Dynamic Computation Migration in DSM Systems

Wilson C. Hsieh, M. Frans Kaashoek, William E. Weihl

Abstract

Dynamic computation migration is the runtime choice between computation and data
migration. Dynamic computation migration speeds up access to concurrent data structures
with unpredictable read/write patterns. This paper describes the design, implementation, and
evaluation of dynamic computation migration in a multithreaded distributed shared-memory
system, MCRL.

Two policies are studied, STATIC and REPEAT. Both migrate computation for writes. STATIC
migrates data for reads, while REPEAT maintains a limited history of accesses and sometimes
migratescomputation for reads. Onaconcurrent, distributed B-tree with 50% lookupsand 50%
inserts, STATIC improves performance by about 17% on both Alewife and the CM-5. REPEAT
generally performs better than sTATIC. With 80% |lookups and 20% inserts, REPEATIMproves
performance by 23% on Alewife, and by 46% on the CM-5.
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1 Introduction

Dynamic computation migration is the dynamic choice between computation migration and
data migration. Computation migration moves computation to data that it accesses, in contrast
to data migration, which moves data to computation. This paper discusses the issues involved
in dynamically choosing between computation migration and data migration, and describes an
implementation of computation migration in a distributed shared-memory system. Performance
measurements demonstrate that migrating computations for some accesses is better than always
migrating data, and that choosing dynamically whether to migrate data or computation is better yet
for dynamic data structures with unpredictable access patterns.

Computation migration [11, 15] is the partial migration of active threads. Under computation
migration, acurrently executing thread has some of its state migrated to remote datathat it accesses.
Computation migration is distinct from RPC (which was explored in systems such as Emerald [13]
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Figure 1. Data migration vs. computation migration. (a) illustratesthe initial state of the system.
(b) illustrates the state of the system after data migration; (c) illustrates the state after computation
migration.

and Amber [7]) in that RPC systems do not migrate pre-existing computation. Computation
migration is also distinct from thread migration, as only part of athread is migrated.

Data migration is the migration of data to athread that accessesit. Data migration istypically
used with replication, where multiple copies of data can exist. Replication allows multiple proces-
sorsto read datain parallel, but requires communication to maintain consistency in the presence of
writes. In the remainder of this paper, we shall use “data migration” to mean data migration with
replication.

Computation migration performs well when data migration with replication does not; con-
versely, computation migration performs poorly when data migration with replication performs
well. Replication improves the performance of read operations, because it allows them to execute
in paralel. Computation migration improves the performance of writes, because it avoids the
communication costs of coherence.

Figure 1 illustrates the difference between data migration and computation migration. When a
thread executing procedure g calls a procedure h that accesses remote data, data migration moves
the data to the thread. Computation migration moves the activation record for g to the data, and
executes h at the data. Computation migration differs from RPC, where g would not be migrated.

For data structures whose read/write ratios are dynamic (unpredictable at compile-time), the
decision to use computation migration or data migration should be made dynamically. We call this
dynamic choice dynamic computation migration. This paper evaluates dynamic computation
migration in the context of MCRL, a software distributed shared-memory (DSM) system.



We have made the following contributions:

e We have built amultithreaded distributed shared-memory system called MCRL that supports
dynamic computation migration. MCRL extendsthe CRL system[12]. MCRL runson a32-
node MIT Alewife machine and on a 128-node CM-5. We will concentrate on our Alewife
results, as Alewife's communication costs are very low. Because dynamic computation
migration reduces communication costs, the Alewife results represent alower bound on the
performance benefits of using dynamic computation migration.

e We describe two simple policies, STATIC and REPEAT, for choosing between computation
migration and data migration, and we evaluate the policiesusing MCRL. Experimentswith a
microbenchmark demonstrate that computation migration should always be used for writes,
and that a ssimple policy can make good choices between data migration and computation
migration for reads.

¢ We demonstrate that dynamic computation migration reduces coherence costs for dynamic
data structures, where the ratio of read/write accesses is unknown until runtime. For a
concurrent, distributed B-tree on Alewife with an operation mix of 80% lookups and 20%
inserts, using dynamic computation migration improves performance 23% relative to pure
data migration. For the same B-tree on the CM-5, dynamic computation migration improves
performance by 46%.

The rest of the paper is structured as follows. Section 2 overviews the implementation of
MCRL. Section 3 describes our protocol for dynamic computation migration, and describes two
policiesfor deciding between computation and datamigration. Section 4 describesand analyzesthe
performance results of using dynamic computation migrationin MCRL. Section 5 discussesrelated
work, and Section 6 discusses future work. Section 7 summarizes the results and conclusions of
this paper.

2 MCRL

We have implemented dynamic computation migration in the MCRL software distributed shared-
memory system. MCRL extends CRL [12], a SPMD distributed shared-memory system. CRL
provides a global name space for regions, which are programmer-defined blocks of memory. CRL
replicates regions using a fixed-home, directory-based, sequentially consistent cache-coherence
protocol. Locking happens implicitly with the CRL access functions, which acquire regions in
either read-mode (shared) or write-mode (exclusive). MCRL extends CRL in two ways. first, it
provides support for multithreaded programs; second, it provides support for dynamic computation
migration.

MCRL runs on the MIT Alewife machine [1] and on Thinking Machines CM-5. Alewifeis
an experimental shared-memory multiprocessor that supports high-performance message passing.
Each of the 32 processorsisa20 MHz SPARC-like processor with a64K byte cache and 8Mbytes of
physical memory. The machine achieves a peak network bandwidth of 18 Mbytes/second. MCRL
uses Alewife’'s message passing primitives, and does not make use of its shared-memory support.
Messages are delivered using interrupts, which are fast because of Alewife's support for fast thread
switching.



The CM-5 is a commercial message-passing multiprocessor. Each of the 128 processorsis a
32 MHz SPARC processor with a 64K byte cache and 32Mbytes of physical memory. The peak
achievable network bandwidth isabout 11.8 Mbytes/second. Weran with version 7.4.0 Final of the
CMOST operating system, and version 3.3 of the CMMD message-passing library. Messages are
received by polling, because interrupts are slow on the CM-5. The communication performance
of the CM-5 ison a par with today’s high-performance distributed systems such as FRPC [17] and
U-Net [18], but is lower than Alewife’'s. Dynamic computation migration improves performance
more on the CM-5 than on Alewife, because the communication costs that are removed are greater.
We will concentrate on the Alewife results, which represent a lower bound on the benefits of
computation migration.

Two approaches have been used to implement computation migration. In the first approach,
the compiler generates calls into the runtime system, which manages migration. This approach
was used in the Olden system [15]. In the second approach, the compiler manages migration more
directly. We took this approach in Prelude [11]. MCRL is designed for the latter approach, but
does not provide compiler support. Compiler support should not be difficult to add, although it
would require some language restrictions similar to those in Olden.

3 Dynamic Computation Migration

This section describes the mechanics of dynamic computation migration. When a processor
accesses a region that is not cached locally, MCRL contacts the region’s home node. The home
node decides between data or computation migration, since it has the most information about the
pattern of accesses to the region. Although a processor can keep track of its own access patterns,
it does not have any information about other processors access patterns. In addition, since the
processor must contact the home node anyway, it is advantageous to make use of the home's extra
knowledge of global access patterns.

Dynamic computation migration only occurs on remote processors. Operations that occur at a
region’s home processor do not migrate, even if the only valid copy of the region is currently on
aremote processor. Allowing home operations to migrate in such cases could lead to “migration
thrashing,” where a computation chases a region from processor to processor. For example, if a
home operation could migrate, it could migrate to a remote processor while the region is returning
to the home; it could then migrate back to the home, and repeat the whole cycle again.

For ssimplicity, only one outstanding potential migration per region per processor is alowed.
That is, if athread attempts to migrate on aregion while another thread on the same processor has
sent amigration request on that region, the second thread bl ocks until amigration acknowledgment
or the region is received. Blocking the second thread avoids another form of migration thrashing.
For example, in response to thefirst potential migration the home could send the region back to the
remote processor. If the second request did not block, but instead sent another potential migration
to the home, the advantage of having sent the region back is lessened.

The MCRL protocol does not add any extra messages for using data migration, but does add
an extra message for computation migration. It may be possible to design a protocol that does not
require this extramessage, but we chose this design point for the sake of simplicity.

In the following two sections we describe two effective policies that a home node can use to
choose between data migration and computation migration.



3.1 srtaTIC Policy

The sTATIC policy aways migrates computation for remote writes, and always migrates data for
remote reads. Assuming that the state of the migrated computation is not much larger than the
data, it is abenefit to aways migrate writes to data. The semantics of writesis such that they must
alwaysbe serialized anyway. Asaresult, it makes senseto executethem all at one processor, which
avoids the cost of moving data from one writer to another. The only case where this policy failsto
perform reasonably is when exactly one remote processor accesses the region (and the processor
occasionally writes the region).

The sTATIC policy is not truly a dynamic scheme. Since writes always use computation
migration, and reads always use data migration, the decision about which mechanism to use is
static. We use the STATIC policy because it is a good baseline dynamic policy.

3.2 REPEAT Policy

The REPEAT policy always migrates computation for remote writes, for the same reasons as the
STATIC policy. It dynamically chooses data migration or computation migration for remote reads,
depending on the relative frequency of reads and writes. The policy uses computation migration
for readsthat follow writes, until any processor performs asecond read before another write occurs.
That is, if a processor executes a second read before another write occurs, data migration will be
used.

The REPEAT policy assumesthat data migration performswell when replication isuseful, which
is when multiple reads occur at one processor, without an intervening write. Assuming that the
relative frequency of reads and writes remains relatively constant over severa operations, the
occurrence of two repeated reads means that repeated reads are likely to occur in the near future.

The REPEAT policy performs better than the STATIC policy when there is a large proportion of
writes. The STATIC policy migrates data to reads even when there are many writes. As aresult,
it forces writes to invalidate replicated copies unnecessarily. The REPEAT policy performs slightly
worse (a few percent) than the STATIC policy when the operation mix consists predominantly of
reads. The percentage of cache hits is lower, since the first read that follows a write will use
computation migration under the REPEAT policy.

4 Experimental Evaluation

We eval uate the performance of dynamic computation migrationin MCRL, and show how dynamic
computation migration can outperform data migration or computation migration alone. The error
bars in the graphs represent 95% confidence intervals.

We use the term “pure data migration” to mean the use of the standard CRL interface, which
always uses data migration. We use “dynamic data migration” and “dynamic computation migra-
tion” to refer to the use of the dynamic protocol in MCRL. In other words, one of the policiesis
invoked at runtime, and the runtime system decides to use either data migration or computation
migration, respectively.

We first describe measurements of MCRL on two microbenchmarks. The first shows how the
cost of data migration increases with data size. The second shows how computation migration
reduces the cost of coherence. We then describe measurements of MCRL on two data structures: a
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Figure 2. Comparison of data migration costs and computation migration costs for MCRL on
Alewife.

counting network and a concurrent distributed B-tree. Both of these multithreaded data structures
involve graph traversal, athough their read/write characteristics are very different. The B-tree
is more dynamic than the data structures used in the SPLASH benchmarks [16]: the pattern of
accesses to a particular object cannot be predicted statically.

4.1 Migration Latency

We examine how the size of data affects the relative costs of moving data and computation on
Alewife, which has a high-performance communication network. The minimum latency for a
round-trip message is approximately 12 microseconds, and the maximum bandwidth is approxi-
mately 18 Mbytes/second. The CM-5 results are qualitatively similar, but the effective bandwidth
of its network is much lower. The minimum latency for a round-trip message is approximately 12
microseconds, and the maximum bandwidth is approximately 11.8 Mbytes/second. As a resullt,
cost of data migration on the CM-5 increases more quickly as the size of the dataincreases. Itis
important to note that the CM-5 performance is only achievable when polling is used.

Figure 2 compares the cost to touch a region using pure data migration and dynamically
choosing computation migration. The cost to choose computation migration is not measured in
these experiments. For computation migration, the cost is for a null computation: no computation
is migrated. Thus, the measurements are equivalent to measuring the cost of null RPC using the
dynamic protocol. These measurements only measure the relative overhead of colocating data and
computation.



The costs for computation migration and data migration are virtually identical for tiny regions.
As the size of the region increases, computation migration outperforms data migration. The cost
for computation migration stays constant, since it is independent of the region size; the cost for
data migration increases linearly in the region size. At 2048 bytes, computation migration is 2.1
times faster than data migration.

4.2 CoherenceCosts

In this section we analyze the effect of contention on the choice between computation and data
migration. The MCRL protocol for dynamic computation migration is used to choose between
moving computation and data. The resultsillustrate how increasing the rate of writesincreasesthe
cost of coherence, and how our policies can be used to reduce these costs.

We measure the average cost of touching a single 256-byte region under pure data migration
and dynamic computation migration (under both the STATIC and REPEAT policies). Eight processors
access the region in a tight loop; the results are similar with more processors. The region sizeis
sufficiently small that the cost of moving data is not a dominant cost; with larger data sizes, the
benefits of using computation migration are greater.

Figure 3 demonstrates that our two policies for choosing between computation migration and
data migration can reduce the costs of coherence. Pure data migration works well when there
mostly reads. The STATIC policy performs well when there are mostly reads or mostly writes, and
generally outperforms data migration. The REPEAT policy performs better than the STATIC policy
when the numbers of reads and writes are approximately equal, but performs slightly worse than
the STATIC policy when there are mostly reads or mostly writes.

Under the STATIC policy at 0% reads, every operationismigrated. Thelatency isthat for always
using computation migration. At 100% reads, every operation has data sent back. The latency is
that for aways using data migration. The curve for the policy bulges upward when the percentage
of reads is near 50%. As the percentage of reads reaches 50%, data must be moved between the
readers and the home due to invalidations. Once reads begin to predominate, the performance
advantage of replication becomes more of a factor. That is, when the percentage of reads makes
caching effective, the access cost begins to decrease.

The RePEAT policy performs similarly to the STATIC policy at the endpoints. 0% and 100%
reads. (The different executables for the STATIC and REPEAT policies have sightly different cache
behavior, which iswhy thereisadifference at 0% reads.) Its curve does not have the upward bulge
that the curve for the STATIC policy has, because the REPEAT policy chooses to use computation
migration for reads when there is a high percentage of writes. The cost of maintaining coherence
is eliminated, so the average cost to access the data remains constant. The REPEAT policy chooses
to use data migration for reads when there is alarge percentage of reads. Thisdecision iseffective,
because it allowsfor replication.

4.3 Counting Network

A counting network is a distributed data structure that supports “shared counting”, as well as
producer/consumer buffering and barrier synchronization [2, 9]. The ssimplest data structure for
shared counting is a counter protected by alock. Under such a scheme, a thread acquires the lock
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Figure 3. Alewife comparison of pure data migration and dynamic computation migration using
the STATIC and REPEAT policies. Cost for one processor to access a single 256-byte region, with
eight processors accessing the region.

and updates the counter when it needs aloop index; such a solution scales poorly under contention.
A counting network is a distributed data structure that trades latency for higher throughpuit.

We performed experiments on an eight-by-eight (eight input, eight output) bitonic counting
network. Such a counting network is roughly a six-stage pipeline. Each stage consists of four
balancers in paralel. A balancer is a two-by-two switch that alternately routes requests between
itstwo outputs. The counting network islaid out on twenty-four processors, with one balancer per
processor. Placing the balancers on separate processors maximizes the throughput of the counting
network. Each row of the counting network is spread across one quarter of the machine. This
layout balances the amount of bandwidth required across any particular communication link.

This experiment simulates the use of a counting network to distribute the iterations of a parallel
loop with an empty body. We create onethread per processor, and each thread accesses the counting
network in atight loop. Only the STATIC policy was run; the behavior of the REPEAT policy would
be virtually identical, because al operations on balancers are writes. Therefore, all accesses use
computation migration under both policies.

Figure 4 illustrates the results of using our dynamic computation migration protocol on a
counting network on Alewife. We measure the throughput of the counting network as the number
of processors varies from 1 to 32.

Data migration outperforms computation migration when only one processor accesses the
counting network. Each balancer that the processor touches will be migrated to that processor.
It takes seven iterations for the processor to touch all seventeen balancers that it accesses in the
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network. Once it has accessed al of those balancers, all subsequent accesses will belocal. Asa
result, data migration with replication is faster than computation migration. A counting network
would not be used with only one client, though, since a centralized solution would give better
performance.

The throughput for computation migration scales almost perfectly for two and four processors,
because the counting network is four balancerswide. With four or fewer processors, the processors
do not interfere much with each other in the counting network. The requests into the counting
network move across the counting network without having to wait. With more than four proces-
sors, the requests begin to interfere more in the counting network. With more than twenty-four
processors, the counting network is mostly full.

Computation migration significantly outperforms data migration when a larger number of
processors accesses the counting network. Computation migration does not incur any coherence
overhead, whereas data migration must incur coherence overhead on every access. Despite the
small size of the counting network nodes (eight words), the cost of maintaining coherence is still
more expensive than moving computation. Our experiments confirm our earlier results[11], where
we demonstrated that write accesses should migrate computation.

4.4 B-tree

A B-tree[3] isadata structure used to represent adictionary, which is adynamic set that supports
the operations insert, delete, and lookup. The basic structure and implementation of a B-tree is
similar to that of abalanced binary tree. Unlike abinary tree, the maximum number of children for
each B-tree nodeisnot constrained to two; it can bemuch larger. The B-treeimplementationwe use
isasimplified version of one of the concurrent, distributed algorithms described by Wang [14, 19].
The form of these B-trees is a variant of the “classic” B-tree: keys are stored only in the leaves,
and all nodes and leaves contain pointers to the node to their right. The values of the keys range
from 0O to 1,000,000.

The anchor of a B-tree is primarily read-only; it is used to locate the root of the B-tree. The
anchor is only written when the B-tree gains a level. In our experiments the B-tree does not
gain levels, which is typical of large B-trees. Lookup and insert operations traverse the B-tree
downward and rightward from the root until they find the appropriate leaf. If aninsert causes aleaf
to overflow, the leaf is split in two; a background thread is started to insert a pointer to the new |eaf
node into its parent. This splitting process is continued upwards as necessary. |If the root winds up
being split, anew root is created and the anchor is expanded.

The experiments described in this section measure the time for thirty-two processors to access
a B-tree. In the experiments an initial B-tree is built with 200,000 keys. Each node or leaf can
contain up to 500 children or keys, respectively; nodes and leaves are approximately 4000 and
2000 bytes in size, respectively. With these parameters, the B-tree is three levels deep. The nodes
and leaves of the tree are created randomly across thirty-two processors.

After the B-treeiscreated, all of the B-tree nodes are flushed from every processor, so that only
the home nodes have valid data. Thirty-two threads are created, one on each processor, each of
which repeatedly initiates either lookup or insert requests into the B-tree. After every processor
completes a series of cold accesses, we repeat the series and measure warm access times.

Any background threads that are created (to split nodes, as described above) are started on the
home processor of the node that must be written. Thisoptimization, which reduces coherence costs,
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is performed in al of our experiments; it can be viewed as performing immediate computation
migration on the background thread. Dynamic computation migration only occurs at the leaves of
the B-tree, since any splits that propagate upwards are executed in background threads.

Figure 5 illustrates the results of using our policies for a B-tree on Alewife, and shows that
dynamic computation migration can improve performance for a B-tree. The coherence overhead
for B-tree nodesishigh, becausethey arelarge. Paradoxically, the STATIC policy generally performs
better than the REPEAT policy, even when the percentage of lookupsislow (and the percentage of
writesis high). The reason for this apparent anomaly isthat atraversal of the B-tree must visit at
least two interior nodes and one leaf node. Visits to the non-leaf nodes from inserts and lookups
are aways reads, so the rate of writesisvery low (writes occur when an insert splits a leaf node).
Asaresult, it ismore efficient to aways use data migration for the interior nodes, which the STATIC
policy does. The REPEAT policy performs worse because it uses computation migration for some
reads of interior nodes.

Although the sTATIC policy performs better than the REPEAT policy when the percentage of
lookups is less than 60%, the REPEAT policy performs better for lookup percentages between 60%
and 90%. For example, at 80% lookups, the REPEAT policy performs 23% better than pure data
migration, whereasthe STATIC policy performsonly 5% better than pure datamigration. Thereason
is that when the lookup rate increases to 80%, the rate of writes on the second level of the tree
drops, so that the effect described in the previous paragraph becomes less significant. Instead, the
performance gain for using the REPEAT policy on the leaf nodes becomes more significant, which
resultsin better performance.

Although the REPEAT policy generally performs worse than the STATIC policy, both policies
outperform pure data migration when the percentage of lookupsislower than 90%. The nodes are
large enough to make writes expensive under data migration; as a result, computation migration
improves performance even when there is a moderate proportion of writes.

Figure 6 illustratesthe results of using our policiesfor a B-tree on the CM-5. The shapes of the
curves are similar, although the STATIC and REPEAT curves do not cross. Communication is much
more expensiveon the CM-5 than on Alewife. Asaresult, computation migrationismoreeffective,
and using computation migration when there are more than 10% writes improves performance.

The communi cation to computation performance of the CM-5 is close to what we would expect
of aworkstation cluster. Therefore, we expect that our resultswould apply to such aparallel system,
and that dynamic computation migration would be effective on aworkstation cluster. Alewife has
relatively high communication performance, relative to its computation performance, and we view
this as alower bound on the performance benefits of dynamic computation migration.

The fact that most B-trees used in databases exhibit very high read rates does not invalidate our
results. First, the pattern of accesses to a B-tree may go through different phases: in phases where
new datais being added to the B-tree, the write rate may befairly high. Second, our B-tree does not
implement deletes, and the rate of writesin areal B-tree would include deletes. Third, our B-tree
nodes are not that large; with larger nodes, the cost of coherence is higher. Finally, we expect that
other concurrent, distributed data structures will exhibit read/write ratios | ess than 90%.
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STATIC and REPEAT policies. Thirty-two processors access a three-level B-tree.

5 Related Work

The work described in this paper builds upon our earlier work, in which we explored the use of
static computation migration [11]. The Olden project [4] has also explored static computation
migration. Rogers and Carlisle have investigated language and compiler support for statically
determining when to migrate computation or data. The programmer isrequired to givethe compiler
indirect knowledge of how data is laid out by specifying how likely a data structure traversal is
to cross processors. Such a strategy works well for scientific applications, where the layout of
data structures, and the pattern of accesses to those data structures, is fairly predictable. A static
decision between computation migration and data migration does not work for truly dynamic data
structures.

DSM systems typically use only one protocol for maintaining the coherence of data, whereas
the access patternsfor datavary widely. TheMunin project [5] providesvariousdifferent coherence
protocols that can be used for different types of data. Asin other DSM systems, Munin restricts
its attention to the migration of data, and does not allow for the migration of computation. Munin
does provide support for migratory datain the form of RPC.

Several systems, such as Mercury [8] and COOL [6], use cache-conscious scheduling, which
is a scheduling policy designed to increase cache reuse. The use of computation migration can
increaseglobal cache effectiveness, because by avoiding replicationit reduces pressure onthe cache.
Nonetheless, this effect is second-order in comparison to the performance benefit of eliminating
coherence messages.
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6 Future Work

The exploration of user annotations to control dynamic migration directly is likely to be fruitful.
Such annotations could allow the user to specify hints for dynamic migration in a region-specific
manner. For example, in the B-tree it would help to use the level of a node when deciding whether
to use computation or data migration: the root node should aways be replicated, whereas the
lowest level should use dynamic computation migration. Since it is implemented in software at
user-level, MCRL is sufficiently flexible to allow for application-level decisions.

This paper has examined dynamic computation migration in aDSM on homogeneous, tightly
coupled multiprocessors. The results should remain valid for DSM systems on more loosely
coupled parallel systems, such as workstation clusters. Aninteresting area of investigation will be
the use of dynamic computation migration in heterogeneous systems, especially because the same
program image would not be loaded on every processor.

7 Conclusions

We have described dynamic computation migration, which is the dynamic choice between using
computation migration and data migration. We have also described MCRL, a multithreaded DSM
system that we built to evaluate dynamic computation migration. We demonstrated that dynamic
computation migration can improve performance on dynamic data structures:

e Using computation migration for writes performs well, even with the overhead of making
adynamic choice. In general, synchronization objects tend to be written frequently, which
makes them good candidates for computation migration.

e ThesTtATIC policy performswell for aB-tree. Using the STATIC policy improves performance
by 17% on Alewife, relative to pure data migration, when the operation mix is 50% lookups
and 50% lookups. The STATIC policy improves performance by 16% on the CM-5 for the
same operation mix.

e TheREPEAT policy generally performs better than the STATIC policy on aB-tree. On Alewife,
with an operation mix of 80% lookups and 20% inserts, the REPEAT policy improves perfor-
mance by 23% relative to pure data migration. On the CM-5, it improves performance by
46%.

Dynamic computation migration is useful for reducing coherence costs in applications that do
not have statically known (or predictable) data access patterns. Most scientific applications, such
as those in the well-known SPLASH benchmark suite [16], have communication patterns that are
very predictable: they haverelatively static dataand thread layout. Future parallel applicationsare
unlikely to have such characteristics.

Although network performance continues to improve, sending messages will remain signif-
icantly more expensive than local computation. Therefore, computation migration will remain
important, because computation migration reduces communication costs. Our Alewife results are
optimistic with respect to communication costs, since the processor architecture is slow, compared
to the networking architecture. Our CM-5 results should be more representative of the behavior
that future multiprocessors will exhibit.
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