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Abstract which an application is divided are relatively “heavy-
weight” and expensive to create, delete and move be-

We report on our work in developing a fine-grained tween processors. However, it is difficult to partition
multithreaded solution for the communication- irregularproblemsinto such “coarse-grain”tasks. Fur-
intensive Conjugate Gradient (CG) problem. In our thermore, low-cost point-to-point asynchronous data
recent work, we developed a simple yet efficient pro- computation and synchronization is also very impor-
gram for sparse matrix-vector multiply on a multi- tantforirregular codes, but supporting these efficiently
threaded system. This paper presents an effectivehas been a challenge for these systems. As a result, it
mechanism for the reduction-broadcast phase, which is very difficult to overlap computation and communi-
is integrated with the sparse MVM, resulting in a scal- cation/synchronization effectively and to achieve de-
able implementation of the complete CG application. sirable performance for irregular applications.

Three major observations from our experiments on  One such irregular application which motivated this
the EARTH multithreaded testbed are: (1) The scal- research is the Fracture Mechanics Simulation Prob-
ability of our CG implementation is impressive, e.g., lem (FMSP) which involves understanding and pre-
absolutespeedup is 90 on 120 processors for the NAS dicting how cracks grow. This has applications in
CG class B input. (2) Our dataflow-style reduction- many fields, such as aerospace, defense, and energy
broadcast network based on fine-grain multithreading production. In this paper, we report our work in de-
is twice as fast as a serial reduction scheme on the veloping an efficient solution of the conjugate gradi-
same system. (3) By slowing down the network by aent (CG) problem which forms the key and most time-
factor of 2, no notable degradation of overall CG per- consuming compute kernel of the FMSP problem.
formance was observed. Under our approach, two main phases of CG com-

putation that are challenging are: (1) MVM (the

sparse matrix-vector multiplication), and (2) the inner-
1. Introduction product calculation producing a scalar, which is sub-

sequently processed and fed back to a DAXPY cal-

Many existing or proposed parallel machines are culation. The second phase involves a reduction fol-
based on conventional architecture models and paral-lowed by a broadcast, which we refer to asduction-
lel programming paradigms that are reasonably effi- broadcasphase.
cient with regular parallel applications, but may not Our solution exploits the capability of a fine-grain
be so efficient (or even do poorly) on irregular prob- multithreaded execution model that can quickly and
lems with intensive communication and synchroniza- efficiently manage a large number of threads. Two
tion requirements. In such systems, the tasks into main features of such a model are: (1) the efficient
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support of a large pool of active threads to achieve an proach:

effective overlapping of computation with communi-
cation and synchronization; (2) the efficient support
of asynchronous, thread-to-thread, fine-grain synchro-
nization and communication.

We have demonstrated that a fine-grained multi-
threaded solution for sparse MVM can be constructed
and achieves excellent speedup [23]. The reduction-
broadcast phase can be a performance bottleneck as it
involves extensive communication with little compu-
tation and its solution is the main focus of this paper.

In our approach, the reduction-broadcast is realized
as a bidirectional tree implemented in a dataflow style.
Each node is a thread, and each edge can carry both
data and an associated synchronization event. In the
implementation, this tree is itself written directly as

e Our dataflow style reduction-broadcast network

based on fine-grain multithreading is indeed
very efficient (twice as fast as a serial reduc-
tion scheme under the same execution environ-
ment). Furthermore, it has been integrated very
well with the rest of the CG solution including
our sparse MVM solution phase. This is demon-
strated by the fact that the overall speedup for
the entire CG code is almost as good as the
speedup for the sparse MVM phase alone.

Our results have also demonstrated the per-
formance robustness of the proposed solution
scheme. By slowing down the network by a fac-
tor of 2, no notable degradation on the overall

a multithreaded program, called as part of the user CG performance was observed.

application. It takes full advantage of the fine-grain
multithreading, using multiple event-driven threads to
construct the nodes in the dataflow network and us-
ing the asynchronous dataflow-like fine-grain synchro-
nization and communication operations for the actual
communications among nodes. There is no need for
global communication/synchronization, and no addi-
tional costs of interprocess communication. Overall, we believe that our approach offers
The proposed scheme has been implemented on & highly efficient, robust, and reasonably easy-to-
fine-grain multithreaded execution emulation testbed program mechanism for parallel implementations of
based on the EARTHHfficient Architecture for Run- ~ communication-intensive irregular applications.
ning THread$ execution and architecture model,  The rest of the paper is organized as follows. The
which in turn is an extension of earlier work on hy- motivation and background for our work is explained
brid dataflow models [8]. The EARTH project [9, 10, in Section 2. Our approach and implementation is de-
11, 12, 16] is intended to demonstrate that a fine-grain Scribed in Section 3 and is experimentally evaluated in
programming and execution model can be designedsection 4. We compare our work with related work in
and implemented in aevolutionary approactj24]. Section 5 and conclude in Section 6.
Instead of making a large quantum leap to a full-
featured microprocessor supporting fine-grain multi- 2, Background and Motivation
threading at the instruction-set architecture level, the
evolutionary approach begins with an existing parallel  The research reported in this paper was motivated
system, based on off-the-shelf microprocessors, andfrom the computational requirements of large-scale
efficient support for fine-grain multithreading is in- - gcientific applications. One of these application arises
troduced gradually. An EARTH emulation/simulation  from the simulation of fracture at the macroscopic
testbed has been developed on which experiments in-scale in engineering materials. Understanding how
volving real programs have been conducted. fractures develop in materials is critically important
Significant speedup results have been observed into many disciplines including aeronautical engineering
our experimental study. For example we have achievedand material sciences. A distinct advantage of com-
an absolutespeedup of 90 on 120 processors for the puter simulation of crack propagation s that it makes it
NAS CG class B input. This is obtained without graph possible for engineers and scientists to run many more
partitioning or inspect-executor, which means that the experiments than are economical or practical to do in
same results can be obtained on adaptive problemsa physical setting.
as well. Our detailed experimental evaluation reveals  Fracturing is modeled at the macroscopic level
a number of other aspects of the efficacy of our ap- by elastic deformation partial differential equations

e Our results have supported the merit of an evolu-
tionary approach for fine-grain multithreading,
and provided an interesting performance com-
parison for different design points in the evolu-
tionary path with various levels of custom hard-
ware support for multithreading.



(PDE’s). In most situations, there are no closed-

form solutions to these equations, so numerical meth- o = b- Az,

ods such as the finite-element method or boundary- Do = ro

element method must be used to solve these equa- forj=0, 1, ... till convergencelo
tions approximately. In the finite-element method, an a; = (rj,75)/(Apj, ;)
approximate solution to the PDE is then expressed Tjt1 = z; ta;p;

as a linear combination of certain basis functions de- Tjt1 = rj-a;AP;

rived from this discretization. The choice of weights B = (rjg1,7i41)/(5,75)
that yields the best approximation to the solution to Dit+1 = rjytBip;

the PDE is determined by using a method like the od

weighted residual method. This method requires solv-

ing a linear system of the formz = b wherez is the Figure 1. Conjugate Gradient Algorithm

vector of unknown weights in the linear combination.

The size ofA is proportional to the size of the mesh. _ _ _

In most realistic simulation4 is of the order of a few where A is the matrix from the linear system to
million rows and columns, but it is usually very sparse be solved, and

because only a few hundred elements in each row or

column may be non-zero. Once the weights have been (i) the inner productr;, r;) and subsequent distri-
determined, the physics of the material is used to prop- bution of the single result back to all processors
agate the crack for a time step. The entire process has  involved.

to be repeated for a certain number of time-steps.

The key and most time-consuming step in fracture  In our recent work, we have presented a very ef-
simulation is the solution of this sparse linear system. ficient approach towards executing the sparse matrix-
Therefore, it is natural to consider solving these sys- Vector multiply on a fine-grained multithreaded paral-
tems in parallel. In particular, we are interested in lelsystem[23]. Inthis paper, we presenta fine-grained
studying the parallelization dferativesolution meth- ~ Multithreaded approach for the step (i) which we re-
ods. fer to as theeduction-broadcasstep. This approach

lterative methods repeatedly refine an initial ap- S implemented and integrated with our solution to the
proximation to the solution of the linear system until Sparse mvm problem forming the solution of the full
the approximation is close enough to the actual solu- CG code.
tion. The simplest methods, such as Jacobi and Gauss-

Seidel iterations, have been known fprcenturies. How- 5 Multithreaded Implementation

ever, these methods converge relatively slowly. In the
past forty years, faster methods such as conjugate gra-

dient (CG) and GMRES have been developed for solv-  The bulk of the conjugate gradient calculation al-
ing linear systems iteratively. The conjugate gradient ternates among three basic vector operations: matrix-
method can be used when the matdxn the linear vector multiplication, vector inner product, and
system is symmetric positive-definite. Since the ma- DAXPY. Each of these operations presents specific
trices that arise in crack propagation have these prop-challenges when one tries to parallelize CG. These are
erties, we have chosen to use the conjugate gradiencompounded by nearly sequential data dependences
method in our test-bed. among the operations at the vector level. Because of

Figure 1 shows the pseudo-code for the conjugatethese, one cannot tolerate an inefficient, long-latency
gradient algorithm. The notatiof, b) stands for the ~ implementation simply by overlapping it with another
inner product of vectora andb. The details of this ~ computation, and therefore, developing fast, efficient
algorithm are not important; what is important is to parallel implementations for all operations is the key
recognize that the key computations to be parallelized to getting performance in CG.
are the following: Each of the three operations has major portions
which can be done in parallel on independent nodes.
However, both combining and reducing the partial re-

1The convergence of iterative methods can be improved by sults, and Communicating results to other nodes, re-
proper preconditioning. Although we have developed Element- . . . . . .

quire fast implementations in order to avoid becoming

by-element (EBE) preconditioners and support-tree-based precon-
ditioners for our work, we will not address these in this paper. “Amdahl’s law” bottlenecks.

(i) the sparse matrix-vector (MVM) productp;




heads, large context switching costs, global barriers,
and an inability to overlap communication and com-
putation were all identified as obstacles to an efficient
parallel implementations. We implemented this algo-
rithm on EARTH (Efficient Architecture for Running

] o THreads) [9, 10, 11, 12, 16], a platform specifically
Figure 2. Parallel Partitioning of MVM designed for fine-grain synchronization, low-overhead
communications, and asynchronous local control, and
showed experimentally how limitations common to
most parallel machines based on off-the-shelf proces-
sors would cut performance by as much as half [23].
The dominant part of CG is the multiplication of the EARTH supports a fine-grained multithreaded pro-

n x n matrix A by ann-element vectorA is assumed  gram execution model in which a program is divided
to be too large to keep a whole copy on every node, andintq 4 two-level thread hierarchy bersandthreaded

will need to be divided among alinodes. Unless one  yrceduresFibers are non-pesfiptive and are sched-
uses techniques to reduce communicasigorithmi- uled atomically using dataflow-like synchronization
cally, such as graph partitioning, the simplest way 0 gperations. These “EARTH operations” make explicit
divide the MVM problem is to divided into regular ~  the control and data dependences between different
strips or blocks. Figure 2 shows the method used in fipers, and fibers are scheduled according to the rule
our algorithm (forp = 4), which dividesA into verti- ¢ a fiber is eligible to begin execution as soon as all
cal sectionsty, ..., 4,. . _ relevant dependence conditions have been met. This
The vecton is also partitioned into sections corre- - gynchronization model allows the use of local synchro-
sponding to the strips of. During one multiplication,  pizations between fibers using only those dependences
each node multiplies its own4; andv;, producinga  that are actually relevant, rather than the use of global
partial resultg; of size n. Neither A norv have to  parriers. It also enables an effective overlapping of
move, but the vectorg, .. ., ¢, must be added to pro-  communication and computation, by allowing a pro-
duce the final answer. cessor to grab any fiber whose data is ready when an
Some implementations of MVM produce existing fiber terminates after initiating a data transfer.
qi,- - -,qp independently, then add them using a binary Figure 4 shows how the MVM algorithm is
addition tree. The critical path length of this addition .o «tormed to an EARTH program written in the

is O(nlog p), V\(hich_ can far excee_d the time to com-  tpa5ded-C language [22]The computation is bro-
puteq,...,qp if Ais sparse angis large. Instead, | aoninto a sequence of fibers.

we pipelinethe .reduction in a Iinea_r chain, applying. Each circle represents one fiber, which performs the
Cannpns ?rlglpmr;m [521 to thde spemﬁl case 0{ onehd|— multiplication of onen/p x n/p section of A with
rension. Is algorithm reduces the critical path to somew;. A column of fibers (circles) runs on one

O(n). . . . node, and represents successive executions of the same
.AS Qesgr!bed In an earlier paper [.23]’ the comMpPU- fiper, computing pieces af; on one node. Arcs rep-
ratlfntlsd@v:ged '”tgpé’h?‘ses- Tﬁeglrst quzjel - resent data and control dependences. The solid arcs
gsl_ra edin |gur?. sA ur_nr]]g eac 3 ase, noasul- ¢ represent the data (in this case, pieceg;dfetween
tiplies one part of itsd; with v;, producing a part o nodes), while the dashed arcs represent synchroniza-

g; with only n/p elements. This piece is then sent to tion si -
. . ; gnals only. Dashed arcs pointing down repre-
the left neighbor (with node 1 sending to nageThe sent one fiber telling itself to perform the next itera-

starting positions on the nodes are stagggred SO tha{ion. Dashed arcs pointing down and to the right rep-
that piece can be added to what the left neighbor pro- resent one fiber telling its right neighbor that it has

duces ir_1 thenext it_eration,. as shown in Fi_g_ure 3@' finished using the block that the right neighbor pre-
Staggering the starting position has the additional side

benem_Of hlavmg all processors V_Vork n 'the V'F:m'ty of 2The development of the algorithm is explained in greater detail
the main diagonal at the same time; this region tendsin our previous paper [23].

B to be more dense in real problems.
As discussed in our previous paper, the high degree
of pipelining can hurt performance on conventional
Bl +8+ coarse-grained parallel machines. High message over-
q B U@
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3.1. Matrix-Vector Multiplication
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(a) First phase (b) Second phase

Figure 3. Pipelining of MVM (First 2 Phases)

the program in Figure 4 is replicated for each half.
3.2. Reduction and Broadcasting

We have previously shown that this pipelining ap-
proach can achieve excellent speedups on a machine
with good support for fine-grain multithreading, asyn-
chronous control and efficient communication [23].
The pipelining approach makes the program inher-
ently parallel. Furthermore, we can maintain this
parallelism throughout most of the inner product and
DAXPY computations as well. Performing the local
portion of either is easy if both vectors are partitioned
in exactly the same way. A nice property of the MVM
code is that the last iteration sends il piece ofg
back to node. Therefore, if all vectors used in CG
M are partitioned in the same way, the result of an MVM
will be aligned inexactlythe same manner, ready for

N\ | — use in dot product or DAXPY calculations.
| 7 — However, the inner product and DAXPY opera-

)

MVM code, because they require introducing sequen-
tial sections of code. At some point, the local values
L O of an inner product computation must be combined,
and the result (or some derivative value) must be re-
Figure 5. Multithreading MVM broadcast to all the nodes. Unfortunately, the tech-
nigue used with MVM to overlap matrix multiplica-
tion and reduction is not appropriate to a simple dot
viously sent, and the neighbor is therefore free to sendproduct, where each node will generate only a single
another block. This last synchronization is needed be-value. The critical paths of both reduction and broad-
cause the arrays used for transferring blocks of datacasting can be minimized through the use of trees, but
between nodes are reused. these operations will still be bottlenecks if the laten-
Finally, to exploit EARTH’s multithreading abil-  cies between different levels of the tree are too high.
ity, our code splits each block multiplication into two Fortunately, EARTH provides a very efficient fine-
halves, each of which produces half of the result vec- grain communication mechanism which serves as the
tor. This is shown in Figure 5. Each half is computed basis for a fast general reduction and broadcast tree.
by a separate fiber. Now the top halves and the bottomFigure 6 shows the main building block of this tree.
halves of the block multiplications can occur concur-  This building block has input buffers for incoming
rently, as long as each has its own buffers. Essentially,data andsynchronization slote/hich count how many

:I tions threaten to hurt the performance achieved by the




heads if the same tree is used many times, as in CG.

Thus, the program does not “call” a reduction
“function.” Instead, the distributed portions simply
send data to the reduction tree when they have data.
The top-level function arranges its sync slots so that
a fiber that uses the reduced value is triggered when
the root node of the tree produces a value. The tree
itself is distributed among the processors for greater
parallelism. Furthermore, if different input values are
produced at greatly differing times, the locality of syn-
chronization allows some parts of the reduction to be
done providedheir inputs have arrived.

One final useful property of this approach to re-
duction is that the threaded procedure is entirely writ-
ten in the Threaded-C language. Some parallel sys-
tems may provide built-in primitives for parallel re-
duction or broadcast. But the programmer can modify
our Threaded-C reduction library procedure as needed
(such as changing the topology); this flexibility is not
generally available when built-in functions are used.

Figure 6. Building Block for Reduction-
Broadcast Tree

input values have arrived and trigger the execution of 4. Experimental Results

a fiber when all required inputs are ready. It is in the ) ) ] - )
style of a classical static dataflow “actor” [6]. This section describes the scalability of our im-

The core of the building block is a pair of fibers, one Plémentation of CG on different versions of the fine-
for reduction and one for broadcast. When a child pro- 9rain multithreaded EARTH system mentioned in Sec-
duces a value, it uses the EARTH DAT2YNC oper- tion 3.1, with an emphaS|§ on thg fine-grain reducuon—
ator to pass that value to one of the input locations and Proadcast code covered in Section 3.2. The first sub-
synchronize the sync slot. Note that both children in Séction briefly summarizes the key features of the
Figure 6 use the same synchronization slot. That slot EARTH architecture and describes the experimental
waits for two incoming data before starting the local testoed. This is followed by sections on the perfor-
reduction fiber; this guarantees that the reduction will mance of the reduction-broadcast program alone and
not occur until both values are there, even if one comes ©f the entire CG application.
in long after the other. When the reduction fiber runs,
it sends the reduced value to that node’s parent, and4.1. The EARTH Multithreaded Architecture
synchronizes with a sync slot in that parent. The par-
ent is either another node in the tree or the code which  The EARTH two-level thread hierarchy and syn-
uses the final reduced value. A second fiber, with an chronization mechanisms were mentioned in Sec-
independent sync slot and data input, is used when thetion 3. An architecture suitable for such a model is
parent wants to broadcast to the children. shown in Figure 7. Conceptually, an EARTH node

Each node of the tree is a separate instance ofconsists of arExecution Unit(EU), which executes
a threaded procedure. This threaded procedure is ahe fibers, and &ynchronization Uni{SU), which
generic reduction-broadcast function in the Threaded-determines when fibers are ready to run and handles
C library. The procedure includes initialization fibers communication between nodes. There is also a Ready
for connecting each node to its parents and children. Queue of fibers waiting to be executed by the EU, and
An important feature of this tree is that the initializa- an Event Queue containing requests for EARTH oper-
tion only needs to be done once. Once the tree hasations, generated by the EU and read by the SU.
been constructed, it can be used repeatedly by simply  All implementations of EARTH have used off-the-
using the DATASYNC operators in EARTH to inject  shelf processors. In this paper (and previous stud-
values into the tree, which automatically begins reduc- ies) we consider four possible configurations. These
tion or broadcasting. This saves the initialization over- represent various stages along the evolutionary path



memory bus for the runs on the Dual and Single configurations, up
node | - to 20 nodes, have been confirmed on the real machine.
X The system is simulated for a 200MHz processor and
: @) a 100MB/s network.
* E The relevance of these results to another machine
= is highly dependent on the architectural parameters of
node = - that machine. A system based purely on off-the-shelf
8 processors, without any specialized support for fine-
(@) grain multithreading, is likely to have performance re-
node g sults similar to the Single or Dual platform. But net-
L% % work bandwidth is also a crucial factor. As explained
5 o &) in Section 3.1, the total communication per node dur-
9§ = ing one MVM is O(n). This stays constant even as
Z

the number of nodes increases and the computation per
node correspondingly decreases [23]. Thus, there is an
upper bound on speedup, which is reached when the
network becomes saturated. For instance, scalability
will be poor on a PC cluster with 100Mb/s Ethernet,

even if the processors are assisted by custom hard-

(described in Section 1) from a purely off-the-shelf Ware Synchronization Units. Excess communication

system toward a system based on full-custom multi- °verheads (e.g., the SU requires the intervention of the
threaded hardware: OS to talk to the network) can also hurt performance.

However, our simulations made conservative assump-
Single: Each node has only one processor, which tions about hardware capabilities, and similar results
must alternate between the tasks of the EU and should be obtained on any system with adequate net-

the SU. work bandwidth and low overheads.

Figure 7. EARTH Architecture

Dual: Each node has two processors; one performs, 5 performance of Reduction and Broadcast
the EU tasks and the other emulates the behav-

ior of the SU. The Ready and Event Queues are

stored in memory shared by the two processors. This section describes the performance of our

EARTH systems on several “microbenchmarks” for
External SU: Each node has a regular off-the-shelf testing the reduction-broadcast code.
processor and a custom hardware SU. The hard-  To test the total latency of reduction and broadcast,
ware SU performs specialized EARTH opera- we invoke the reduction-broadcast threaded procedure
tions, and can be built fairly cheaply, yet be op- with the appropriate node count; the instance we in-
timized for executing these operations [24]. The voke creates the underlying tree and becomes the root
EU communicates with the SU through special of the tree. The fanout of the tree is 3 (the empirically
memory addresses. optimal value). If there ar@ nodes, then the broad-
o cast tree hap outputs. Each output is connected to a
Internal SU: This is like the External SU, except that threaded procedure which simply forwards the broad-
the CPU core and SU core are combined into c4st value to the corresponding input to the reduction
one package. The interface is the same (memoryyee. Floating point addition is used as the reduction
addresses), but communication between them is fynction. We run multiple broadcast-reduction phases,
off the main bus and hence faster. The off-the- 3,q measure the average round-trip time.
shelf CPU core is otherwise unchanged. Figure 8 shows the average round-trip times for
broadcast+reduction on the four versions of EARTH.

The experiments in this study are based on the This latency is the time taken in the following steps:

EARTH implementation for the MANNA parallel ma-
chine [4]. Our experiments were run using SEMi, an 1. A fiber in the main procedure sends data to the

accurate (to within 2%), complete cycle-by-cycle sim- broadcast root, using DATSYNC;
ulator of the MANNA's processors, system bus, mem-

ory system and interconnection network [9, 24]. Data 2. The broadcast propagates through the tree;
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to the main function, triggering for re-execution
the fiber at the start of this list.

Absolute Speedup
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Arecent survey [7] showed that many commercial pro-
cessors tal§e longer than our total round-trip time to Figure 10. Speedup on Class W (7,000
perform a single data transfer! Rows)
Figure 9 shows the corresponding times for a se-
guential reduction, in which all reduction values are
sent to a single node, which performs the reduction se-
quentially. These results clearly show that sequential The speedups shown are absolute, i.e., the parallel per-
reduction can lower the overheads of parallelism for formance is compared against the sequential version.
small reductions, but the cost of the reduction itself On 120 processors, the speedups achieved on the Sin-
becomes overwhelming for a large number of nodes. gle, Dual, External SU, and Internal SU versions are
18, 20, 34, and 44, respectively. The threaded version
4.3. Scalability of Conjugate Gradient on 1 processor is slower than the sequential version
by 74% for the Single configuration, 22% for the Dual
The matrix sizes we have used are based upon theconfiguration, 4% for the External SU version and 5%
problem sizes associated with the distribution of the for the Internal SU version. The performance of Sin-
NAS Conjugate Gradient (CG) benchmark [19]. We gle and Dual versions are relatively low because the
have used the Class W & 7,000), A (14,000) and B amount of work per communication operation is very
(75,000) problem sizes for our experiments. The to- small for Class W, and there is no specialized hard-
tal numbers of non-zeroes in the matrices are 508,402 ware support to lower the communication overheads.
1,853,104, and 13,708,072, respectively. The speedups of External SU and Internal SU are close
The scalability of the class W problem on the 4 dif- to linear up to 32 processors, but degrades later. This
ferent EARTH configurations is shown in Figure 10. is clearly because the problem size is very small for
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Figure 13. Performance of Class W (7,000
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Figure 11. Speedup on Class A (14,000 ure 12. The performance on the Single version is

Rows) not reported, because the large problem sizes and
poor speedups made the simulations extremely time-
" consuming. The speedups of the Dual, External SU,
E—— and Internal SQ versions on 120 processors are 55, 78,

wf | —e— Extsu 1 and 90 respectively.
T Dhear Our earlier paper reported similarly good speedups

for MVM alone [23]. Comparing the new results with
those shows that the CG speedups are lower than the
pure-MVM speedups, but only by less than 1%. What
wp , ~ . this means is that, while the inherent sequential data
dependences of reduction and broadcasting do degrade
, : parallel performance, the efficiency of our reduction
L ‘ ‘ ‘ ‘ ‘ ‘ implementation renders the degradation insignificant.

TR T e Overall, we believe that the speedup of 90 on 120 pro-

cessors achieved with extra hardware support on the

Figure 12. Speedup on Class B (75,000 same chip is extremely good, and demonstrates the
Rows) suitability of the EARTH model for sparse problems.

To evaluate the robustness of the architecture’s abil-
ity to overlap communication and computation, we
execution on large confiaurations simulated the system with a network offering half the

. 9 9 ) ) _original bandwidth, and keeping all other performance

' The scalability of the Class A problem is shown. N £2ctors the same. Speedups on Class W, A, and B with
Figure 11. On 120 processors, the speedups achieveghq qoer network offering only half the bandwidth

on the Single, Dual, External SU, and Internal SU ver- are shown in Figures 13, 14, and 15, respectively. The

sions are 28, 44, 63, and 79, respectively. Inthe case Ofspeedups are almost identical to the speedups with the

Single, the 1.—proce'ssorthreaded version is Slowe”ha”original network. On Class B problem with External
the sequential version by a factor of 68%. For the other SU, the difference in performance ranged from 1.7%
three configurations, the degradation of the threadedOn Ehe 8 processors case to only 0.04% on the 96Ipro-
version on one processor is less than 7%. The SingleCessor case. On Class A problem with External SU

version has a h;]ghc?verhgad ofllsirl)portmg threads, Ee'the difference in performance ranged from 2.3% on 8
cause no extra hardware is available for performingthe o co.scors to 0.54% on 96 processors.

actions of the SU. We believe that the performance of
the External and Internal versions on 120 processors
are very encouraging, considering that the problem is ©- Related Work
not too large for execution on 120 processors.
Finally, the scalability of the class B problem on A number of other projects have focused on devel-
three different EARTH configurations is shown in Fig- oping sparse matrix computations on scalable paral-
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Figure 14. Performance of Class A
(14,000 Rows) with Slower Network
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128

veloped for parallelizing irregular applications written
in High Performance Fortran (HPF) extensions [1, 25,
15, 20, 26]. However, these techniques have not yet
been fully implemented in a production level compiler.

Pingali and co-workers have used restructuring
compiler technology to synthesize sparse matrix code
from (i) dense matrix programs, and (ii) descriptions
of sparse formats. Their Bernoulli system is a generic
programming system in which an algorithm needs to
be written just once, and can be combined with de-
scriptions of sparse formats to generate efficient sparse
code [2].

6. Conclusions

We have reported our work in developing a fine-
grained multithreaded solution for the Conjugate Gra-
dient (CG) problem.

There are two challenging and communication in-
tensive steps in forming an efficient solution of CG:
performing the sparse matrix-vector multiply (MVM),
and performing reductions followed by a broadcast.
In our recent work, we have developed a very effi-
cient solution to executing MVM on a multithreaded
system. This paper present an efficient and effective
mechanism for the reduction-broadcast, which is im-
plemented and integrated with the sparse MVM, re-

sulting in a very efficient implementation of the full

Figure 15. Performance of Class B
(75,000 Rows) with Slower Network

lel machines. Most of these efforts have used either
a message passing library such as the Message Pass-
ing Interface (MPI) [18], a runtime library built on top

of the message passing layer, or have used a research
distributed-shared-memory machine where the cache
coherence protocol can be modified to suit the require-
ments of the application.

Saltz et al. developed the notion ofinspec-
tor/executorfor efficiently parallelizing irregular ap-
plications on message passing machines [21]. The key
idea is to perform runtime analysis for predetermin-
ing the communication between processors and aggre-
gating the messages. The notion of inspector/executor
was implemented in the PARTI/CHAQS library [3, 14]
which was used to implement efficient and scalable
message passing versions of several irregular applica-
tions like theeUuLER solver [17] and the molecular dy-
namics cod€HARMM [13].

In some other efforts, compiler techniques were de-
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CG code.
Our main observations include:

e The speedup results of our CG implementa-
tion are very impressive: for example we have
achieved ambsolutespeedup of 90 on 120 pro-
cessors on the NAS CG class B input.

e Our dataflow style reduction-broadcast network
based on fine-grain multithreading is indeed
very efficient (twice as fast as a serial reduc-
tion scheme under the same execution environ-
ment). Furthermore, it has been integrated very
well with the rest of the CG solution including
our sparse MVM solution phase. This is demon-
strated by the fact that the overall speedup for
the entire CG code is almost as good as the
speedup for the sparse MVM phase alone.

e Our results have also demonstrated the per-
formance robustness of the proposed solution
scheme. By slowing down the network by a fac-
tor of 2, no notable degradation on the overall
CG performance was observed.



e Our results have supported the merit of an evolu-
tionary approach for fine-grain multithreading,
and provided an interesting performance com-
parison for different design points in the evolu-
tionary path with different hardware support.

Overall, we believe that our approach offers
a highly efficient, robust, and reasonably easy-to-
program mechanism for parallel implementations of
communication-intensive irregular applications.
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