimizations.



Let us rst introduce somebadkground about library basedoptimizations. Re-
searders have deweloped libraries that provide meansof executing parallel code on
Ethernet-connectedclusters of workstations instead of the highly parallel macines
that are connectedvia dedicated hardware. The major challengein clusters of
workstations is e cient comnunication. The current most commonmessagindayer
used for clusters of workstations is TCP=IP, which only delivers a portion of the
underlying commnunication hardware performanceto the application level dueto large
software overhead.

In an attempt to reducesoftware overhead,Chienand Lauria [1] designedhe Fast
MessagegFM) library. The Fast Messagesibrary optimizesthe software messaging
layer betweenthe lower level commnunication servicesand the network's hardware.
The basic feature hereis to provide a reliable in-order delivery of messageswhich
itself involves solutions for many critical messagindayer issuessud as o w cortrol,
bu er management and division of labor betweenthe host processofand the network
co-pracessor. This messaginglayer, FM, usesa high performanceoptimistic ow
cortrol called return-to-sender, which is basedon the assumptionthat the receiwer
polls the network in a timely manner, removing padkets before its receive queue
gets lled [1]. The library assumessimple bu er managemenhin order to minimize
software overheadin the network co-processormaking the co-processoffreeto service
the fast network. Assigningas much functionality as possibleto the host processor
also freesthe co-processorto servicethe network and acdhieves high performance.
MPI-FM [1]is a high performanceimplemertation of MPI for clustersof workstations
built on top of the Fast Messagedibrary to achieve low latency and high bandwidth
comrmunication.

In another attempt to achieve low latency and high bandwidth communication
in a network of workstations, the user-lexel network(U-Net) moves parts of the
commnunication protocol processingfrom the kernel level to the userlevel. In their

study, Basu[2] arguesthat the whole protocol shouldbe placedin the userlevel, and
7



that the operating systemtask should be limited to basically ensurethe protection
of direct user-leel accesset the network. The goal hereis to remove the operating
system completely from the critical path and to provide ead processthe illusion
of owning the network interface to enable the user-leel accessego high-speed
communication devices. Using U-Net, the context switching when accessingthe
network devices,which incurs large overheads,is eliminated.

Communication optimizations at the library level canbe architecture or operating
system dependent. Sud optimizations will benet both traditional and compiled
comnunication models. Howewer, since a commnunication library does not have
the information about the sequenceof comnunications in an application, the
optimization is inherertly limited as it cannot be applied acrosscomnunication
patterns.

Compiled comnunication overcomesthe limitations of the traditional compiler
communication optimization approatesand the library basedoptimization shemes.
During the compilation of an application, compiled comnunication gathersinforma-
tion about the application, and it usessud information together with its knowledge
of the underlying network hardware to realize the comnunication requiremerts.
As a result, compiled communication can perform architecture or operating system
dependentoptimizations acrosscommuniation patterns, which is impossiblein both

the traditional compiler and the library basedoptimization approades.

3.2 Examples of Compiled Comm unication

Toillustrate the compiledcomnunication technique, we will presern two examples
to shov how compiledcommunication works. Figure 3.1 shovs an MPI code segmenh
of two MPI _Scatterv function calls. If we assumethat IP-multicast is usedto realize
the MPI _Scatterv communication, then we needto create and destroy multicast

groupsbeforeand after the movemen of data. The non-userlevel library supporting



MPI_Scatterv(...)
MPI code segmem—[
MPI_Scatterv(...)

{ \

Traditional Group Management Compiled Communication Group Managen
MPI_Open_Group(...) MPI_Open_Group(...)
MPI_Move_Data(...) MPI_Move_Data(...)
MPI_Close_Group(...) MPI_Move_Data(...)

MPI_Close_Group(...)
MPI_Open_Group(...)
MPI_Move_Data(...)
MPI_Close_Group(...)

Figure 3.1. Traditional and Compiled Comnmunication group managemeh schemes

the IP-multicast operation would replaceeat MPI _Scatterv call in the gure with

callsto three other library routinesin the following order:

MPI_Open.Group: opensa group for a set of nodes.
MPI _Move_Data: correspndsto the data movemern operation.

MPI _CloseGroup: closesa group for a set of nodes.

As shown in the lower left hand-side of Figure 3.1, under the traditional sdeme,
two calls to MPI_OpenGroup and two calls to MPI_CloseGroup for the two
MPI _Scatterv calls must be made. The compiled commnunication technique can
generate code shavn in the right hand-side of Figure 3.1 if the compiler can
decide that the comnunication patterns for the two MPI _Scatterv calls are the
same. In this case,the group would stay opened or alive until the end of the
secondMPI _Scatterv call. As can be seenin the gure, compiled comnunication
removes one MPI_Open.Group and one MPI _CloseGroup operations. Notice that
MPI_Open.Group and MPI _CloseGroup operations are expensiwe as they involve
collective commnunication. Another potertial optimization that compiled comnuni-

cation may apply occursif the two scatter calls are adjacern, meaningno code is in
9



between. In this situation, it canaggregatethe cortent of ead scattercommunication
and perform a single commnunication or data movemen.

The secondexampleassumeghe underlying network is an optical network, where
communications are connection-orietted, that is a path must be establishedbefore
data movemen occurs. In this case,compiled communication technique can also
be bene cial. Let us considerthe sameexamplein Figure 3.1. The traditional
execution of the MPI _Scatterv commnunication in an optical network will involve
requestingconnections,performing the data movemern operation, and releasingthe
connections. This meansthat for the two MPI _Scatterv calls, we will requestand
releasethe connectionstwice. In cortrast, compiled commnunication technique will
only request the connection one time for both MPI _Scatterv calls assumingthe
connectionsfor the secondMPI _Scatterv is known by the compiler to be the same
asthe rst MPI _Scatterv call. Also, we only needto perform oneconnectionrelease
for the two MPI _Scatterv calls.

From the examples,we can seethat the advantages of using compiled commnu-
nication approad include the following. First, compiled comnunication can elimi-
nate someruntime commnunication overheadsud as groups managemeh Second,
compiled communication can use long{lived connectionsfor commnunications and
amortizethe startup costover a number of messagesThird, compiledcommnunication
can improve network resourceutilization by using o {line resource managemen
algorithms. Last but not the least, compiled comnunication can optimize arbitrary
commnunication patterns aslongasthe commnunication information canbe determined
at compile time.

The limitation of compiled comnunication is that it cannot apply to comnu-
nications whose information cannot be determined at compile time. Thus, the
e ectivenessof compiled comnunication depends on whether the comnunication
information can be obtained at compile time. As shown in the next subsection,

di erent ways to usethe comnunication routines can greatly a ect the possibilities
10



for the compiler to obtain su cient information for the compiled commnunication
technique. Thus, to determine the e ectivenessof compiled communication on
MPI applications, the commnunication characteristics in sud applications must be

investigated.

3.3 Compiler Analysis to Support Compiled
Comm unication

In this section, we will discussthe compilation issuesinvolved in the compiled
communication approad. We start by some examplesto show the challenges
a compiler must deal with in sud an approad; then, we discussthe constant
propagation, which is one of the important techniquesto obtain information for
compiledcommunication. Another relatedtechnique calleda demanddrivenconstan
propagation is worth mertioning while, for the purpose of this thesis, a standard

constarnt propagation algorithm like the onewe will presen soon is enough.

3.3.1 Challenges in Compiler to Support Compiled Comm unication
Technique

Di erent programmershave di erent styles of coding, which can greatly a ect
the possibility of obtaining su cient information aswell asthe technique to collect
sudh information to support compiled commnunication. Assume that compiled
comnunication requiresthe information about the comnunication pattern, that is
the source-destinationrelationship. Let us considerthe examplesin Figure 3.2 for
a commonly used nearest neighbor comnunication. By only examining the MPI
function calls, we cannot determinethe type of the commnunications involved in the
code segmets. Depending on the cortext, the communication can be either static,
dynamic, or dynamically analyzable.

In Figure 3.2 part (a), the classication of the MPI_Send function calls are

consideredstatic since the information in regard to the commnunication patterns

11



including values for north, east, south, and west can be determined using some
compiler algorithm. In other words, the relation betweenthe sender(my_rank) and
the receivers (my_rank + north, east, south, or west) can be determined statically,
and the comnunication pattern for eady MPI_Send routine can be decided. In
this case, one comnunication optimization that compiled comnunication would
consideris the transformation of the point to point sendcallsinto a collective scatter
operation. On the other hand, if the MPI _Sendroutines are usedin the cortext
as shavn in part (b) of Figure 3.2, then the compiler will mark the MPI_Send
function calls to be dynamic since di erent invocations of the nearestneighoor
routine with di erent parametersmay result in di erent comnunication patterns.
The comnunication patterns cannot be determinedat compiletime. Also note that
aliasing is a problem that would prevent the compiled communication technique
from determining the classi cation of a commnunication. Part (c) assumesthat
the comnunication patterns involve array elemeits, dest This correspndsto the
dynamically analyzablecomnunication classi cation that we discussedearlier. The
compiler realizesthat the array is being usedmarny times in the MPI _Sendfunction
calls. Thus, the compilerdecidesto pay alittle overheadat runtime to determinethe
array elemerits' values,and thus the communication patterns of the four MPI_Send
routines, so that some optimizations can be applied at runtime. Notice that the

runtime overheadis amortized over multiple comnunications.

3.3.2 An Example of Compiler Analysis to Support Compiled Comm u-
nication

Depending on the type of communication, point-to-p oint or collective, the com-
piler must determine speci ¢ information in order to support compiled commu-
nication. For point-to-p oint communication, the compiler must decide the com-
munication pattern, that is the source-destinationrelationship. When handling

collective comnunication, the compiler must determine all the nodes involved in

12



void nearest_neighbor(..)
{
int my_rank, north = 1,
east =5, south=7,
west = 3;

MPI_Send(..,my_rank + north,..);
MPI_Send(..,my_rank + east,..);

MPI_Send(..,my_rank + south,..)
MPIZSend(..,my_rank + west,..);

@

MPI_COMM_Rank(..,&my_rank);

void nearest_neighbor(int north,..,int west)

{
int my_rank;
MPI_COMM_Rank(..,&my_rank);

MPI_Send(..,my_rank + north,..);
MPI_Send(..,my_rank + east,..);

MPI_Send(..,my_rank + south,..);
MPIZSend(..,myrank + west,..);

(b)

void nearest_neighbor(..)

{

MPI_COMM_Rank(..,&my_ra

north = dest[0]; east = dest[1];
south = dest[2]; west = dest[3];

MPI_Send(..,my_rank +

north,

MPI_Send(..,my_rank +|east

MPI_Send(..,my_rank +
MPI1_Send(..,my Tank +

y
(©

soutl
est,

Figure 3.2. Compiler challengesto support Compiled Comnunication example

Cl C2

N

Non-Constants

C3 .... Constant

Figure 3.3. The lattice for constart propagationfor a single program variable

the comrmunication, and sometimesit also needsto determine the initiator of the
comnmunication.

To obtain sud information, the compilerusually needsto decidea value of a vari-
able, and whether a variable and/or a data structure is modi ed in a code segmenh
We will considera constart propagation algorithm that usesdata- ow analysisin
order to satisfy certain conditions for performing any applicable optimizations. Note
that this algorithm is a modi ed versionof a generalconstart propagationalgorithm
presered in [5]. A program that consistsof a set of proceduresis represeted by a
ow graph (FG). Gproc = fNproc, Eprocg represets a directed cortrol ow graph of
procedureproc. Eadh nodein N o represets a statemert in procedureproc and
eah edgein E o represets transfer of cortrol amongthe statemerns. Data- ow
information canbe gatheredby setting up and solving systemsof data- o w equations
that relate information at di erent points in the program. Figure 3.3 de nes the
lattice for constart propagation where the variable may take one of two kinds of

values: non-constart (NC), or constart, fC;, C,,...g. Assuming a program that

13



cortains n variables,we usea vector [vy = a;, Vo = @, ..., Vp, = @], 1 i n,
to represen the data- ow information. A variable v; has a value a;, which can be
either a non-constan (NC), or any constart, fC,, C,,...g. Every statemert haslocal
functions Gen and Kill that operate on statemerts of the forms S;, S,, or S;, which
are descriled belov. Thesefunctions take a vector of data- ow information asinput
and produce an output vector. Gen(S) speci es the set of de nitions in a statemen
S while Kill(S) speci es the set of de nitions that are killed by a statemen S. The

following is a formal description of Gen and Kill.

Gen(S):
Si: Vk = b, whereb is a constart.
Input vector: [vi=ai, Vo=as,,.., Vk=ak,.., Vh=an]

Output vector: [vi=ai, Vo=as,.., Vk=Db,.., v,=a,]
S,: read(w)

Input vector: [vi=a; Vo=ay,.., Vk=ak,.., Vn=an]

Output vector: [vi=ai, Vo=as,.., Vk=NC,.., vh=a,]

Ssi Vi = VY

Input vector: [vi=ay,.., Vx=ax, Vi=ai, Vj=a;,.., Va=an]
Output vector: [vi=ay,.., Vk=b, Vvi=a;, v;=aj,.., Vp=a,]
b=a + g if (8 and g are constarts)
b= NC if (& or g is non-constart)
Kill(S):
S:vw=b
Input vector: [vi=ai, Vo=as,,.., Vk=ak,.., Vh=an]
Output vector: [vi=a;, Vp=a,,.., Vk=NC,.., v,=a,]
14



S,: read(w)
Input vector: [vi=a; Vp=a,,.., Vk=ax,.., Vn=an]

Output vector: [vi=ai, Vo,=as,.., Vk=NC,.., vh=a,]

S Ve = VY,

Input vector: [vi=as,.., Vx=ag, Vi=a;, Vj=a;,.., Vp=an]

Output vector: [vi=ay,.., vk=NC, v;=a;, v;=a;,.., Vn=a]

Note that the \+" is a typical binary operator we use as an example. Other
binary operators can be handledin a similar manner. We also de ne the following
functions over the data- ow information vectors.

Union: a function that returns a vector represeting the union of two data- ow
information vectors.

Input vectors: [vi=ai, Vp,=as,, ..., Vh=a,] and [v;=b 1, vo=b,, ..., vo=b,].

Output vector: [V1=z1, Vo=Z5, ..., Vs=2Z,] foreadh i, 1 1 n,
Z = a if (& is C and b; is NC)
Z = b if (b; is C and a is NC)
Z = g if (&= by and g is C)
z = NC if (& and b; are both NC)

Join: a function that returns a vector represeting the join of two data- ow infor-
mation vectors.
Input vectors: [vi=a,, Vo=ay, ..., Vh=a,] and [vi=b 1, Vo=b,, ..., vpo=b,].
Output vector: [v1=z1, Vo=2Z5, ..., Vy=z,] foreatri, 1 i n,
Z = g if (& = bj and g is C)
Z = NC if (& = bj and g is NC)
NC if (& 6 b))

Z;
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In: a vector that readesthe beginning of a statemert S, taking into accoun the
ow of cortrol throughout the whole program, which includes statemeris in blocks
outside of S or within which Sis nested.

In[S] = Join(Out[Syreq]) Wherepredis the set of all predecessorsf statemert S.
Out: a vector that readiesthe end of a statemert S, againtaking into accoun the
cortrol o w throughout the ertire program.

Out[S] = Union(Gen(In[S]), Kill(In[S])).

Now that we have establishedthe data- ow equations,we can presen an algo-
rithm for constart propagation. Given an input of a cortrol ow graph for which
the Gen[B] and Kill[ B] have beencomputedfor eat statemert S, we compute In[S]
and Out[S] for ead statement S. The following is an iterativ e algorithm for constarn
propagation.

1. for ead statemert S do Out[S] := [V1=NC, V,=NC,..., V,=NC];

2. for ead statemert S do

3. In[S] := Join(Out[Syeq]); /* lgnoring predecessorsvith badk-edges*/
4. Out[S] := Union(Gen(In[S]), Kill(In[S]));

5. end

6. change := true;

7. while change do

8. change := false;

9

for eath statemen S do

10. In[S] := Join(Out[Sped]);

11. oldout := Out[S];

12. Out[S] := Union(Gen(In[S]), Kill(In[S]));
13. if Out[S] & oldout then change := true;
14. end

15. end
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For eat statemert S, we initialize the elemens of vector Out[S] to be NC. Then,
we calculate the data- ow vectors In and Out for ead statemernt while ignoring
predecessorwith badk-edgeswhich allows constaris outsidea loop to be propagated
into the loop. This step or passenulates the straight line executionof the program.
Following that step, we iterate until the Out/In vectors for all nodesare xed. In
order to iterate until the In's and Out's cornverge, the algorithm usesa Boolean
change to record on eat passthrough the statemens whether any In haschanged.

Table 3.1 shows the e ect of executinglines 2-5 of the algorithm on the cortrol
ow graph examplein Figure 3.4. We considerthe following evaluation order: S1,

S2,S3,54,S6,S57,S8,S10,S9, S5.

Table 3.1. E ect of executing constart propagation algorithm (lines 2-5) on the
samplecortrol ow graph

Stmnt | Function | Xx y z k i
S In NC | NC | NC | NC | NC
Out 1 |NC | NC | NC]|NC
S In 1 | NC | NC | NC | NC
Out 1 1 | NC | NC | NC
S; In 1 1 | NC | NC | NC
Out 1 1 [NC|[NC| O
S, In 1 1 [NC|NC| O
Out 1 1 [NC|[NC]| O
S In 1 1 |[NC| 3 0
Out 1 1 [NC| 3 1
S In 1 1 [NC|NC| O
Out 1 1 [NC|[NC]| O
S In 1 1 [NC|NC| O
Out 1 1 2 [NC]| O
Ss In 1 1 2 |[NC| O
Out 1 1 2 2 0
S In 1 1 [NC|[NC]| O
Out 1 1 [NC| 3 0
Sio In 1 1 [NC|NC| O
Out 1 1 3 [NC| O

At this point, we look at statemernt Sy, the last statemert beforeincremeriing i,

and nd that z is anon-constarn dueto the join of statemeris Sg (z=2) and S;g (z=3)
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Figure 3.4. Samplecortrol ow graph for illustrating constart propagation
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while x, y, k, and i have constart values,yet sud variablesmay have non-constart
valuesupon the termination of the algorithm.

We next executelines (7-15) of the algorithm, which is the iterative part that
computesthe nal In and Out vectors of eat statemert S for the sample cortrol
ow graph. Table 3.2 shaws the results. If we look at statemen S, we notice that i
is now a non-constarn sinceead incoming edgegivesdi erent constant valuesofi.
At S, z is a non-constan, asdeterminedin lines 2-5 of the algorithm, and its value
gets propagatedto any outgoing edge,which is S, in this case. Also, k is setto be
a non-constan at S, sincethe predecessostatemeris (S; and S) give two di erent

valuesof k.

Table 3.2. E ect of executingconstart propagation algorithm (lines 7-15) on the
samplecortrol ow graph

Stmnt | Function | X y z k i
S In NC | NC | NC | NC | NC
Out 1 | NC | NC | NC | NC
S In 1 | NC | NC | NC | NC
Out 1 1 | NC | NC | NC
S; In 1 1 | NC | NC | NC
Out 1 1 [NC|NC| O
Sy In 1 1 | NC | NC | NC
Out 1 1 | NC | NC | NC
S In 1 1 |[NC| 3 | NC
Out 1 1 |[NC| 3 | NC
S In 1 1 | NC | NC | NC
Out 1 1 | NC | NC | NC
S In 1 1 | NC | NC | NC
Out 1 1 2 | NC | NC
Ss In 1 1 2 | NC | NC
Out 1 1 2 2 | NC
S In 1 1 | NC | NC | NC
Out 1 1 [NC| 3 | NC
Sio In 1 1 | NC | NC | NC
Out 1 1 3 | NC | NC

Sincesomeof the \Out" vectorschangedin the rst iteration of the whil e loop,

the boolean change was reset to true causing another iteration, which does not
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introduce any new changesin any of the Out vectorsfor this particular cortrol ow
graph example. Thus, the algorithm terminates.

In brief, we have showvn that the analysis of compiled commnunication is not
trivial, yet feasible. The use of an iterative algorithm for constart propagation,
as one of many techniquesa compiler appliesto gather information, is essetial to
make compiled comrmunication e ective when applying possible optimization, and
we have the intention to implemen it in a later phaseof our pursuit of compiled

communication.
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CHAPTER 4

NAS PARALLEL BENCHMARKS

The NAS parallel bendimarks (NPB) [6] were deweloped at the NASA Ames
researb certer to ewaluate the performance of parallel and distributed systems.
The bendmarks, which are derived from computational uid dynamics (CFD),
consistof v e parallel kernels(EP, MG, CG, FT, and I S) and three simulated
applications(LU, BT, and SP). In this work, we study NPB 2:3[11], the MPI-based
implemertation written and distributed by NAS. NPB 2:3 is intended to be run,
with little or no tuning, to appraximate the performancea typical user can expect
to obtain for a portable parallel program. The following is a brief overview of eah

of the bendmarks, and a detailed description can be found in [11, 16].

Parallel kernels

{ The Embarrassingly Parallel (EP) bendimark generatespairs of (N =
2 N~ M) Gaussianrandom deviates accordingto a specic steme and
tabulates the pairs. The bendimark is used in many Monte Carlo
simulation applications. The bendhmark requiresvery few inter-processor

communications.

{ The Multigrid (MG) bendmark solvesfour iterations of a V-cycle multi-
grid algorithm to obtain an approximate solution u to the discrete Poisson
problem 2u = v ona 256 256 256 grid with periodic boundary
conditions. This bendhmark contains both short and long distanceregular

comnunications.
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{ The Conjugate Gradient(CG) bendmark usesthe inversepower method
to nd an estimate of the smallest eigervalue of a symmetric positive
de nite sparsematrix (N x N) with a random pattern of non-zeras. This

bendmark cortains irregular commnunications.

{ The Fast Fourier Transform (FT) bendimark solvwesa partial di erential
equation(PDE) usingforward andinverseFFTs. 3D FFTs (N x N x N grid
size) are a key part of a number of computational uid dynamics (CFD)
applications and require considerablecomnmunications for operations sud

asarray transposition.

{ The Integer Sort (IS) bendhmark sorts N keysin parallel. This kind of

operation is important in particle methal codes.
Simulated parallel applications

{ The LU decompsition (LU) bendmark solves a nite dierence dis-
cretization of the 3-D compressibleNavier-Stokes equations through a
block-lower-triangular block-upper-triangular approximate factorization
of the original di erence stheme. The LU factored form is cast as a
relaxation, and is solved by the symmetric successi® over-relaxation

(SSOR) numerical sheme. The grid sizeis (N x N x N).

{ The Scalar Pentadiagonal (SP) bendxmark solves (N x N x N) multiple
independent systemsof non-diagonally dominart, scalar pertadioganal

equations.

{ The block tridiagonal (BT) bendimark solves(N x N x N) multiple, inde-
penden systemsof non-diagonallydominart, block tridioganal equations
with a (5x5) block size. SPand BT are similar in many respects; howeer,
the comnunication to computation ratio of thesetwo bendimarks is very

di erent.

22



Table 4.1. Summary of the NAS bendimarks

Bendmark | # of lines | # of MPI routines
EP 346 10
MG 2540 41
CG 1841 40
FT 2193 20
IS 1097 21
LU 5194 53
SP 4892 48
BT 5632 54

Table 4.1 summarizeshe basicinformation about the bendimark programs. The
secondcolumn shows the code size, and the third column shows the number of all
MPI routines usedin the program, including non-commnunication MPI routines sud
asMPI _Init. As can be seenin the table, eat of the bendimarks makes a fair
number of MPI calls. The MPI comnunication routines usedin the bendmarks
are MP1 _Alltoall, MPI _Alltoallv, MPI1 _Allreduce MPI Barrier, MPI Bcast,
MPI _Send, MPI _Isend MPI _Recy,and MPI _I recv. In the next chapter, we will
descrike the parametersand the functionality of theseroutines. Details about MPI

can be found in [3].
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CHAPTER 5

METHODOLOGY

In this chapter, we descrite the methodology we used. We will presen the
assumptions,the methods to classify commnunications, and the techniquesto collect
statistical data. From now on, we will usethe words \program" and \b encdhmark™

interchangeably

5.1 Types of communications

The comnunication information neededby compiled commnunication depends
on the optimizations to be performed. In this study, we assumethat the com-
munication information neededis the communiction pattern, which speci es the
source-destination pairs in a comnunication. Many optimizations can be per-
formed using this information. In a circuit-switched network, for example,compiled
comnunication can usethe knowledge of commnunication patterns to pre-establish
connectionsand eliminate runtime path establishmen overheads. When multicast
communication is usedto realizecollective comnunications, compiledcommunication
can use the knowledge of commnunication patterns to perform group managemenh
statically.

We classifythe communicationsinto threetypes: static commnunications, dynamic
comnunications, and dynamically analyzable commnunications. The classi cation
appliesto both collective commnunications and point-to-p oint communications. A
static commnunication is a comnunication whosepattern information is determined

at compiletime via constarts. A dynamic communication is a commnunication whose
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pattern information can only be determinedat runtime. A dynamically analyzable
commnunication is a communication whosepattern information canbe determinedat

runtime without incurring excessie overheads. In general,dynamically analyzable
comnunications usually result from commnunication routinesthat are invoked repeat-
edly with one or more symbolic constart parameters. Sincethe synbolic constaris
can be determined once at runtime (thus, without incurring excessie overheads)
and be usedmany timesin the communications, we distinguish such comnunications
from other dynamic commnunications. The parameterizedcommunicationsin [8], that

is, comnmunications whosepatterns can be represeted at compile time using some
symbolic constant parameters,belongto the dynamically analyzablecommnunications
in our classi cation. Note that sometechniques have beendeweloped to deal with

parametrized communications, and we may incorporate sud techniques with our
compiled comnunication approad to optimize dynamically analyzablecomnunica-

tion. We plan on sud integration in the future.

5.2 Assumptions about the compiler

The compiler analysistechnique greatly a ects the compiler's ability to identify
static communications. In the study, we enulate the compiler and analyze the
programs by hand to mark the comnunication routines. We make the following

assumptions:

The compilerdoesnot support array analysis. All array elemerts are considered
unknown variablesat compiletime. We treat an array asa scalarand assume

an update of a singlearray elemem modi es the whole array.

The compiler has perfect scalaranalysis: it can always determinethe value of

a scalarif the value can be determined.
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The compiler doesnot have inter-procedural analysis. Information cannot be
propagatedacrossprocedure boundaries. The parametersof a procedureare
assumedto be unknown. We also assumethat simple in-lining is performed:

proceduresthat are called only in oneplacein the program are in-lined.

5.3 Classifying comm unications

The comnunication routines in the NAS bendmarks include v e collective com-
munication routines: M P1 _Allreduce M PI _Alltoall, MP1 _Alltoallv, MPI Barrier,
and MPI Bcast, and four point-to-point commnunication routines: M PI _Send,
MPI _Isend MPI Irecy, and MPI _Recv. Each collective comnunication routine
represemts a communication while a point-to-p oint comnunication is represeted by
apair of MPI _Send=M PI _I sendand M P| _RecveM PI _I recvroutines. We assume
that the bendimarks are correct MPI programs. Thus, M PI| _Send-M PI _I send
routines are matched with MP1 _Rec\veM P1 I recv routines, and the information
about point-to-p oint communications is derived from M PI _Send and M P1 _I send
routines.

All MPI communication routines have a parameter called communictor, which
corntains the information about the set of processesnvolved in the commnunication.
To determine the communication pattern information for eady communication,
we must determine the processesn the correspnding comnunicator. Next, we
will descrike how we deal with the comnunicator and how we mark ead MPI

commnunication routine.

Comm unicator

The comnunicators used in the NAS bendimarks are either the MPI built-
in communicator, MPI _COMM WORLD, which species all processesfor a
task, or derived from MPI_COMM WORLD using MPI_Comm_split and/or
M Pl _Comm_dup functions. We assumethat MPI COMM WORLD is known
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to the compiler. This is equivalent to assumingthat the program is compiled for a
particular number of nodesfor execution. A dynamically created communicator is
static if we candeterminethe ranks of all the nodesin the comnunicator with respect
to MPI _COMM WORLD at compiletime. If a commnunicator is a global variable
and is usedin multiple comnunications, it is consideredasa dynamically analyzable
comnunicator. The rationale to treat sud a communicator as a dynamically
analyzablecommnunicator is that a comnunicator typically lastsfor alongtime in the
executionand is usually usedin many comnunications. The overheadto determine
the commrunicator information at runtime is smallwhenamortized over the number of
communications that usethe communicator. A comrmunicator is considereddynamic
if it is neither static nor dynamically analyzable.

For a comnunication to be static, the correspnding comnunicator must be
static. For a commnunication to be dynamically analyzable,the comnunicator can

be either static or dynamically analyzable.

MPI _Barrier

The prototype for this routine is int MPI_Barrier(MPlI _Comm comm). The
communication resulted from this routine is implemenation depender. Howewer,
oncethe compiler determinesthe commnunicator comm, it also determinesthe com-
munication pattern for a particular MPI implemertation. Thus, the comnunication
is static if commiis static, dynamically analyzableif commis dynamically analyzable,
and dynamic if commis dynamic. Hereisa F ORTRAN examplecode segmeh from

the CG bendimark:

mpi_barrier(MPI _COMM_WORLD, ierr)

As we have establishedabove, MPI _COM M WORLD is assumedto be known

by the compiler, and sothis routine call is consideredstatic.
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MPI1 _Alltoall

The prototype for this routine is int MPI_Alltoall(void* sendbuf,int send-
count, MPI _Datatype sendtyg, void* recvbuf, int recvaount, MPI _Datatype recvtype,
MPI_Comm comm). This routine results in all nodesin comm sending messages
to all other nodesin comm. Thus, oncecomm is determined, the commnunication
pattern for M P1 _Alltoall can be decided. The comrmunication is static if comm
is static, dynamically analyzableif comm is dynamically analyzable,and dynamic
if comm is dynamic. The following is an example FORTRAN code segmeh of a

dynamically analyzableM P _Alltoall routine from the FT bendmark:

mpi_alltoall(xin, ntotal/(np*np), dc_type, xout, ntotal/(np*np), dc_type,

commsliel, ierr)

The commslicel commnunicator parameter is dynamically analyzable sinceit is a
result of an MPI _COM M WORLD split operation that in fact involves another
parameter being read from a le at runtime. With a little overhead,the communi-

cator information can be determined at runtime.

MPI _Alltoallv

The prototype for this routine is int MPI _Alltoallv(void* sendbuf,int *send®unts,
int *sdispls, MPI _Datatype sendty, void* recvbuf, int *recvaunts, int *rdispls,
MPI _Datatype recvtype, MPI_Comm comm). The comrmunication pattern for this
routine dependson the valuesof the sendcountarray elemeits. Sincewe assumethat
the compiler doesnot have array analysisin this study, all M P1 _Alltoallv routines
are marked as dynamic. The next C code segmety taken from the | S bendimark,

shows an exampleof sud routines.
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MPI _Alltoallv(key bu 1,send_count, senddispl, MPI _INT, keybu 2, recv_count,
recv_displ, MPI_INT, MPI_COMM WORLD)

MPI _Allreduce

The prototype for this routine is int MPI _Allreduce(void* sendbuf,void* recvbuf,
int count, MPI _Datatype datatype, MPI _Op op, MPI_Comm comm). The comrmnuni-
cation pattern in this routine is implemenation dependen. It is roughly equivalent
to a reduction and a broadcast. Once the communicator comm is determined,
the comnunication pattern for a particular implemertation can be decided. Thus,
the comnunication is static if comm is static, dynamically analyzableif comm is
dynamically analyzable,and dynamic if comm is dynamic. Hereis a FORTRAN

examplecode segmenh from EP:

mpi_allreduee(sx, X, 1, dp_type, MPI _SUM, MPI_COMM WORLD, ierr)

This is a static routine sincewe have a static commnunicator.

MPI _Bcast

The prototype for this routine is int MPI _Bcast(void* bu er, int count,
MPI _Datatype datatype, int root, MPI_Comm comm). The commnunication pattern
of this routine is root sendinga messagetio all other nodesin the comnunicator
comm. Thus, if either comm or root is dynamic, the comnunication is dynamic. If
both commandr oot canbe determinedat compiletime, the comnunication is static.
Otherwise,the comrmunication is dynamically analyzable. The following F ORT RAN
examplecode segmeh from the M G bendimark shovs that the M P B cast s static
sincethe commnunicator mpi_commworld and root(0) are known statically:

mpi_bcast(lt, 1, MPI _INTEGER, 0, mpi_.comm_world, ierr)
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MPI _Send

The prototypefor this routine isint MPI_Send(void*buf, int count, MPI __Datatype
datatype, int dest, int tag, MPI_Comm comm). The analysis of this routine is
somewhattricky: the instantiation of the routine at runtime results in di erent
source-destinationpairs for di erent nodes. For an M P| _Send to be static, all the
source-destinationpairs resulted from the routine must be determined at compile

time. This requiresthe followings:

The comrmnunicator, comm, should be static.

The relation betweenranks of the destination and the sourcenodesshould be

static.

If there are guard statemernts (if statemen) protecting the routine, the e ects

of the guard statemeris should be static.

If any of the above is dynamic or dynamically analyzable,the comnunication is
marked as dynamic or dynamically analyzable. We show three di erent examples
correspnding to the above analysis. The following is a C code segmen from the | S

bendmark:

if( my_rank < comm.size- 1)
MPI1 _Send(keyarray|[total_local keys-1],1, MPI _INT, my_rank + 1, 1000,
MPI_COMM _WORLD)

the source,my_rank, and commsize aswellasMPI _.COMM WORLD are static
variables. Thus, the e ect of the if statemert is static. The relation betweenranks
of the destination and the sourcenodesis static, destinationis my_rank+ 1. Finally,
the communicator, MPI _ COMM WORLD, is static. As a result, this routine is

consideredstatic. If we assumeM PI _COM M WORLD cortains 4 nodes,then the
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static communication pattern resulting from this routine isf0! 1, 1! 2; 2! 3g.
Here, we usethe notion x ! y to represeh node x sendingmessagedo node y.
On the other hand, the following FORTRAN code segmeh taken from the LU

bendimark shows an exampleof a dynamic M P1 _Send routine:

mpi_send(dum(1,jst), 5*(jend-jst+1), dp_type, south, from_n, mpi_comm_world,

status, ierror)

The destination and the sourcerelationship here is dynamic due to the fact that
the destination south is a variable that changesduring the program execution. The
next FORTRAN code segmeh from the SP bendimark, shavs an example of a

dynamically analyzableM P1 _I send routine:

mpi_isend(outbu er, 22*bu er _size, dp_type, sucessor(1), defaulttag,

comm.solve, requests(2),ierror)

The comnunicator comm solve is dynamically analyzableasit was a result of MPI
comnunicator split and dup operations. The information in comm_solve can be
obtained with a little runtime overhead. In addition, the relationship betweenthe
source and the destination is dynamically analyzable since successoris an array
whoseelemens are initialized at the start of the program execution. The value of

successofl) can be determinedat runtime without much overhead.

MPI _Isend

The analysisof this routine is similar to that of MP1 _Send.
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5.4 Data collection

To collect dynamic measuremehn of the comnunications, we instrument MPI
operations by implemerting an MPI wrapper that allows us to monitor the MPI
communication activities at runtime. Notice that we cannot use built-in MPI
monitoring utilit y provided by the existing MPI implemenation since we must
distinguish among static, dynamic, and dynamically analyzable comnunications.
Sud information is not presened in the original MPI routines. To obtain the
information, we examinethe sourcecode and mark ead of the MPI comnunication
routines by hand. In the MPI wrapper, we record all MPI operations with their
respective parameters(as well as a eld indicating whether the commnunication is
static, dynamic, or dynamically analyzable)in a local trace le. After the execution
of the program, we analyze the trace les for all the nodes o -line to obtain the
dynamic measuremets. Most trace-basedanalysis systemsuse a similar approad
[13].
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CHAPTER 6

RESUL TS & IMPLICA TIONS

Table 6.1. Static classi cation of MPl commnunication

routines

program

communication routines

EP

Static: 4 M P1 _Allreduce 1 M PI| _Barrier

CG

Static: 1 M PI_Barrier
Dynamic: 10 M PI _Send

MG

Static: 6 M PI _Allreduce 9 M P| _Barrier
6 MPI _Bcast
Dynamic: 12M PI _Send

FT

Static: 2 M Pl _Barrier, 2 M PI _Bcast
Dynamically analyzable: 3 M P| _Alltoall

Static: 1 M PI_Allreduce 1 M P _Alltoall
1MPI_Send
Dynamic: 1 M P1 _Alltoallv

LU

Static: 6 M PI _Allreduce 1 M P| Barrier
9 M PI _Bcast

Dynamically Analyzable: 4 M P1 _Send

Dynamic: 8 M Pl _Send

BT

Static: 2 M PI _Allreduce 2 M P| Barrier
3 MPI _Bcast
Dynamically Analyzable: 12 M P1 _I send

SP

Static: 2 M PI _Allreduce 2 M P| Barrier
3 M Pl _Bcast
Dynamically Analyzable: 12 M P1 _I send

Table 6.1 shows the static classi cation of the comnunication routines in eat
program. All but one collective commnunication routine (M PI _alltoallv in 1S)
in the bendmarks are either static or dynamically analyzable.
relatively larger portion of point-to-point comnmunication routines are dynamic.
Figure 6.1 summarizesthe static courts of di erent comnunications. Among the

126 communication routines in all the bendimarks, 50.8% are static, 24:6% are
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communications
126 (100%)

"

static dynamic dynamically analyzable
64(50.8%)  31(24.6%) 31(24.6%)

Figure 6.1. Summary of static measuremen

dynamically analyzable,and 24:6% are dynamic. This measuremenshawvsthat there
are not many MPI communication routinesin a program, and that usingthe demand
driven method [14], which obtains program information on demand,to analyzethe
program and obtain information for compiled comnunication is likely to perform
better than using the traditional exhaustive program analysisapproad.

Next we will shov the dynamic measuremets of the comnunications. To reveal
the impact of the problem sizesand the number of nodesin the system on the
commnunications, we will preser results for four caseslarge problems(‘A' classin
the NPB-2.3 speci cation) on 16 nodes, small problems ('S' classin the NPB-2.3
speci cation) on 16 nodes, large problems on 4 nodes, and small problems on 4

nodes.

6.1 Results for large problems on 16 nodes

Table 6.2 shows the dynamic measuremets of the number and the volume for
the three types of comnunications in ead of the bendymarks. The number of
comrmunications is the number of times a communication routine is invoked. For
collective communications, the invocations of the correspnding routine at di erent
nodesare courted as one commnunication. For point-to-p oint comrmnunications, ead
invocation of a routine at eat node is courted as one communication. The volume
of comnunications is the total number of bytes sert by the comnunications. For
example,EP has5 static commnunications, which transfer 12.5KB of data. Di erent
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Table 6.2. Dynamic measuremenfor large problems(SIZE = A) on 16 nodes

program | type number | number % | volume | volume %
Static 5 100.0% | 12.5KB 100.0%
EP Dynamically analyzable 0 0.0% 0 0.0%
Dynamic 0 0.0% 0 0.0%
Static 1 0.0% | 0.03KB 0.0%
CG Dynamically analyzable 0 0.0% 0 0.0%
Dynamic 47104 100.0% | 2.24GB 100.0%
Static 100 0.9% | 126KB 0.0%
MG Dynamically analyzable 0 0.0% 0 0.0%
Dynamic 11024 99.1% | 384MB 100.0%
Static 3 27.3% | 0.99KB 0.0%
FT Dynamically analyzable 8 72.7% | 3.77GB 100.0%
Dynamic 0 0.0% 0 0.0%
Static 37 77.1% | 1.37MB 0.4%
IS Dynamically analyzable 0 0.0% 0 0.0%
Dynamic 11 22.9% | 346MB 99.6%
Static 18 0.0% | 28.6KB 0.0%
LU Dynamically analyzable 12096 1.6% | 3.96GB 75.7%
Dynamic 744036 98.4% | 1.27GB 24.3%
Static 7 0.0% | 11.1KB 0.0%
BT Dynamically analyzable 77280 100.0% | 14.1GB 100.0%
Dynamic 0 0.0% 0 0.0%
Static 7 0.0% | 11.1KB 0.0%
SP Dynamically analyzable | 154080 100.0% | 23.7GB 100.0%
Dynamic 0 0.0% 0 0.0%

bendimarks exhibit di erent communication characteristics:in terms of the volume
of commnunications, amongthe eight bendhmarks, CG, M G, and | S are dominated
by dynamic comnunications; EP cortains only static communications; FT, BT,
and SP are dominated by dynamically analyzablecommnunications. LU has 75.7%
dynamically analyzable comnunications and 24:3% dynamic comnunications. In
comparisonto the resultsin [8], the NAS parallel bendimarks have signi cantly less
static comnunications and much more dynamic commnunications. Howewer, static
and dynamically analyzablecommunications still accoun for a large portion of the
commnunications, which indicates that compiled comnunication can be e ective if

it can be applied to the two types of commnunications. The results also showv that
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in order for compiled comnunication to be e ective, it must be able to optimize

dynamically analyzablecomnunications.

Table 6.3. Dynamic measuremenfor collective and point-to-p oint commnunications
with large problems(SIZE = A) on 16 nodes

program type number | volume | volume %
EP collective 5| 12.5KB 100.0%
point-to-p oint 0 0 0.0%

CG collective 1 0.03B 0.0%
point-to-p oint 6720 | 2.24GB 100.0%

MG collective 100 | 126KB 0.0%
point-to-p oint 11024 | 384MB 100.0%

FT collective 11| 3.77GB 100.0%
point-to-p oint 0 0 0.0%

IS collective 33 | 348MB 100.0%
point-to-p oint 15 | 0.06KB 0.0%

LU collective 18 | 28.6KB 0.0%
point-to-point | 756132 5.24GB 100.0%

BT collective 7 | 11.1KB 0.0%
point-to-p oint 77280 | 14.1GB 100.0%

SP collective 7| 11.1KB 0.0%
point-to-p oint | 154080 23.7GB 100.0%

Since collective commnunication and point-to-p oint comrmunication are imple-
merted in adi erent manner,wewill considercollective comnunication and point-to-
point communication separately Table 6.3 shovs the number and the volume of col-
lective and point-to-p oint comrmunications in the bendimarks. The communications
in bendimarks EP, FT, and | S are dominated by collective communications while
the comnunicationsin CG, MG, LU, BT, and SP are dominated by point-to-p oint
communications.

Table 6.4 shavsthe classi cation of collective communicationsin the bendimarks.
As can be seenin the table, the collective communications in six bendymarks, EP,
CG, MG, LU, BT, and SP are all static. Most of the collective comrunications in
FT aredynamically analyzable. Only the collective communicationsin | S are mostly

dynamic. The results shov that most of collective commnunications are either static
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Table 6.4. Dynamic measuremenof collective commnunications with large problems
(SIZE = A) on 16 nodes

program type number | number % | volume | volume %
Static 5 100.0% | 12.5KB 100.0%

EP Dynamically analyzable 0 0.0% 0 0.0%
Dynamic 0 0.0% 0 0.0%

Static 1 100.0% | 0.03KB 100.0%

CG Dynamically analyzable 0 0.0% 0 0.0%
Dynamic 0 0.0% 0 0.0%

Static 100 100.0% | 126KB 100.0%

MG Dynamically analyzable 0 0.0% 0 0.0%
Dynamic 0 0.0% 0 0.0%

Static 3 27.3% | 0.99KB 0.0%

FT Dynamically analyzable 8 72.7% | 3.77GB 100%
Dynamic 0 0.0% 0 0.0%

Static 22 66.7% | 1.37MB 0.4%

IS Dynamically analyzable 0 0.0% 0 0.0%
Dynamic 11 33.3% | 346MB 99.6%

Static 18 100.0% | 28.6KB 100.0%

LU Dynamically analyzable 0 0.0% 0 0.0%
Dynamic 0 0.0% 0 0.0%

Static 7 100.0% | 11.1KB 100.0%

BT Dynamically analyzable 0 0.0% 0 0.0%
Dynamic 0 0.0% 0 0.0%

Static 7 100.0% | 11.1KB 100.0%

SP Dynamically analyzable 0 0.0% 0 0.0%
Dynamic 0 0.0% 0 0.0%

or dynamically analyzable. The implication is that the compiled commnunication
technique should be applied to optimize the MPI collective comnunication routines.

Table 6.5 shaws the classi cation of point-to-p oint communications. Since
EP and FT do not have point-to-point comnunication, we exclude these two
bendimarks from the table. In comparisonto collective commnunication, more
point-to-p oint comnunications are dynamic. CG and M G cortain only dynamic
point-to-p oint comnunications. BT and SP cortain only dynamically analyzable
point-to-p oint comnunications. None of the bendimarks has a signi cant number
of static point-to-p oint comnunications. Howewer, since a signi cant portion of

point-to-p oint commnunications are dynamically analyzable,compiledcommnunication
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Table 6.5. Dynamic measuremen of point-to-p oint commnunications with large
problems(SIZE = A) on 16 nodes

program type number | number % | volume | volume %
Static 0 0.0% 0 0.0%

CG Dynamically analyzable 0 0.0% 0 0.0%
Dynamic 47104 100.0% | 2.24GB 100.0%

Static 0 0.0% 0 0.0%

MG Dynamically analyzable 0 0.0% 0 0.0%
Dynamic 11024 100.0% | 384MB 100.0%

Static 15 100.0% | 0.06KB 100.0%

IS Dynamically analyzable 0 0.0% 0 0.0%
Dynamic 0 0.0% 0 0.0%

Static 0 0.0% 0 0.0%

LU Dynamically analyzable 12096 1.6% | 3.96GB 75.7%
Dynamic 744036 98.4% | 1.27GB 24.3%

Static 0 0.0% 0 0.0%

BT D. ana 77280 100.0% | 14.1GB 100.0%
Dynamic 0 0.0% 0 0.0%

Static 0 0.0% 0 0.0%

SP Dynamically analyzable | 154080 100.0% | 23.7GB 100.0%
Dynamic 0 0.0% 0 0.0%

can be e ective for point-to-p oint comnunications if it is e ective for dynamically
analyzablecommnunications.

Messagesizescan greatly a ect the ways the comnunications are performed.
Figure 6.2 shaws the summary of the messagesizedistribution for collective commnu-
nications in all the bendimarks. The summary is obtained by rst computing the
messagesize distribution in terms of percenage for ead range of messagesizesin
eadt of the bendimarks. We then give equalweights to all the bendimarksthat have
the particular communication and calculate the averagemessagesizedistribution in
terms of perceniage. The bendxmarks only have onedynamically analyzableand one
dynamic collective communications, sothere is not much distribution for thesecases.
For static collective communications, the messagesizesare mostly small (< 1K B).
This indicates that static collective communications with small messagesizesare

important casedor compiled communication.
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Figure 6.2. Messagesizedistribution for collective comnunications (SIZE = A) on
16 nodes

Figure 6.3 shavs the summary of the messagesizedistribution for point-to-p oint
comnunications in all the bendimarks. The summary is obtained in a similar
manner to that of the collective communications case. The static point-to-p oint
comnunications have a small messagesizewhile dynamic and dynamically analyzable

point-to-p oint commnunications generally have medium to large messagesizes.
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Figure 6.3. Messagesizedistribution for point-to-p oint commnunications (SIZE =
A) on 16 nodes
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Table 6.6. Dynamic measuremenfor small problems(SIZE = S) on 16 nodes

program | type number | number % | volume | volume %
Static 5 100.0%| 12.5KB 100.0%
EP Dynamically analyzable 0 0.0% 0 0.0%
Dynamic 0 0.0% 0 0.0%
Static 1 0.0% | 0.03KB 0.0%
CG Dynamically analyzable 0 0.0% 0 0.0%
Dynamic 47104 100.0%| 225MB 100.0%
Static 100 1.5% | 126KB 0.0%
MG Dynamically analyzable 0 0.0% 0 0.0%
Dynamic 6704 98.5% | 7.83MB 100.0%
Static 3 27.3% | 0.99KB 0.0%
FT Dynamically analyzable 8 72.7% | 118MB 100.0%
Dynamic 0 0.0% 0 0.0%
Static 37 77.1% | 0.69MB 19.4%
IS Dynamically analyzable 0 0.0% 0 0.0%
Dynamic 11 22.9% | 2.86MB 80.6%
Static 7 0.0% | 11.1KB 0.0%
BT Dynamically analyzable 23520 100.0% | 0.21GB 100.0%
Dynamic 0 0.0% 0 0.0%
Static 7 0.0% | 11.1KB 0.0%
SP Dynamically analyzable 38880 100.0% | 0.18GB 100.0%
Dynamic 0 0.0% 0 0.0%

6.2 Results for small problems on 16 nodes

In this section, we will shav the results for executing the bendmarks with a
small problem sizeon 16 nodes. SinceLU cannot be executedin this setting, we will
excludeit from the results.

Table 6.6 shows the dynamic measuremen of the number and the volume for
the three types of communications in eat of the bendimarks. The results are
similar to those for large problems except that a small problem size results in a
small communication volume. In terms of the volume of commnunications, amongthe
eight bendimarks,CG, M G, and| S aredominatedby dynamic comnunications; EP

contains only static commnunications;F T, BT, and SP aredominatedby dynamically
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analyzablecommnunications. Static and dynamically analyzablecommunications still

accour for a large portion of the comnunications.

Table 6.7. Dynamic measuremenfor collective and point-to-p oint commnunications
with small problems(SIZE = S) on 16 nodes

program type number | volume | volume %
EP collective 5| 12.5KB 100.0%
point-to-p oint 0 0 0.0%

CG collective 1 0.03B 0.0%
point-to-p oint 47104 | 225MB 100.0%

MG collective 100 | 126KB 1.6%
point-to-p oint 6704 | 7.83MB 98.4%

FT collective 11| 118VMB 100.0%
point-to-p oint 0 0 0.0%

IS collective 33 | 3.55MB 100.0%
point-to-p oint 15| 0.06KB 0.0%

BT collective 7| 11.1KB 0.0%
point-to-p oint 23520 | 209MB 100.0%

SP collective 7| 11.1KB 0.0%
point-to-p oint 38880 | 178MB 100.0%

Table 6.7 shows the number and the volume of collective and point-to-p oint
communications in the bendimarks. The communications in bendhmarks EP, FT,
and | S are dominated by collective comnunications while the communications
in CG, MG, BT, and SP are dominated by point-to-p oint commnunications. A
smaller problem sizedoesnot signi cantly changethe overall ratio betweencollective
communications and point-to-p oint comnunications in thesebendmarks.

Table 6.8 shavsthe classi cation of collective communicationsin the bendimarks.
The results agreewith previous results for large problems. The collective comnu-
nicationsin EP, CG, MG, BT, and SP are all static. Most of the collective com-
municationsin FT are dynamically analyzable. Only the collective communications
in I S are mostly dynamic. A smaller problem sizedoesnot changethe distribution
of static, dynamic, and dynamically analyzable collective comnunications in these

bendimarks signi cantly.
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Table 6.8. Dynamic measuremenof collective comnunicationswith small problems
(SIZE = S) on 16 nodes

program type number | number % | volume | volume %
Static 5 100.0% | 12.5KB 100.0%

EP Dynamically analyzable 0 0.0% 0 0.0%
Dynamic 0 0.0% 0 0.0%

Static 1 100.0% | 0.03KB 100.0%

CG Dynamically analyzable 0 0.0% 0 0.0%
Dynamic 0 0.0% 0 0.0%

Static 100 100.0% | 126KB 100.0%

MG Dynamically analyzable 0 0.0% 0 0.0%
Dynamic 0 0.0% 0 0.0%

Static 3 27.3% | 0.99KB 0.0%

FT Dynamically analyzable 8 72.7% | 118MB 100%
Dynamic 0 0.0% 0 0.0%

Static 22 66.7% | 692KB 19.5%

IS Dynamically analyzable 0 0.0% 0 0.0%
Dynamic 11 33.3% | 2.86MB 80.5%

Static 7 100.0% | 11.1KB 100.0%

BT Dynamically analyzable 0 0.0% 0 0.0%
Dynamic 0 0.0% 0 0.0%

Static 7 100.0% | 11.1KB 100.0%

SP Dynamically analyzable 0 0.0% 0 0.0%
Dynamic 0 0.0% 0 0.0%

Table 6.9. Dynamic measuremen of point-to-point comnunications with small
problems(SIZE = S) on 16 nodes

program type number | number % | volume | volume %
Static 0 0.0% 0 0.0%

CG Dynamically analyzable 0 0.0% 0 0.0%
Dynamic 47104 100.0% | 225MB 100.0%

Static 0 0.0% 0 0.0%

M G Dynamically analyzable 0 0.0% 0 0.0%
Dynamic 6704 100.0% | 7.83MB 100.0%

Static 15 100.0% | 0.06KB 100.0%

IS Dynamically analyzable 0 0.0% 0 0.0%
Dynamic 0 0.0% 0 0.0%

Static 0 0.0% 0 0.0%

BT D. ana 23520 100.0% | 209MB 100.0%
Dynamic 0 0.0% 0 0.0%

Static 0 0.0% 0 0.0%

SP Dynamically analyzable 38880 100.0% | 178MB 100.0%
Dynamic 0 0.0% 0 0.0%
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Table 6.9 shows the classi cation of point-to-point commnunications. As in
the casesfor large problems, we seemore dynamic point-to-p oint commnunications
than dynamic collective comnmunications. CG and MG cortain only dynamic
point-to-p oint comnunications. BT and SP cortain only dynamically analyzable
point-to-p oint communications. It is ewven valid that none of the bendxmarks has
a signi cant number of static point-to-p oint communications. The distribution of
static, dynamic, and dynamically analyzablepoint-to-p oint commnunicationsin these
bendimarks doesnot changewhen executedwith a smaller problem size.

Figure 6.4 shavs the summary of the messagesize distribution for collective
communications in all the bendimarks. The summary is obtained in the same
manner as that for large problems. The bendimarks only have one dynamically
analyzable comnunication, so there is not much distribution for that case. For
dynamic collective comnunication, the messagesizehasa rangeof 1K B-4K B, and
for static ones,the messageizesare mostly small (<= 1K B). A smallerproblemsize
resultsin more small message# collective comnunications. However, the trend in
the messagsizedistribution for small problemsis similar to that for large problems.

Figure 6.5 showvs the summary of the messagesizedistribution for point-to-p oint
comnunicationsin all the bendimarks. The summaryis obtainedin a similar manner
to that of large problems. We alsonote that a smaller problem sizeresultsin smaller
message point-to-p oint commnunications. However, the trend in the messagesize

distribution for small problemsis similar to that for large problems.
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6.3 Results for large problems on 4 nodes

Table 6.10. Dynamic measuremenfor large problems(SIZE = A) on 4 nodes

program | type number | number % | volume | volume %
Static 5 100.0%| 2.5KB 100.0%
EP Dynamically analyzable 0 0.0% 0 0.0%
Dynamic 0 0.0% 0 0.0%
Static 1 0.0% 6.0B 0.0%
CG Dynamically analyzable 0 0.0% 0 0.0%
Dynamic 6720 100.0% | 746MB 100.0%
Static 100 3.4% | 25KB 0.0%
MG Dynamically analyzable 0 0.0% 0 0.0%
Dynamic 2856 96.6% | 512MB 100.0%
Static 3 27.3% 198B 0.0%
FT Dynamically analyzable 8 72.7% | 2.42GB 100.0%
Dynamic 0 0.0% 0 0.0%
Static 25 69.4% | 272KB 0.1%
IS Dynamically analyzable 0 0.0% 0 0.0%
Dynamic 11 30.6% | 277MB 99.9%
Static 18 0.0% | 5.7KB 0.3%
LU Dynamically analyzable 2016 1.6% | 1.32GB 83.6%
Dynamic 124008 98.4% | 254MB 16.1%
Static 7 0.1% | 2.2KB 0.0%
BT Dynamically analyzable 9672 99.9% | 4.53GB 100.0%
Dynamic 0 0.0% 0 0.0%
Static 7 0.0% | 2.2KB 0.0%
SP Dynamically analyzable 19272 100.0% | 7.90GB 100.0%
Dynamic 0 0.0% 0 0.0%

Table 6.10 shavs the dynamic measuremen of the number and the volume for
the three types of comnunications in ead of the bendimarks. We can seefrom
the table that the results shov a similar trend as we have seenin the previous
cases.In terms of the volume of comnunications, CG, MG, and | S are dominated
by dynamic comnunications; EP cortains only static communications; FT, BT,
and SP are dominated by dynamically analyzablecommnunications. LU has 83.:6%
dynamically analyzable comnunications, 16:1% dynamic comnmunications, and a
small percenage, 0:3%, of static comnunications. In general,usinga smallernumber

of nodes increasesthe total comnunication volume, especially for point-to-p oint
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comnunications, but it doesnot signi cantly changethe ratios amongthe volumes

for static, dynamic, and dynamically analyzablecommunications.

Table 6.11. Dynamic measuremen for collective and point-to-p oint comnunica-
tions with large problems(SIZE = A) on 4 nodes

program type number | volume | volume %
EP collective 5| 2.5KB 100.0%
point-to-p oint 0 0 0.0%

CG collective 1 0.06B 0.0%
point-to-p oint 6720 | 746MB 100.0%

MG collective 100 | 25.2KB 0.0%
point-to-p oint 2856 | 512MB 100.0%

FT collective 11 | 2.42GB 100.0%
point-to-p oint 0 0 0.0%

IS collective 33| 277MB 100.0%
point-to-p oint 3 | 0.01KB 0.0%

LU collective 18 | 5.72KB 0.0%
point-to-p oint | 126024 | 1.58GB 100%

BT collective 7 | 2.22KB 0.0%
point-to-p oint 9672 | 4.53GB 100.0%

SP collective 7 | 2.22KB 0.0%
point-to-p oint 19272 | 7.9GB 100.0%

Table6.11shovsthe number and the volume of collective and point-to-p oint com-
munications in the bendimarks. We still obtain similar results: the communications
in bendimarks EP, FT, and | S are dominated by collective communications while
the comnunicationsin CG, MG, LU, BT, and SP are dominated by point-to-p oint
comnunications. Using a smaller number of nodesdoesnot signi cantly changethe
ratios betweenthe volumesfor collective and point-to-p oint comnunications.

Table 6.12 shows the classi cation of collective comrunications in the bend-
marks. EP, CG, MG, LU, BT, and SP have collective commnunications that
are all static while most of the collective comnunications in FT are dynamically
analyzable. | S still have collective commnunications that are mostly dynamic. The
collective comnunications in the bendimarks have a similar distribution among
static, dynamic, and dynamically analyzablecommnunications with di erent numbers

of nodesin the system.
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Table 6.12. Dynamic measuremeh of collective comnunications with large prob-
lems (SIZE = A) on 4 nodes

program type number | number % | volume | volume %
Static 5 100.0%| 2.5KB 100.0%

EP Dynamically analyzable 0 0.0% 0 0.0%
Dynamic 0 0.0% 0 0.0%

Static 1 100.0% | 0.03KB 100.0%

CG Dynamically analyzable 0 0.0% 0 0.0%
Dynamic 0 0.0% 0 0.0%

Static 100 100.0% | 25.2KB 100.0%

MG Dynamically analyzable 0 0.0% 0 0.0%
Dynamic 0 0.0% 0 0.0%

Static 3 27.3% | 0.20KB 0.0%

FT Dynamically analyzable 8 72.7% | 2.42GB 100%
Dynamic 0 0.0% 0 0.0%

Static 22 66.7% | 272KB 0.1%

IS Dynamically analyzable 0 0.0% 0 0.0%
Dynamic 11 33.3% | 278MB 99.9%

Static 18 100.0% | 5.72KB 100.0%

LU Dynamically analyzable 0 0.0% 0 0.0%
Dynamic 0 0.0% 0 0.0%

Static 7 100.0% | 2.22KB 100.0%

BT Dynamically analyzable 0 0.0% 0 0.0%
Dynamic 0 0.0% 0 0.0%

Static 7 100.0% | 2.22KB 100.0%

SP Dynamically analyzable 0 0.0% 0 0.0%
Dynamic 0 0.0% 0 0.0%

Results of point-to-point classi cation are shavn in Table 6.13. Again, CG
and MG conrtain only dynamic point-to-p oint comnunications whereasBT and
SP cortain only dynamically analyzable point-to-p oint comnunications. None of
the bendmarks has a signi cant number of static point-to-p oint comnunications.
A smaller number of nodesdoesnot signi cantly changethe distribution of static,
dynamic, and dynamically analyzablepoint-to-p oint comnunicationsin thesebend-
marks.

The summary of the messagesize distribution for collective comnunications in
all the bendhmarksis shown in Figure 6.6. This gure shows almostidentical results

to patterns when the bendimarks are run on 16 nodeswith a large problem size.
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Table 6.13. Dynamic measuremen of point-to-p oint commnunications with large
problems(SIZE = A) on 4 nodes

program type number | number % | volume | volume %
Static 0 0.0% 0 0.0%
CG Dynamically analyzable 0 0.0% 0 0.0%
Dynamic 6720 100.0% | 746MB 100.0%
Static 0 0.0% 0 0.0%
MG Dynamically analyzable 0 0.0% 0 0.0%
Dynamic 2856 100.0% | 512MB 100.0%
Static 3 100.0% | 0.01KB 100.0%
IS Dynamically analyzable 0 0.0% 0 0.0%
Dynamic 0 0.0% 0 0.0%
Static 0 0.0% 0 0.0%
LU Dynamically analyzable 2016 1.6% | 1.32GB 83.9%
Dynamic 124008 98.4% | 254MB 16.1%
Static 0 0.0% 0 0.0%
BT D. ana 9672 100.0% | 4.53GB 100.0%
Dynamic 0 0.0% 0 0.0%
Static 0 0.0% 0 0.0%
SP Dynamically analyzable | 19272 100.0% | 7.9GB 100.0%
Dynamic 0 0.0% 0 0.0%
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Figure 6.6. Messagesizedistribution for collective comnunications (SIZE = A) on
4 nodes
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Figure 6.7. Messagesizedistribution for point-to-p oint comrmunications (SIZE =
A) on 4 nodes

The messagssizesfor dynamic and dynamically analyzablecomnunications become
larger, but the messagesize distribution has a similar trend. Figure 6.7 shaws the
summary of the messagesize distribution for point-to-p oint comnunications in all
the bendimarks. With a smaller number of nodes,more messageare of larger sizes.
Howeer, the messageaizedistribution shavsa similar trend: the static point-to-p oint
comnunications have a small messagasizewhile dynamic and dynamically analyzable

point-to-p oint commnunications generally have medium to large messagesizes.

6.4 Results for small problems on 4 nodes

Table 6.14shavs the dynamic measuremenof the number and the volumefor the
three typesof commnunications in ead of the bendimarks. The table, in accordance
to previous experimerts, reveals the sametrend as we had before, although the

commnunication volume is signi cantly smaller. LU has0:1% static comnunications,

50



Table 6.14. Dynamic measuremenfor small problems(SIZE = S) on 4 nodes

program | type number | number % | volume | volume %
Static 5 100.0%| 2.5KB 100.0%
EP Dynamically analyzable 0 0.0% 0 0.0%
Dynamic 0 0.0% 0 0.0%
Static 1 0.0% 6.0B 0.0%
CG Dynamically analyzable 0 0.0% 0 0.0%
Dynamic 6720 100.0% | 74.7MB 100.0%
Static 100 5.3% 25KB 0.3%
MG Dynamically analyzable 0 0.0% 0 0.0%
Dynamic 1776 94.7% 9MB 99.7%
Static 3 27.3% 198B 0.0%
FT Dynamically analyzable 8 72.7% | 75.5MB 100.0%
Dynamic 0 0.0% 0 0.0%
Static 25 69.4% | 137KB 6.0%
IS Dynamically analyzable 0 0.0% 0 0.0%
Dynamic 11 30.6% | 2.16MB 94.0%
Static 18 0.4% | 5.7KB 0.1%
LU Dynamically analyzable 416 9.4% | 9.58MB 86.1%
Dynamic 4008 90.2% | 1.54MB 13.8%
Static 7 0.2% | 2.2KB 0.0%
BT Dynamically analyzable 2952 99.8% | 57.3MB 100.0%
Dynamic 0 0.0% 0 0.0%
Static 7 0.1% | 2.2KB 0.0%
SP Dynamically analyzable 4872 99.9% | 59.2MB 100.0%
Dynamic 0 0.0% 0 0.0%

86:1% dynamically analyzablecommnunications, and 13:8% dynamic comnunications
in terms of the volume of commnunication. CG, MG, and | S are still dominated by
dynamic communications; EP cortains only static comnunications; FT, BT, and
SP are dominated by dynamically analyzablecommnunications.

We showv the number and the volume of collective and point-to-p oint comrmuni-
cations for ead bendimarks in Table 6.15. The table also shovs the sametrend
aswe had in previousexecutionswith di erent problem sizesand di erent numbers
of nodes. The commnunications in bendimarks EP, FT, and | S are dominated by
collective comnrunications while the comnunicationsin CG, MG, LU, BT, and SP

are dominated by point-to-p oint communications.
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Table 6.15. Dynamic measuremen for collective and point-to-p oint comnunica-
tions with small problems(SIZE = S) on 4 nodes

program type number | volume | volume %
EP collective 5| 2.5KB 100.0%
point-to-p oint 0 0 0.0%

CG collective 1 0.06B 0.0%
point-to-p oint 6720 | 74.7MB 100.0%

MG collective 100 | 25.2KB 0.3%
point-to-p oint 1776 | 9.00MB 99.7%

FT collective 11 | 75.5MB 100.0%
point-to-p oint 0 0 0.0%

IS collective 33| 2.3MB 100.0%
point-to-p oint 3 | 0.01KB 0.0%

LU collective 18 | 5.72KB 0.0%
point-to-p oint 4424 | 11.1MB 100%

BT collective 7 | 2.22KB 0.0%
point-to-p oint 2952 | 57.3MB 100.0%

SP collective 7| 2.22KB 0.0%
point-to-p oint 4872 | 59.2MB 100.0%
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Table 6.16. Dynamic measuremen of collective comnunications with small prob-
lems (SIZE = S) on 4 nodes

program type number | number % | volume | volume %
Static 5 100.0%| 2.5KB 100.0%

EP Dynamically analyzable 0 0.0% 0 0.0%
Dynamic 0 0.0% 0 0.0%

Static 1 100.0% | 0.03KB 100.0%

CG Dynamically analyzable 0 0.0% 0 0.0%
Dynamic 0 0.0% 0 0.0%

Static 100 100.0% | 25.2KB 100.0%

MG Dynamically analyzable 0 0.0% 0 0.0%
Dynamic 0 0.0% 0 0.0%

Static 3 27.3% | 0.20KB 0.0%

FT Dynamically analyzable 8 72.7% | 75.5MB 100%
Dynamic 0 0.0% 0 0.0%

Static 22 66.7% | 137KB 6.0%

IS Dynamically analyzable 0 0.0% 0 0.0%
Dynamic 11 33.3% | 2.16MB 94.0%

Static 18 100.0% | 5.72KB 100.0%

LU Dynamically analyzable 0 0.0% 0 0.0%
Dynamic 0 0.0% 0 0.0%

Static 7 100.0% | 2.22KB 100.0%

BT Dynamically analyzable 0 0.0% 0 0.0%
Dynamic 0 0.0% 0 0.0%

Static 7 100.0% | 2.22KB 100.0%

SP Dynamically analyzable 0 0.0% 0 0.0%
Dynamic 0 0.0% 0 0.0%

Table 6.16 shows the classi cation of collective commnunications in the bend-
marks. Even this table shavs a similar trend asin other collective commnunications
tables before. Among the bendmarks, EP, CG, MG, LU, BT, and SP have
collective comnunications that are all static. One bendwmark, FT, had collective
comnunications that are dynamically analyzable. Only the collective comnunica-
tions in | S are mostly dynamic.

Table 6.17 shows the classi cation of point-to-p oint commnunications. The trend
in this table is similar to that in previous results: none of the bendimarks has a

signi cant number of static point-to-p oint communications; CG and M G cortain
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Table 6.17. Dynamic measuremen of point-to-p oint commnunications with small
problems(SIZE = S) on 4 nodes

program type number | number % | volume | volume %
Static 0 0.0% 0 0.0%

CG Dynamically analyzable 0 0.0% 0 0.0%
Dynamic 6720 100.0% | 74.7MB 100.0%

Static 0 0.0% 0 0.0%

MG Dynamically analyzable 0 0.0% 0 0.0%
Dynamic 1776 100.0% | 9.00MB 100.0%

Static 3 100.0% | 0.01KB 100.0%

IS Dynamically analyzable 0 0.0% 0 0.0%
Dynamic 0 0.0% 0 0.0%

Static 0 0.0% 0 0.0%

LU Dynamically analyzable 416 9.40% | 9.59MB 86.2%
Dynamic 4008 90.6% | 1.54MB 13.8%

Static 0 0.0% 0 0.0%

BT D. ana 2952 100.0% | 57.3MB 100.0%
Dynamic 0 0.0% 0 0.0%

Static 0 0.0% 0 0.0%

SP Dynamically analyzable 4872 100.0% | 59.2MB 100.0%
Dynamic 0 0.0% 0 0.0%

only dynamic point-to-p oint communications; BT and SP cortain only dynamically
analyzablepoint-to-p oint communications.

Figure 6.8 shavs the summary of the messagesize distribution for collective
communicationsin all the bendamarks. The bendimarks have only onelarge message
size (IMB+) for dynamically analyzable commnunication, so there is not much
distribution for the dynamically analyzable case. About 95% of the messagegor
dynamic commnunications are in the rangeof 16K B-64K B while 5% arein the range
of 4K B-16K B. For static collective communications, the messagesizesare mostly
small (< 1K B). Figure 6.9 shavs the summary of the messagesize distribution
for point-to-p oint commnunications in all the bendymarks. As in previous results,
the static point-to-p oint comnunications have a small messagesize while dynamic
and dynamically analyzable point-to-p oint comnunications generally have medium

to large messagesizes.
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Figure 6.8. Messagesizedistribution for collective commnunications (SIZE = S) on
4 nodes
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Figure 6.9. Messagesizedistribution for point-to-p oint commnunications (SIZE =
S) on 4 nodes
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CHAPTER 7

CONCLUSIONS

We studied the comnunication characteristics in the MPI implemertation of
the NAS parallel bencdimarks and investigated the feasibility and e ectivenessof
compiled commnunication on MPI programs. The results of this study can also be
usedby other compiler assistedapproatiesto improve communication performance.

The main conclusionsare the followings:

Static and dynamically analyzable communications accourt for a signi cant
portion of the communications in the bendimarks, which indicates that com-
piled communication can be e ective if it can optimize these two types of

comnunications.

The majority of collective comnunications are static, which indicates that
compiled comnunication should be applied to optimize MPI collective com-
munications. Furthermore, most static collective commnunications have small

messagesizes.

There is a signi cant number of dynamically analyzable point-to-p oint com-
munications in the bendimarks. For compiled comnunication to be e ective
in handling MPI point-to-p oint comnunications, it must be able to optimize

dynamically analyzablecommnunications.

While dierent problem sizesand di erent numbers of nodesin the system

a ect the sizesof messagesn the comnunications, they do not signi cantly
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change the distribution and the ratio of static, dynamic, and dynamically
analyzable comnunications in the bendimarks. Thus, the above conclusions

hold for di erent problem sizesand di erent numbers of nodesin the system.
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