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Abstract

Reducing communication costs can significantly improve the
execution time of a parallel program. This paper presents a
new approach for communication optimization in data par-
allel programs that is based on global data flow analysis and
performance prediction. Our techniques are based on sim-
ple yet highly effective data flow equations which are solved
iteratively for arbitrary control flow graphs. Previous tech-
niques are based on fixed communication optimization strate-
gies whose quality can be very sensible to changes of problem
and machine sizes. Qur algorithm is novel in that we carefully
examine tradeoffs between communication latency hiding and
reducing the number and volume of messages (e.g. message
coalescing and aggregating) by systematically evaluating a
reasonable set of promising communication placements for a
given program covering several (possibly conflicting) commu-
nication guiding profit motives. P3T, a state-of-the-art per-
formance estimator that carefully models problem and ma-
chine characteristics, is used to ensure communication buffer-
safety and to find the best communication placement of all
created ones. Employing an accurate performance estimator
opens ground for more aggressive communication optimiza-
tion opportunities that carefully examine performance gains
and losses among applicable optimization strategies which
is not achievable with most existing approaches. Our tech-
niques are based on data flow analyses that enable vector-
izing, coalescing and aggregating communication, and over-
lapping communication with computation both within and
across loop nests all in a unified framework. We present re-
sults for the Meiko CS-2 and a network of Sparc worksta-
tions based on a preliminary implementation which show that
our method implies a significant reduction in communication
costs and demonstrate the effectiveness of this analysis in im-
proving the overall performance of data parallel programs.

* Research supported by the Austrian Science Fund as part of
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1 Introduction

The overhead to access non-local data from remote processors
on distributed memory architectures is commonly orders of
magnitude higher than the costs of accessing local data. As
a consequence, a key problem to effectively use distributed
memory architectures is centered around efforts to optimize
communication [3, 7, 9, 8, 10, 1] which includes: message vec-
torization (hoisting communication outside of loops), mes-
sage coalescing (removing redundant communication based
on the same array), communication aggregation (combining
messages based on different arrays), collective communica-
tion, communication latency hiding, and pipelined commu-
nication. The effect of these optimizations is limited by the
fact that most of the analysis in current parallelizing compil-
ers is performed for a single loop nest at a time, and very few
research efforts have been started to optimize communication
globally across arbitrary control flow. Note that reducing the
number of messages can also be a valuable optimization for
message passing programs that are executed on shared mem-
ory architectures, since fewer messages commonly translate
into less synchronization points [11].

Most approaches [8, 10, 9] for global scheduling of commu-
nication commonly place SENDs as early and RECVs as late
as possible in order to maximize communication latency hid-
ing. Hardly any communication optimization considers com-
munication buffer constraints, although it has been shown
[10] that latency hiding can dramatically increase the size
of communication buffers which can even result in run-time
€rrors.

Recently it has been observed [3] that maximizing commu-
nication latency hiding can prevent valuable opportunities to
reduce the number of messages and to avoid sending partially
redundant data. An alternative strategy has been developed
in [3] which tries to schedule communication later such that
as many individual communications as possible are combined
at the same (not necessarily at the earliest possible) program
point in order to preserve the benefits of reducing the num-
ber and volume of messages at the cost of decreased latency
hiding.

The fundamental problem that arises in most existing com-
munication optimization approaches is that they are based
on fixed communication optimization strategies whose qual-
ity can be very sensible to changes of machine and problem
sizes. Ignoring tradeoffs between communication latency hid-
ing and reducing the number and volume of messages when
changing machine and problem sizes may result in consid-
erable performance losses. Furthermore, many cost models
— that are employed to guide communication optimization —



lack estimation accuracy and portability to other architec-
tures.

This paper describes a novel communication optimization
framework that is based on global data flow analysis and per-
formance prediction. The approach presented differs signifi-
cantly from previous work in that our communication opti-
mization strategy is not fixed, but conflicting communication
profit motives are evaluated carefully by a performance esti-
mator — considering also machine and problem characteristics
—in order to choose the best strategy. We start with an initial
buffer-safe communication placement that positions SENDs
to the earliest possible buffer-safe program point, aggressively
coalesces SENDs, and sinks RECVs as far as possible, all
of which is based on advanced global data flow analyses as
described in [7]. Based on this initial communication place-
ment we systematically create and examine a reasonable set of
promising communication placements (without actually gen-
erating code) for a given program covering several (possibly
conflicting) communication guiding profit motives including
latency hiding and reducing the number and volume of mes-
sages. Our strategy is open for including additional com-
munication placements of interest. Then we use P3T [4], a
state-of-the-art performance estimator for distributed mem-
ory parallel programs, to find the best communication place-
ment of all created ones. Employing an accurate performance
estimator opens ground for more aggressive optimization op-
portunities that carefully examine various performance trade-
offs which is not achievable with most existing approaches.

Furthermore, we employ advanced techniques to coalesce
and aggregate messages. All communication placements are
buffer-safe and balanced (SENDs and RECVs are placed at
the same loop nesting level). We also use symbolic analysis
to effectively examine and represent data dependences, ar-
ray sections and communication patterns. For this purpose,
we developed a powerful symbolic analysis package that han-
dles linear and non-linear array subscript expressions, com-
plex loop bounds and deals with unknowns such as processor
numbers and problem sizes. For detailed mathematical anal-
ysis of our symbolic analysis, which goes beyond the scope of
this paper, the reader may refer to [5].

Preliminary performance results based on a pre-prototype
implementation of our method demonstrate that the quality
of a fixed communication optimization strategy may change
for different problem and machine sizes. Our method shows
significant reduction in communication costs and overall im-
provements in performance as compared to previous fixed
communication strategies.

The organization of the paper is as follows. In Section 2,
we describe the program model and give an overview of P3T.
Section 3 briefly describes our initial buffer-safe communica-
tion placement. In Section 4 we illustrate how to create a
variety of promising communication placements for reducing
the number and volume of messages and for hiding communi-
cation latency. Furthermore, our cost functions are presented
that are used to choose the best communication placement
created. Preliminary results that demonstrate the benefits
of the proposed method are presented in Section 5. After
the discussion of related work in Section 6 we will give our
conclusions in Section 7.

2 Preliminaries

2.1 Program Model

The control flow graph (CFQ) of a program is represented by
G = (N, E, e, z) with a set of nodes N and a set of edges F.

A node n € N represents a program instruction (statement).
An edge (m,n) € F indicates transfer of control between
nodes m,n € N. Nodes € and x denote the unique entry
and exit node of (G, which are assumed not to possess any
predecessors and successors, respectively. A path in G is a
sequence of nodes [n1, ..., ng] such that Vi, 1 <17 < k: njqq
is a successor node of n;. Every node n € N is assumed to lie
on a path from e to . We say a node n dominates a node n/
if n appears on every path from the entry node € to n’. An
instruction may write or use data references (array or scalar
variables).

Our communication optimization is performed as part of
a parallelization strategy that is based on domain decompo-
sition in conjunction with the Single-Program-Multiple-Data
(SPMD) programming model [2].

A SEND represents the sending component which initiates
communication, whereas a RECV finalizes the communica-
tion. We implement a SEND as a non-blocking receive op-
eration immediately followed by a send operation. A RECV
is implemented by a blocking wait. Let U be the set of all
non-local uses and S the set of SENDs in a program. Every
non-local use implies a communication that can be realized
by a single SEND/RECV pair, by several SENDs combined
with a single RECV, or by a single SEND combined with
several RECVs. The second case can occur if the underlying
data flow analysis is hoisting a SEND upwards through a join
node (more than one predecessor). The third case may occur
if a RECV is moved downwards through a branch node (more
than one successor). The data transferred by a communica-
tion is referred to as communication data.

We define a SEND s to be associated with a non-local use
u if part or all of u is being sent by s. Uses(s) defines the
set of non-local uses that are associated with a specific SEND

sES.

2.2 Performance Prediction

For solving communication buffer conflicts and finding the
best communication placement out of a variety of possible
placements we use P3T [4], an accurate and effective perfor-
mance estimation tool for distributed memory parallel pro-
grams. Among others, P3T estimates at compile-time the
following performance parameters:

e Work distribution [4] estimates how evenly the compu-
tations of a parallel program are distributed across all
processors executing the program.

® Amount of data transferred [4] is an estimate of the num-
ber of data elements transferred.

e Communication time [4] of a specific communication
statement is estimated by the maximum communication
time across all processors involved in the communica-
tion.

e Computation time [4] is an estimate of the time it takes
to execute the computations of a parallel program.

3 Initial Communication Place-
ment

In this section we briefly describe our initial communication
placement strategy by creating a program called ELB (Ear-
liest SEND - Latest RECV - Buffer-safe) which serves as



a basis for our problem and machine sensitive communica-
tion optimization as described in Section 4. The ELB pro-
gram is obtained by hoisting SENDs to the earliest possible
program points considering also communication buffer con-
straints. Second, we aggressively coalesce SENDs in order to
reduce the number and volume of messages. Third, we place
RECVs as late as possible. For a detailed description of our
initial communication placement, the reader may refer to [7].

Figure 1 shows our running code example which is used
throughout the paper to demonstrate our communication op-
timization techniques. All arrays (dimension m x m) in the
example code are column-wise distributed onto a set of P
processors. We will use Fortran 90 style of describing array
accesses. Furthermore, for the ease of presentation, SEND
and RECYV statements are annotated with the non-local uses
that cause communication. For instance, SEND1[b(1 : m, 7)]
at node 1 refers to the communication necessary for access-
ing non-local use b(1 : m, ). Although the loop variable ¢ is
undefined at node 1, for the sake of clarity, 7 is specified in
SEND1 [b(1 : m,i)] in order to clearly display the relation
between SENDs with their corresponding non-local use. We
will follow these policies throughout the paper.

Earliest Buffer-Safe SEND Placement

Starting point of this analysis is the set of non-local uses. Ev-
ery non-local use implies a SEND. Intuitively, SENDs must be
hoisted to the earliest possible program points — while main-
taining the program semantics — in order to maximize latency
hiding. The analysis of hoisting SENDs is based on a global
data flow analysis [7] which operates on a CFG. A SEND s
is blocked in a CFG node n (s cannot be hoisted through n)
if n contains the source of a true dependence that affects the
communication data of s, or n is a loop header which carries
a true dependence that affects the communication data of s.

Commonly every communication is associated with a com-
munication buffer. Hoisting communication to the earliest
possible point in a program can cause communication buffers
problems [10]. In [7] we described how to make a program
buffer-safe.

The SENDs of the code in Figure 1 are placed as early
as possible considering buffer constraints. Note that SEND5
cannot be hoisted out of loop 4 since this loop carries a true
dependence that affects the communication data of SENDS5.
SEND2 is hoisted through join node 10 which yields 2 copies
of SEND2: SEND2¢, SEND2,. Node 7 blocks SEND25 due
to an exceeding communication buffer at this node. SEND24
is blocked at node 7 and is, therefore, placed at node 9. As
a consequence, SEND2; cannot be hoisted to node 2 and is
thus placed at node 3 of the left branch. All other buffer
constraints are honored by every node of the program (see

also [7]).
Message Coalescing

Once the SENDs of a program have been placed as early as
possible we remove partially redundant communication by co-
alescing messages in order to reduce the number and volume
of messages originating from the same array. Qur techniques
for message coalescing maintain buffer-safe communication
placement and are described in detail in [7].

Latest RECV Placement

The analysis starts with the set of already placed SENDs.
Every SEND implies a RECV which is moved in the direction

1| SEND1 [b(1:m,i)] {SEND1}

2
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Figure 1: ELB (Farliest SEND - Latest RECV - Buffer-
safe) communication placement. SENDs and RECVs are
indexed by the access patterns which cause the commu-
nication.

of the control flow to the latest possible program point before
the communication data is used. This results in maximizing
latency hiding. The analysis for delaying RECVs is based on
a global data flow analysis which is presented in [7].

Figure 1 displays our running code with RECVs appro-
priately inserted for their associated SENDs. Note that our
approach implicitly guarantees balanced placement of SENDs
with their associated RECVs.

At this stage we have created ELB, a buffer-safe program
where SENDs are placed as early and RECVs as late as pos-
sible.

4 Communication Latency Hid-
ing versus Reducing Number
and Volume of Messages

Optimizing communication is faced with a critical tradeoff:
On the one hand, placing SENDs as early and RECVs as late
as possible maximizes communication latency hiding which
may result in loosing valuable opportunities to reduce the
number and volume of messages. On the other hand, placing
messages at program positions where they can be coalesced
and aggregated with a maximum number of other messages
may reduce the potential for communication latency hiding.
Most existing compilers employ one of these two strategies
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Figure 2: A variety of valid SEND combinations.

but do not try to examine the performance gains and losses
of both strategies in order to find the best communication
placement for a given problem and machine size.

Consider the code of Figure 1. Instead of placing SENDI,
SEND2 and SENDG6 as early as possible in order to maxi-
mize latency hiding, these SENDs could all be placed and
aggregated at node 10 thus reducing the number of messages.
An efficient performance estimator is required to determine
which communication placement is better.

In the following we present a systematic approach that
creates and examines a reasonable number of communication
placements for a given program covering promising combina-
tions of the strategies mentioned above. An efficient perfor-
mance estimator is employed in order to determine the best
communication placement created.

4.1 Determine SEND Placements and
Maximum Matching SENDs

Firstly, for every n € N we determine NS(n), the set of
SENDs that can be placed in n such that every SEND place-
ment is buffer-safe. Let Elb(s), s € S, denote the set of
earliest buffer-safe positions (in terms of CFG nodes) of s
in ELB (earliest SEND - latest RECV - buffer-safe place-
ment according to Section 3). Note that there can be several
SENDs for a specific non-local use u according to Section
2.1, for instance, EIb(SEND2) is given by nodes 3 and 9 in
Figure 1. A SEND s € S is added to NS(n) iff 1. n € Elb(s),
or 2. every path from the entry node e to n contains a node
n' € Elb(s) and n dominates all nodes at which any u €
Uses(s) is located. Note that all of the above placements
of s are buffer-safe, since the nodes at which s is placed are
dominated by a node in Elb(s) which is guaranteed to be
buffer-safe. If N.S(n) = ¢ then there does not exist a SEND
which can be placed in n.

Secondly, we determine the maximum matches of SENDs
in every n € N. We say that two SENDs s1, so match with
each other iff s1 and sy imply either the same sender-receiver
relationships or subsets of it. Matching SENDs may be based
on the same (message coalescing) or different arrays (message
aggregation). For every n € N we create Groups(n), a set
of groups (subsets of SENDs), such that for every group g €
Groups(n) the following holds: ¢ C NS(n) and all s € g
mutually match with each other. If a SEND can be put into
several groups of a specific node n, then it is put into the

group with the largest number of SENDs. Moreover, for each
SEND s we create a separate group — containing only s —
that is put in every node n € Elb(s). Note that SEND2¢
and SEND2, in Figure 1 are added as separate groups to
nodes 3 and 9, respectively.

Finally, we traverse the CFG and delete all groups g €
Groups(n) iff there exists a node n’ € N with n # n’ and a
group g’ € Groups(n') such that n’ dominates n and ¢ C ¢’
(¢’ contains all SENDs that are included in g). This strat-
egy tries to optimize both communication latency hiding and
reducing number and volume of messages.

Note that our method is very flexible for adding additional
SEND placements of interest or change the policy for placing
SENDs into groups. We commonly add the standard SEND
placement where a SEND - associated with a non-local use
u — is placed just before the outermost loop in which there is
no true dependence on u, or just before the statement con-
taining v if no such loop exists. Furthermore, the standard
SEND placement applies message coalescing and aggregation
to SENDs that are placed at the same program point.

Figure 1 presents the sets of Groups(n) in braces. For
instance, two groups are created for node 14: {SEND2,
SEND3} and {SEND3}. SEND2 and SENDS3 are put into
the same group as they imply the same sender-receiver re-
lationship. Node 14 is the earliest possible placement for
{SEND2, SEND3} which is not included in a previous node
of the CFG. A separate group is created for SEND3 as node
14 is the earliest placement for SEND3 in ELB.

4.2 Determine SEND Combinations and
Place RECVs

In the previous Section we identified various possibilities to
place SENDs. In this section we describe how to determine
a variety of promising SEND placements for various com-
binations of communication optimizations including latency
hiding and reducing the number and volume of messages.
Let Groupsg be the set of all groups across all nodes of
a CFG. A valid SEND combination C refers to a subset of
GroupsG that contains every s € S such that: If C' contains
a group with a copy of s such that there exist multiple copies
of s then C' must include one group for each copy of s. In all
other cases s is included in exactly one group of C'.
According to Section 2.1, multiple copies of a specific
SEND s may be created by hoisting s through a join node
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Figure 3: Computation and communication cost functions

in the opposite direction of the control flow. For instance,
a valid SEND combination of the code example in Figure
1 which contains {SEND2;} must also contain {SEND2,}
since SEND2; and SEND25 are copies of SEND2.

Let VC specify the set of all valid SEND combinations of
a CFG. Although a worst case scenario could result in an
exponential number of valid SEND combinations for a given
program, in practice, we never encountered more than |5|2 (S
is the set of SENDs of a program) valid SEND combinations
for any program examined.

In order to amortize message startup costs, we generate
a single SEND (aggregate communication) for every group
g € C. For every g we have to place the associated RECVs
as late as possible. For this purpose we reuse our analysis
for placing RECVs (see Section 3) and apply it to groups.
Aggregated SENDs and RECVs are again balanced.

Figure 2 shows the associated SEND placements of all four
valid SEND combinations (C'l,...,C'4) for the running exam-
ple. For the ease of presentation this figure displays only the
node numbers which correspond to those in Figure 1. Nodes
where no SENDs are placed are not shown (indicated by dot-
ted arrows). For instance, SEND1 can either be placed as a
single SEND in a group at node 1 (C1 and C2) or in a group
at node 10 together with SEND2 and SEND6 (C3). Note
that C'4 corresponds to the standard SEND placement (see
Section 4.1) which has been added to all other valid SEND
combinations as created by our method. (C'4 focuses primarily
on message coalescing and aggregation but lacks communica-
tion latency hiding. The other extreme is given by C'l which
largely ignores message aggregation but highly overlaps com-
munication with computation. Whereas the remaining two
valid SEND combinations C'2 and C'3 represent a compro-
mise between the two extremes by combining latency hiding
and message aggregation.

4.3 Determine SEND Combination with
the Best Communication Behavior

At this stage we have to determine the best C' € VC of a
given program. For this reason we will use an effective cost
model combining both communication as well as computation
times. The idea is to compute a cost function (see Figure 3)
for every C' € VC by determining how much communica-
tion overhead of C' can be overlapped with the underlying
program’s computations. A program is said to be communi-
cation optimalif all of its communication can be overlapped

with computation. The more communication that cannot be
overlapped with computation, the worse the quality of a given
valid SEND combination. We assume that packing and un-
packing communication data is part of the communication
time which reflects that message aggregation overhead may
vary for different SEND combinations.

Each group in C' corresponds to a set of messages ex-
changed between processors of the target architecture and im-
plies at a maximum one message exchange between any pair
of processors, as all groups of C' are implemented as aggre-
gated communications. CommTime(g), the communication
time of a group g is computed as the maximum communica-
tion time across all processors involved in g multiplied by the
execution count of ¢ (identical with the execution count of
the associated SEND of g). P3T is used to compute Comm-
Time(g) (see Section 2.2).

Let CompTimes (i} specify the time required to execute
a single instance of an instruction ? which is based on the
computation time parameter of P3T. CompTime, (i) (cf.
Equation (1) of Figure 3) is the time required to execute all
instances of i in a parallel program. freq(i)is the execution
count of ¢ as determined by a single profile run of the original
sequential program. P is the set of processors that execute
the parallel program. WorkDist(i) is the work distribution
for ¢ as determined by P3T. We have presented a proof in
[4] for the existence of a best and worst case work distri-
bution (0 < WorkDist(i) < |P| — 1). If WorkDist(i)= 0
(best case work distribution) then the number of instances
of 7 are perfectly load balanced across all processors in
P. For increasing values of WorkDist(i} it is assumed
that the work distribution deteriorates. CompTime, (i)
= CompTime; (i) x freq(i) if WorkDist(i)= |P|—1 (worst
case work distribution), which means that every processor is

executing all instances of 2.

In order to determine the degree of overlapping commu-
nication with computation for a group g, we must examine
Paths(g), the set of all possible paths (for loops only the
loop header node is included) between the SEND of g and all
of its associated RECVs. Note that a group g has a unique
SEND but may have several associated RECVs. We use P3T
to estimate CompTimepath(w), the computation time of a
path w € Paths(g). The computation time of every sin-
gle instruction on a path is computed according to Equation
(1). If there are loops included in a path, then their computa-
tion time is separately computed and associated with the loop



header node. Each branch must be separately considered and
is weighted by its probability. The branching probability is
computed based on statement execution counts. Loops that
are fully included between a SEND and its associated RECV
do not imply additional paths to be examined. The example
of Figure 4 shows a SEND and all its associated RECVs of
a group g € Groupsg. The outgoing edges of branches are
marked with their probability of being taken during execu-
tion of the program. We must examine three different paths
for g: wy = [1,2,4,5,6], we = [1,2,4,5,7], and w3z =
[1,2,4,8]. Note that none of the paths actually contains
node 3 which is implicitly covered by node 2. Prob(w), the
probability that a path w is actually executed, is computed
by multiplying all edge probabilities along this path. There-
fore, Prob(wy)=0.32, Prob(w,)=0.48, and Prob(ws)=0.2.

=
L 73
L

0. 2
5 8 | RECV;
04 06
6 |RECV; 7 | RECV,

Figure 4: SEND/RECV paths of a group g € Groupsg.

Overlap(g), the degree of overlapping computation with
communication of a specific group g of C' is then computed
— according to Equation (2) — as the average latency hiding
across all possible paths of g weighted by the paths’ proba-
bility. Equation (3) models CommCost(C), the communica-
tion costs of a valid SEND combination C, which is the sum
of all communication times that cannot be overlapped with
computation.

P3T selects a C' € VC to be the best valid SEND combi-
nation if C' has the smallest value of CommCost(C) across
all valid SEND combinations in VC.

5 Experiments

We have implemented a pre-prototype of our communication
optimization strategy as part of VFCS (Vienna Fortran Com-
pilation System [2]), a compiler for distributed memory ar-
chitectures. In the following we describe the results of our
experiments performed to measure the potential benefits of
our cost driven communication optimization.

In the first experiment, we examine the performance of all
four communication placements C1,...,C4 as shown in Figure
2 for various problem sizes. We ran our tests on 16 processors
of a Meiko CS-2 distributed memory architecture for 5 differ-
ent problem sizes ranging from m = 64 to m = 728 (m is
the size of the array dimension). We report the results in Fig-
ure 5. In each bar-chart the x-axis specifies the problem size
m and for each problem size 4 bars are plotted, one for each
code version (C1,...,C4). The y-axis is normalized so that the

code version with longest runtime has unit runtime 1.0. The
dark and light segments represent computation and commu-
nication time, respectively. The plotted communication time
reflects the communication overhead that could not be over-
lapped with computation. The computational overhead of
the code versions is of the order @(mS), whereas communi-
cation overhead is much smaller. The number of transfers
implied is in the worst case of order @(m) and the data vol-
ume exchanged is of order @(m2). Therefore, the effect of
reducing communication overhead is decreasing for increasing
problem sizes. For small problem sizes communication time
is much higher than computation time which reflects the high
message startup overhead. Applying message aggregation is
therefore more critical than latency hiding for small problem
sizes. C3 and C4 are those versions that highly focus on
message aggregation. Both of them imply the same number
of messages exchanged. In addition C'3 exploits latency hid-
ing for SEND2 which makes it slightly better than C4 for
m = 64. For medium message sizes, C'2 is superior to all
other versions as it represents a good compromise of both
message aggregation and latency hiding. For larger problem
sizes the computational overhead increases rapidly which im-
proves the opportunities to overlap computation with com-
munication. Therefore, large problem sizes cause C'4 to per-
form very poorly due to its lack of latency hiding, whereas
C'1 (aggressively overlaps communication with computation)
becomes superior to all other code versions.

Figure 6 plots our communication cost function Comm-
Cost according to Equation (3) of Figure 3 for the same set of
problem sizes and code versions as shown in Figure 5. Again,
the y-axis is normalized so that the code version with the
largest CommCost value has unit time 1.0. From this fig-
ure it can be seen that our estimates do not precisely reflect
the real performance behavior. For instance, in Figure 5 the
communication time of C'3 for m = 64 accounts for approx-
imately 65 % of the communication time of C'l, whereas in
Figure 6 it is close to 50 %. The reason for this loss in estima-
tion accuracy is due to the difficulty to accurately model com-
putation times [4] which impact CommCost. Currently our
computation time cost function (Comp Time) models only lo-
cal memory hierarchy (in particular caches) and cpu-pipeline
effects. It does not consider these effects globally — across
different statements and loops. Nevertheless, our communi-
cation cost function delivers the same ranking of communica-
tion placements for each different problem size as shown by
the measured runtimes.

The most important observation of this experiment is that
for changing problem sizes different optimization strategies
become the first order optimization effect. Using a fixed opti-
mization strategy therefore can cause significant performance
losses for a specific problem size whereas for other problem
sizes it might outperform all other optimizations. An efficient
cost model is therefore required to determine the best com-
munication optimization strategy for a given problem size or
to find the best compromise strategy across different problem
sizes. In our experiment C2 seems to be the best compro-
mise as it achieves the best average communication behavior
across all problem sizes and communication placements con-
sidered. Note that C'2 does not emphasize a specific commu-
nication optimization strategy but is a combination of several
strategies. The authors believe that C2 can only be obtained
through systematic creation and cost evaluation of commu-
nication placements as described in this paper.

In the second experiment, we examine our communication
optimization strategy for various machine sizes applied to a
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Figure 7: Normalized measured runtimes of four different
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Particle-in-Cell (PIC) code which determines the motion of a
group of interacting particles starting with some initial con-
figuration of positions and velocities in a specified volume
of space. We implemented a parallel PIC version (approxi-
mately 3500 lines of code) following a method described in
[6] where both the spatial grid and the set of particles are
regularly decomposed onto a set of processors. We compared
4 different PIC versions (procedures have been in-lined): C1:
ELB (earliest SEND, latest RECV, and buffer-safe). C2: best
code version found among those generated by our cost driven
communication placement according to Section 4. C3: mes-
sages are placed at program points where they can be aggre-
gated with a maximum number of other messages. C4: com-
munication is hoisted to outermost loops and messages are
aggregated and coalesced at the same program point. The
codes have been measured for 1024 particles on a network of
Sun-10 and Sun-5 workstations connected via Ethernet (10
MBits/sec bandwidth). Figure 7 shows the measurements.
The x-axis of the bar-chart shows the number of workstations.
The y-axis is normalized so that the code version with longest
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Figure 6: Normalized estimated communication cost
function CommCost for C'1,...,C4 on a Meiko CS-2
with 16 processors

runtime has unit runtime 1.0. The dark and light segments
represent computation and communication time, respectively.
The plotted communication time reflects the communication
overhead that could not be overlapped with computation.
The computational overhead of all code versions is fixed as
the number of particles (1024) does not change. The com-
munication overhead is the predominant factor of the overall
runtime due to the slow network connecting the workstations
and the fact that the number of messages exchanged increases
linearly with the number of workstations involved. This ex-
plains also why the percentage of communication time as part
of the overall runtime vastly increases for larger workstation
numbers. A small number of workstations results in a signif-
icant computational overhead and fewer messages exchanged
which makes latency hiding (C1) more effective than mes-
sage aggregation (C3). However, for increasing number of
workstations message aggregation is critical for reducing high
message startup overheads on workstation networks. C3 out-
performs C1 for 8 and 16 workstations by 9 % and 19 %, re-
spectively. C2 is superior to all other code placements. The
performance of C4 is inferior to all other versions examined
as it is based only on standard communication optimizations.
The important observation of this experiment is the follow-
ing: C2 is not drastically better than the next best version for
every number of workstations evaluated. For instance, C2 re-
spectively implies a reduction in communication by 2.5 % for
|P| =2 and 5.5 % for |P| = 16 as compared to C1 and C3.
However, if compared to a fixed communication optimization
policy (latency hiding or message aggregation) and depend-
ing on the workstation number, C2 is 2.5 % - 22 % and 5.5
% - 14 % faster than C1 (latency hiding) and C3 (message
aggregation), respectively. Hence, C2 is a sensible communi-
cation placement — considering both communication latency
hiding and message aggregation — that significantly outper-
forms every fixed communication placement examined in our
study. Note also that C1 is not consistently better than C3
and vice versa for all workstation numbers considered. C2 has
a reduced communication overhead ranging from 36 % - 70 %
as compared to the standard communication placement C4.

6 Related Work

Communication optimization [2, 3, 8, 10, 1] has been exten-
sively researched. Most existing compilers employ a com-
bination of message aggregation and coalescing and collec-



tive communication which is based on single-loop analy-
sis. Pipelined communication [10, 1] has been introduced
to achieve a fine-grain communication latency hiding. Com-
munication placement based on data flow analysis has been
addressed by several researchers both to eliminate redun-
dant communication within a loop nest [1] and across loops
[8, 10, 9].

Von Hanxleden and Kennedy [9] optimized communication
with respect to latency hiding for irregular programs. SENDs
and RECVs are balanced. Arrays are treated as indivisi-
ble units which prevents exploiting compile-time knowledge
about regular array subscript expressions.

Gupta, Schonberg, and Srinivasan [8] use a data flow and
interval analysis to maximize latency hiding and to detect re-
dundant communication. Communication buffer constraints
are not considered. A main advantage of their approach is
that data flow analysis is performed at the granularity of ar-
ray sections.

Chakrabarti, Gupta and Choi [3] described a communica-
tion analysis based on static-single-assignment form, depen-
dence analysis and available section descriptors. This ap-
proach tries to maximize reducing the number of messages
exchanged by placing communication closer to the uses at the
cost of latency hiding. SENDs and RECVs are not separately
considered for placement as in most data flow analyses but
always placed at the same node which prevents communica-
tion latency hiding. A variety of communication placements
are generated. The final placement is determined by plac-
ing a communication in that program node where it can be
coalesced with the largest number of other communication
candidates. No other cost functions such as number of mes-
sages, amount of data transferred or communication time are
incorporated to determine the best out of several communi-
cation placements.

7 Conclusion

We have presented a novel approach to optimize communi-
cation based on global data flow analysis and performance
prediction. Qur method differs significantly from previous
work in that the communication optimization strategy is not
fixed, but conflicting communication profit motives are evalu-
ated carefully by a performance estimator to choose the best
one to apply by considering problem and machine charac-
teristics. We start with the creation of an initial buffer-safe
communication placement which maximizes latency hiding
and message coalescing and serves as a basis for our problem
and machine sensitive communication optimization. Based
on the initial buffer-safe communication placement, we sys-
tematically create and examine a reasonable set of communi-
cation placements for a given program covering several (pos-
sibly conflicting) communication guiding profit motives in-
cluding promising combinations of communication latency
hiding and reducing the number and volume of messages.
P3T is used to determine the best choice of the created com-
munication placements by using effective cost functions that
model work distribution, computation and communication
times, and the degree of overlapping communication with
computation. Employing an accurate performance estimator
opens ground for more aggressive communication optimiza-
tion opportunities that carefully examine performance gains
and losses among applicable optimization strategies which is
not achievable with most existing approaches.

Preliminary performance results based on a pre-prototype
implementation demonstrate that

e different communication optimization strategies become

the first order optimization effect for changing problem
and machine characteristics.

e our method can achieve significant reduction in com-
munication costs as compared to a fixed communication
optimization strategy, and

e our analysis is very effective in improving the communi-
cation behavior and performance of parallel programs.

We are currently extending our approach to perform inter-
procedural analysis and to employ symbolic cost models for
unknown machine and problem sizes.
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