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Abstract incurred. The most common optimization technique used
by previous researchers is message vectorization [7, 3]. In
In distributed-memory message-passing architecturesmessage vectorization, instead of naively insergegd

reducing communication cost is extremely important. In this and recv operations just before references to non-local
paper, we present a technique to optimize communicationdata, communication is hoisted to outer loops. Essentially
globally. Our approach is based on a combination of lin- this optimization replaces many small messages with one
ear algebra framework and dataflow analysis, and can take large message reducing the number of messages. Some
arbitrary control flow into account. The distinctive features researchers [7] have also considered message coalescing
of the algorithm are its accuracy in keeping communica- which combines messages due to different references to the
tion set information and its support for general alignments same array, and message aggregation which combines mes-
and distributions including block-cyclic distributions. The sages due to references to different arrays to the same desti-
method is currently being implemented in the PARADIGM nation processor into a single message. Many of these tech-
compiler. The preliminary results show that the technique is niques are limited to a single loop nest.
effective in reducing both number as well as volume of the

o Recently a number of authors have proposed techniques
communication.

based on dataflow analysis to optimize communication
across multiple loop nests [5, 6, 10]. Almost all of the
1. Introduction approaches use a variant of Regular Section Descriptors

Distributed-memory multiprocessors are attractive for (RSD) introduced by Callahan and Kennedy [4]. For each
high performance computing in that they offer potentially array referenced in the program, an RSD is defined which
high levels of flexibility, scalability and performance. But describes the portion of the array that is referenced. Al-
the need for explicit message passing resulting from thethough this representation is convenient for simple array
lack of a globally shared address space renders programsections such as those found in pure block or cyclic distri-
ming these machines a difficult task. The main objective butions, it is hard to embed alignment and general distribu-
behind the efforts such as High Performance Fortran (HPF)tion information into it. Apart from inadequate support for
is to raise the level of programming by allowing the user block-cyclic distributions, working with section descriptors
write programs with a shared address space view augmentethay sometimes result in overestimation of the communica-
with directives that specify data mapping. The compilers tion sets.

for such languages are responsible for partitioning compu- |y this paper, we show that the problem of global com-
tation, inserting necessary commands that implement re-mpication optimization can be cast in a linear algebra
quired message passing for access to non-local data. framework. This allows the compiler to easily apply tra-
On such machines, cost to access non-local data is usugjtional loop-based optimization techniques such as mes-
ally orders of magnitude higher than accessing local data.sage vectorization, message coalescing as well as global
Therefore, it is imperative to reduce the frequency and vol- gptimizations such as redundant communication elimina-
ume of non-local accesses as much as possible. Several fjon and communication hoisting. Using the linear algebra
forts have been aimed at reducing communication overheagyamework proposed by Ancourt et al. [2], our technique is
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were not possible under the loop nest based communicablock-cyclic distribution and define tHewnset as
tion optimization schemes. We assume reader’s familiar-

ity with basic dataflow concepts such as control flow graph Own(X,q) =
(CFG), basic block, and interval analysis as well as basic t=CxPxc+Cxq+landy <d<ayand
HPF directives. We also assume that prior to our analysis, m<g<pgandy <t <t,and0 <1< C -1},
the compiler has performed all loop-level transformations ) )

to enhance parallelism (e.g., loop permutation, loop distri- Where P =, — pi + 1. Inthis formulationt = -+ d +
bution). Our technique is based on interval analysis per- 'épresentsalignmentinformation ame= C+Pxc+Cxq+1
formed on the CFG. The interval analysis [1] consists of a dénotes the distribution information. Simp# OCKand
contraction phase and an elimination phase. In this paper€YCLIC(1) distributions can easily be handled within this
an interval corresponds to a loop and depending on the conframework by setting=0 and =0, respectively. See [2] for

text the term ‘node’ is used for a statement, a basic block orthe details. , . .
a reduced interval. A communication descriptocan be defined as a pair

(R,S), whereR is an array identifier (name) arftlis the

{d | 3t,c,1suchthat = a+xd+ gand

2. Dataflow analysis communication sedssociated wittR. The exact definition
Consider the following program fragment annotated by of a communication set depends on the context in which it
HPFE-like directives. is used. Throughout our analysis, a set is defineldidgl is
owned byq and is required by (or should be transferred to
real X(ar:au) or has already been transferred pg) except for theILL
IHPF$ template Ti(:t.,) set, which defines the set of elements written (killedjgby
IHPF$ pr_ocess_ors_PROp}_(pu) Since we define a communication set as a list of equalities
IHPF$ align X(j) with Te*j+3) and inequalities, it can be representedSas: {d | P(d)}
IHPF$ distribute T(cycliaf)) onto PROC whereP(.) is a predicate. Lefd | P(d)} and{d | Q(d)}
L be two communication sets. We define the operatibps
doi =iz, iy —., andn, on communication sets as follows:

X(yr*i+0r) = - - X(yr*i+0R) - - -
enddo {d | P(

LetR. =X(7o%+ 1) andRz =X(yg*i+ 0r). Assum- (417
ing p andq denote two processors, the following sets can  {d | P(

He{d|Qd)} = {d|P(d)oro(d)}
}—e{d|Q(d)} = {d|P(d)andnot(Q(d))}
BN {d| Q(d)} = {d|P(d)andQ(d)}

1IN 1]

S

be defined: i )
Note that the operations ‘or’, ‘and’ and ‘not’ can easily be
Own(X,q) = {d|d € Xandisowned by} performed by the corresponding Omega operations on sets
Compute(X, Rz,q) = {i|~z*i+ 0 €0wn(X, q) which contain equalities and inequalities.

andi; < i <i,} Let D = (R,S) be a communication descriptor. We
define two functions: a functiod/ from communication
descriptors space to array identifiers space; and a function
M from communication descriptors space to communica-

CommSet(X,Rz,p,q) = Own(X,q)NView(X,R%,p). tion sets space such that(D) = R and M (D) = S.
. Supposé>S; andDS- are two communication descrip-
Intuitively, the setOwn(X,q) refers to the elements tor sets. Three operations, namely, —4, andnyg, are de-
mapped onto processqrthrough compiler directives. The fined on these sets as follows:

set of iterations to be executed fydue to a LHS reference DS 44DSs = {D|DcDS;andvD' € DSs N (D) # N(D')}
R is given byCompute(X, R.,q) . Of course, during UID | D € DS andvD' € DS, N(D) # N(D')}
the execution of this iteration set, some elements (local or U{D | 3D € DS1,D" € DS st.

non-local) accessed by RHS referefitg will be required,; N(D) = N (D) :7N(D”) and

the setView(X, Rx,q) defines these elements. Finally, M(D) = M(D') +o M(D")}

CommSet(X, Rr,p,q) defines the elements that should ¢
be communicated from processprito processop due to
referenceR . It should be noted that in general there may
be more than one RHS reference, and the computation may
involve multi-dimensional arrays and a multi-level nest in

View(X,Rz,q)

{d | Just.s € Compute(X,R.,q) and
d=X(yr *1+0r)andy <1 <i,}

DS —4DS2 = {D|D e DS andvD’ € DSy N(D) # N (D')}
u{D | 3D’ € DS, D" € DS st.
N(D) =N (D') = N(D') and

which cased andi denote data and iteration vectors re- M(P) = M(D') = M(D")}

spectively. Also in the most general case;y, andyg are

matrices, and, 61, anddy, are vectors. D§1Ny DSz = {D|3D' € DS, D" € DSy st.
The definition of theOwnset above is rather informal. N (D) = N(D') = N(D") and

For a more precise definition, we take into account the M(D) = M(D') Ne M(D")}



In this paper, we sometimes use andU, instead of+,. Comm(i,p,q) be the set of elements that may be commu-
and+4, respectively. It should be noted that although these nicated at the beginning of intervialto satisfy communica-
operations are similar to those presented by Gong et al. [5],tion requirements from the beginning iofto the last node
there is an important difference. Since we keep the commu-0f i . Then, assuming th&omm(succ(last(i)),q)
nication sets accurately in terms of equalities and inequali-= ?» We have
ties, we can optimize (e.g., coalesce) communication mes- gen(i,p,q) = {d|3ist.i; <7< i, andd € Oun(X, q) and
sages even if the messages do not have the same commu- 7

SO . . . . d =Rr(z) andR(z) € Own(X, p) and not
nication pattern (e.g., broadcast, point-to-point) or identical L _ - ,
P (e.g P P ) (33, Rc sty <7< iy, andd = Rz '(7) and

sender/receiver sets. N )
2.1. Local (Intra-Interval) Analysis Faeam )}
The local analysis part of our framework computes Comm(i,p,q) = [ ﬂ Comm(s, p, q)] U GEN(i, p, q).
KILL , GENand POSTGENSsets for each interval. Then s€succ(i)
the interval is reduced to a single node and annotated with | addition, we use the following equation to reduce an
this information. B . interval into a single node:
Let R.(i) and Rz (i) be the data elements obtained
from reference® - andR % respectively with a specific it- GEN(i,p,q) = Comm(First(i),p,q).

eration vectoi. The computation of thKILL set proceeds I
in the forward direction; that is, the nodes within the interval ' the definition of GEN R denotes the RHS reference,

are traversed in topological sort order. ldtL(i,q)  be andR . denotes the LHS reference of the same statement.
the set of elements written (killed) by processpin node  Rc', on the other hand, refers to any LHS reference within

i , andModified(i,q) be the set of elements that may the same interval. Notice that while;' is a reference to
be killed along any path from the beginning of the interval the same array é8x, R can be a reference to any array.
to nodei (including node ). Then, level(i) gives the nesting level of the interval (loop), 1
) _ dld . corresponding to the outermost loop in the nest.
KILL(1,q) = {d|d€ ?‘m(x’ﬁ) an ’f’t' After the interval is reduced, th&ENset for it is
d="Re()andi <7< iy}, recorded, and an operatdt is applied to the last part of
Modified(i,q) = | U Modified(j, q)] UKILL(i,q) this GENset to propagate it to the outer interval:
jEpred(i) _ _ _ _
]p F (=) = 1R a—1)1-
assuming thaModified(pred(first(i)),q) =0 . .
wherefirsti)  is the firstnodein . If last()  is the We should emphasize that computation of GieNsets

gives us all the communication that can be vectorized above
aloop nest; that is, our analysis easily handles message vec-
KILL(i,q) = Modified(last(i),q). torization. Finally,POSTGEN(i,p,q) is the set of ele-
ments required by processpifrom processoq at nodei

This last equation is used to reduce an interval into a node with no subsequent write to them:

GEN(,p,q) isthe setof e.Iem.ents requwed.by proces- POST GEN(i,p.q) = {d|Jrsti <7< 7 andd € om(X, q)
sorp from processoq at nodei with no preceding write -
(assignment) to them. The computation of RENpro- andd = Rr (1) andR(z) € Own(X, p)
ceeds in the backward direction, i.e., the nodes within each and not(37, R st.4; < j <4, and
interval are traversed in reverse topological sort order. The d =R, (J) andi<1ever(s)7) }-
elements that can be communicated at the beginning of a ) . .
node are the elements required by any RHS reference within, | '€ computation oPOSTGEN(i,p,q) ~ proceeds in the

the node except the ones that are written before being referiorward direction. lts computation is similar to those of

KILL(i,q) andGEN(i,p,q) sets.

last node in , then

enced.
Assumingi = (11, ...,2,) ande’ = (uf, ...,1,), lets/ <7 2.2. Dataflow Equations

mean that’ is lexicographically less than or equaltceand We concentrate on the computation of teev sets

v <kr mean that; = u; for all j < k, and (4, ..., 1) < only. Similar analysis applies teend sets as well ex-

(tk, ---,1n). Since a node can refer to multiple RHS refer- cept for the fact that the definition of the communica-

ences, we define tion set should be modified accordingly. Our dataflow
CEN(ip.q) = U CEN(1, R, p, ) analysis framework consists of a backward and a'forward

T -~ P AR pass. In the backward pass, the compiler determines sets

of data elements that can safely be communicated at spe-

For the sake of simplicity, we assume one RHS referencecific points. The forward pass, on the other hand, elim-
per node, and us&EN(,p,q) in the following. Let inates redundant communication and determines the final



Backward Analysis:

SAFEOUT(i,p,q) = (| SAFEIN(s,p,q) @)
s€suce(i)

. B GEN(i,p,q) if P(4)

SAFE_IN(i,p,q) = { (SAFE_OUT(i, p,q) —a KILL(i,q)) +a GEN(i,p,q) otherwise (2
Forward Analysis:
RECV_IN(i,p,q) = ﬂ RECV_0UT(j, p,q) ©)
jEpred(i)

. . GEN(i,p,q) —a RECV_IN(i,p,q) if 3k € suce(i) andk ¢ dom(i)

RECV(i,p,q) = { SAFE_IN(i,p,q) —a RECV_IN(i,p,q) otherwise @
. B RECV_IN(i, p,q) —a KILL(i,q) if 3k € suce(i) andk ¢ dom(t)

RECV-0UT(3.p.0) - = { ((RECV(i, p,q) +a RECV_IN(i, p,q)) —a KILL(i, q)) +a POST-GEN(i,p,q)  otherwise ©

Figure 1. Dataflow equations for optimizing communication.

set of elements (if any) that should be communicated atis finally used by the communication generation portion of
the beginning of each node. The input for the equa- the compilerto generate the actoatv commands. Equa-
tions consists of theGEN(i,p,q) , KILL(i,q) and tion (3) simply says that the communication set arriving in
POSTGEN(,p,q) sets as computed during the local a join node can be found by intersecting the sets for all the
analysis. The dataflow equations for the backward analy-joining paths. Equation (4) is used to compute RECV

sis are given by Equations (1) and (2) in Figure 1. Note that set which corresponds to the elements that can be commu-
N in this figure denotes;. nicated at the beginning of the node except the ones that

SAFEIN(i,p,q) and SAFEOUT(i,p,q)  are the have already been communicat&®EHCVIN ). The elements
sets of communication descriptors which denote the ele-that have been communicated at the end of rio@at s,

ments thatansafely be communicated at the beginning and RECVOUTSset) are simply the union of the elements com-

end of nodd , respectively. Equation (1) says that an ele- Municated up to the beginning of the elements commu-
ment should be communicated at a point if and only if it nicated at the beginning of provided that the condition

will be used in all of the following paths in the CFG. Equa- N €guation (5) is not satisfied (except the ones which have
tion (2), on the other hand, gives the set of elements that?€en overwritten (killed) in ) and the elements communi-
can safely be communicated at the beginning of niode cateq i and not W”tt?r,] sqbsequentl?@SIGEN, again

and makes use of th8ENandKILL sets. Intuitively, an provided that the C(_)ndmon in the equation is not sansﬁgd. !t
element can be communicated at the beginning of noie shoulq be emphasized that all these sets are communication
and only if it is either required (generated) by nader it descriptor sets, and the order of operations as indicated by

reaches at the end of notleand is not overwritten (killed) e Parentheses is important. )
init. P () is a predicate used to control how far the com- 2-3 Global Dataflow Analysis

munications should be hoisted. It should be noted thatifthe Our approach starts by computing &N KILL and
elements contained BAFEIN sets are directly communi- POSTGENSsets for each node. Then the contraction phase

cated without any further analysis, there would be signifi- of the analysis reduces the intervals from innermost to out-
cant amounts of redundant communication. The task of the€'Mmostand annotates them waENKILL andPOSTGEN

: . L . sets. When a reduced CFG with no cycles is reached, the
];c:t\?éid analysis phase is to eliminate redundant Commun"expansion phase starts aR&ECVsets for each interval is

computed, this time from outermost to innermost. There is
The dataflow equations for the forward analysis are one important point to note: before starting to process the
given by Equations (3), (4) and (5) in Figure 1. nextinner graph, thRECVIN set of the first node in this
RECVIN(i,p,q) andRECVOUT(i,p,q)  denote the graph is set to _thRECVset of the interval that contains it.
set of communication descriptors which contain the ele- More formally, in the expansion phase, we set
ments thathave beercommunicated so far (at the begin-
ning and end of the node respectively) frong to p. On
the other handRECV(i,p,q)  denotes the set of commu-  This assignment then triggers the next pass in the expan-
nication descriptors which contain elements tsladuldbe sion phase. Of course, before the expansion phase starts
communicated frong to p at the beginning of node and RECV_IN(i, p, q)lstp‘”s is set tof). Thesend sets are gen-

h h
RECV_IN(i,p,q)kt pass  — RECV(i,p,q)(k_l)t pass.



Table 1. Results of the static analysis for

tomcatv on 8 nodes.

number of messages communication volume (in array elements)
program (BLOCK®) [ (CYCLIC(4)®) [ (CYCLIC*) (BLOCK®) [ (CYCLIC@® | (CYCLIC,)
base 112 128 128 57,120 1,040,000 4,161,600
opt 28 32 32 14,436 261,120 1,044,480
% imprv. 75% 75% 75% 75% 75% 75%
Table 2. Results of the static analysis for  swim256 on 8 nodes.
number of messages communication volume (in array elements)
program (BLOCK®) [ (CYCLIC(4)® [ (CYCLIC*) (BLOCK) [ (CYCLIC@®® | (CYCLIC,»)
base 4,691 5,212 5,212 2,188,032 34,277,622 135,778,800
opt 2,489 2,770 2,770 1,270,230 18,936,460 73,517,520
% imprv. 47% 47% 47% 42% 45% 46%

erated analogously during the same process. We refer thdReferences

reader to [8] for the details of our approach.

3. Preliminary results

We measure the effectiveness of our approach stat-
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