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Abstract. Reconfigurable computing (RC), such as computing using fiedd
grammable gate array (FPGA) technology has been shown afettido ac-
celerate a large variety of applications. RC fills the gapveen hardware and
software, achieving high performance on the hardware tharsoftware and at
the same time maintaining a remarkable amount of flexibilityough there are
bottlenecks associated with using the FPGA acceleratdbslegacy application
code, it is becoming difficult to decide which parts of the eahould be im-
plemented in hardware (versus software), to provide anieffienapping from
code to the highly parallel FPGA fabric and to evaluate treassociated with
running in a hybrid (hardware/software) mode. In this papepresent a method-
ology to tune an application with the help of a tool enviromtneonsisting of an
open source parallelizing compiler, and static and perémre analysis tools.
This serves as a high performance tuning strategy for ifyémgi the bottlenecks
in the application code, followed by preprocessing, befoagping the algorithm
to the FPGA in order to take advantage of the intrinsic sp&ksihg this perfor-
mance toolset and our tuning methodology, we were able tallphze and tune
a bioinformatics application to produce better load badsnand higher perfor-
mance, yielding almost linear speedup, of up to 80% on dyaactieduling with
128 threads on a 1000 sequence data set.

1 Introduction

Reconfigurable computing (RC) is intended to fill the gap leetwthe high speed, low
flexibility of hardware and the low speed, high flexibility sbftware, achieving po-
tentially a much higher performance than software whilentaning a higher level of
flexibility than hardware. FPGAs are capable of achievirgesiups of up to 500 times
and energy savings of up to 70% [1] over microprocessor implaations of a specific
application. Moving just the critical software loops to @eafigurable fabric results
in average energy savings of between 35% to 70% with an aee@epd-up of 3to 7
times, depending on the particular device used [1]. One @ptime factors of using



FPGAs is to fully access the significant speed improvemetonaatically but unfortu-
nately there is the lack of supporting toolsets. The exjstovlsets are not yet mature
enough to exploit the advantages of using the reconfigugalatéorm. This produc-
tivity gap between design complexity and design capacipyhfis put the benefits of
FPGA performance improvements beyond the reach of the ityagdrsoftware devel-
opers, who do not have the ability or inclination to go inte #xtensive detail required
for designing efficient hardware. Unfortunately, therdiisan order-of-magnitude gap
between what can be achieved by a good design engineer [@hf#ihat which is able
to be achieved by state-of-art electronic design automgE®A) tools [5].

In addition to tools, a good programming model and compitaystem needs to
be explored and this is highly dependent on the hardwarghsied. For example if the
FPGA is attached to an SMT or multicore processor and mengogy Yia high band-
width low latency buses), we can use a shared memory progigmmodel within the
cores. In most of the cases, an interface via libraries usipulse-C), buffering of
shared data, or DMA accesses, might be needed to send theodh&aFPGAs. This
approach can combine the shared memory model of OpenMP miitedhe stream
programming capabilities of the FPGAs. In this paper we expthe use of OpenMP
to exploit thread level parallelism and means to find theipostto be mapped to the
accelerators via iterative tuning. We believe that thisrapph works because we can
leverage time critical computations to FPGAs acceleratibite multicore processors
can do thread, memory and I/O management or focus on non+gerimgensive tasks.
With the intention of closing this productivity gap as thesisdor our motivation, we use
the multiple sequence alignment (MSA) problem as a benckuiiaie design method-
ology for mapping this algorithm to FPGA is based on hardvasscriptive languages
such as VHDL and Verilog HDL. An attractive alternative isige a high level language
such as 'C’ to describe the algorithm and generate equivhbmdware descriptions for
implementation in FPGA. We use the portable open source @gépenUH compilers
and the OpenMP application programming interface (API)rfarti-platform shared-
memory parallel programming. We use performance analgsis to identify the bot-
tlenecks in the software code, optimize and parallelizeaipi@ication code to achieve
the desired result.

2 The Multiple Sequence Alignment Problem

Molecular biologists frequently compute MSAs, comparingtpin sequences with un-
known functionality to a set of known sequences to deteattfanal similarities [6].
Among the heuristic methods available the progressivealgnt method [7] is widely
used. ClustalW [8] makes use of such a method and consistse# stages: distance
matrix, guided tree and progressive alignment along tree ®eofiling of the ClustalW
program on a single processor showed that almost 90% ofrtieeisi spent in the first
stage [9]. The Smith-Waterman algorithm can be used to ctengve optimal local
alignment of two sequences [7]. Full details of the MSA staged the SW algorithm
can be found in [1] [2] [5] [6] [8] [10].



3 Tool Support

3.1 Open64/0OpenUH High Level Optimizations

The OpenUH compiler [11], a branch of Open64 [12],is an ojiing and portable

open-source OpenMP compiler for C/C++ and Fortran 90 progrét is based on SGI's
open source Pro64 compiler and pathscale EkoPath compiéch targets the IA-

64, 1A-32 and Opteron Linux-based platform. OpenUH addiity supports OpenMP,
provides static analysis to the user and supports librénigsfacilitate the integration
of performance tools. OpenUH’s interprocedural analysfpsrts array region analy-
sis that is a constraint-based technique proposed by T§it#$ to describe array ac-
cesses/patterns [14]. Such analysis is critical to extrecparallelism of the code via
an accurate inter-procedural dependence analyzer. Opatddhperforms loopnest de-
pendence analysis that is based on the Omega test [13]. Figvek an overview of

OpenUH.
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Fig. 1. An overview of OpenUH

3.2 The Dragon Analysis Tool

We use Dragon [15], a program analysis tool built on the tap@OpenUH compiler to
support, analyze and optimize the OpenMP application. &mag helpful in gathering
information about the threads accessing the elements oédlaarays at run time. The
input languages to Dragon are Fortran77/95, C and OpenMP/Mi tool facilitates
the task of writing OpenMP programs by analyzing the codel&ta dependencies and
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understanding procedure side effects which could obsthactunctions or loop nests
from being parallelized.

3.3 Tools Analysis and Utilities - TAU

TAU [16] [17]is a portable profiling and tracing toolkit foepformance analysis of par-
allel programs written in Fortran, C, C++, Java or Pythore Tésults are displayed in
aggregate and single node/context/thread forms, thusifigieg the performance bot-
tleneck. A number of profiling modes exists including: sttitial sampling of the pro-
gram counter or call stack; hardware counter samplingrtinibn counting; and timer
based instrumentation. The time and hardware counter dataralyzed by ParaProf
and PerfExplore that are both parts of the TAU toolkit. Thedtions that require con-
siderable execution time can be identified and functionyéetit points can be traced
along with the messages between different nodes. Secondelng miss behavior can
also be tracked.

3.4 Perfsuite

PerfSuite [18] is a collection of tools, utilities, and l#sres that together provide the
user with several options for performance monitoring idalg support for hardware
performance counting and profiling of application prograRerfSuite consists of a set
of command line utilities that includes support for stateit profiling, hardware per-
formance counting, deriving high-level performance nostraiccess to machine level
characteristics, and customizing performance experisndiese utilities together en-
able both coarse and fine grain performance experimentsafailel applications with
low overheads.

4 Execution and Tuning Model

Programs using OpenMP compiler can insert directives eit@nually or automati-
cally with the help of a compiler or stand-alone utility irging parallelism. We run the
OpenMP threads on the multicore processor and propose tdheampute intensive
inner loops to the FPGA accelerators as shown in Fig. 2. ThHal geortions that are
not compute intensive are run in one core. The OpenMP phrati@n threads run-
ning on the multiple cores perform software synchronizetiflocks and barriers), I/O
operations, and dynamic memory management. In our modehdbelerator streams
reside inside a parallel region. More precisely, they redidide a compute intensive
parallel do. A chunk of work for aparallel do is assigned to a thread that invokes
the accelerator to compute the inner loops via streamingcO@upilation model trans-
lates OpenMP to object code via a native compiler and a n&penMP runtime li-
brary. In order to decide the portions that should run on thitioore processor as
opposed to the FPGA, we first profile the code to recognize th& time consuming
and computationally expensive hotspots in the program emgler instrumentation
and bottleneck analysis using hardware counters. The dempgs of loop nest op-
timization and interprocedural analysis are closely exauifor details pertaining to
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Fig. 2. OpenMP and FPGA Execution Model.

the optimizations applied by the compiler. We use feedbéactbd optimizations to
hoist loops out of the compute intensive loopnest and agpytircuit optimizations

to reduce branch misspredictions. The goals of our optitioiza are to reduce the total
execution cycles, increase the useful instruction petitmséruction ratio and reduce to-
tal stall cycles. After achieving a low stall ratio on the gsegtial code, we proceed with

Tuning Cycle for Algorithm Mapping to FPGA.
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Fig. 3. An overview of the tuning cycle.

parallelization by instrumentation of the code with OpenM# perform privatization
analysis to achieve good memory locality and check for leablalances and find the
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right scheduling discussed in one of the next sections. \Weme experiments to see if
the algorithm scales as shown in Fig. 3 on an SGI Altix 370@idisted shared mem-
ory multi-processor machine, from NCSA, which consistsnaf SMP systems running
on Linux. Each system has 512 Intel Itanium 2 processors.e®@perimental platform
has similar memory characteristics as some of the multiowmeycore processors (e.g.
Opteron with HyperTransport and local memory access/cQnal) analysis will help in
mapping the critical portions of the loop on the FPGA usinguihse-C.

5 Tuning Methodology

To begin with, we use the Itanium 2 hardware performance teosito identify bottle-

necks in the program and obtain a comprehensive performatated characterization
of the application [19]. We first calculate the parameterhwespect to the unopti-
mized 'C’ code and discovered that there are more than 40%QR3\to be reduced
for better performance. Similarly the branch mispredictémd CPI could also be re-
duced. To analyze the program using the graphical analysisDragon, we compile
the program with the OpenUH compiler. We use the softwarallghmprogramming

paradigm, OpenMP, and add 'pragmas’ to a sequential apipliceode with the aim of

parallelizing the code. OpenMP exploits shared memory biyiag various types of

parallel regions performing aggressive privatizationsiffata locality.

— #pragma omp parallel: Defines a parallel region to be run by multiple threads in
parallel. All the directives work within the parallel regizdefined by this directive

— #pragma omp for: Work-sharing construct identifying the iterative for-fpahose
iterations should be run in parallel.

— #pragma omp no wait: Overrides the barrier implicit in a directive.

The following Fig. 4. is an example of the code generated bgrDgP.

msap{
#pragma parallel region private(...) firstprivate(...)

#pragma omp for
for(..)
Initialize array of locks

#pragma omp for no wait

Fig. 4. Example of pseudo code with OpenMP.
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Dragon is invoked to instrument a program, to gather andaijstynamic execution
details, to find the areas where the loop is concentratedgkdigght the true, anti, output
and procedure dependencies and to understand the convalfftbe procedures in the
source code. The flow graph and call graph are used to digimgetween the regions,
branches, loops and the structure of the program respbctiMae application is run
several times. Feedback from the different runs are celttand merged into the call
graph to show the frequencies with which the procedureswodked. This information,
plus the cycle count for each procedure,help in detectiatpth spots of the application.
We use them to perform a manual optimization.

Table 1 shows the results of the bottleneck analysis for ¥Wddgal alignment 'C’
code with an Itanium 2 target. In the unoptimized code, NOEBrations account for
44% of the code. Realizing this portion of the code on the FR@@AId therefore be
inefficient. 75% of branches are incorrectly predicted|istathe pipeline and causing
wastage of resources. We found that the compiler could n@ydygh level loop opti-
mizations due to loop dependencies, branches and laclagfiaformation. So we used
the feedback capabilities of OpenUH to look at the branofpfemcies and dependency
graphs of the code. We manually hoisted the branches out dddips to allow the com-
piler to perform more optimizations such as pipelining alihi@ating dependencies.
After optimizing the sequential code, we were able to paliak the code using the
OpenMP directives and performed aggressive optimizafiongata locality through
data privatization. The optimized version gives an improgat in CPI of 11.89%. The
branch mispredictions are reduced by 21.33% thus once eggotving the dependency
factors and helping in issuing multiple instructions pecley The nopsnstruction are
reduced by 45.45% and the count of useful instruction issiased by 10.09%.

|Parameters |UnoptimizedOptimized
Useful Instruction Count 7.63E+9 | 8.40E+9
NOP Instructions 44% 24%
Branch Mispredictions 75% 59%
Cyclesl/instruction (CPI) 0.3178 0.28

Table 1.Bottleneck analysis of the SW 'C’ for an Itanium 2 target.

6 Scheduling

To improve the performance, we use the schedule clause tifyspew the iterations
of the loop should be allocated to the threads.
6.1 Static Scheduling

OpenMP can divide the main loop into a number of chunks usiaticsscheduling.
All the iterations are allocated to the threads. We inigiglerform a static scheduling
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with 50 to 1000 data sequences and 1 to 128 threads. Eacld tisrgaven an equal
number of iterations. If there are n iterations and T threadsh thread will get n/T it-
erations. The number of iterations each thread performsdgldd at the start of the par-

— ldeal
100 sequence set

——— B00 sequence set ’
—-— 1000 sequence set /7

oa

02 04 06 0B 10 12 14 168 18 20 22
Threads

(a) Static scheduling on different problem  (b) Static schedule is unbalanced with re-
sequences. spect to the timings.

Fig. 5. Static Scheduling

allel loop. Static scheduling has advantages of reducethsgnization/communication
overheads but there are drawbacks too. Due to uneven setedddistributed to the pro-
cessing units, there are load-imbalances and idle procesBoese cause wastage of
resources. The speed-up is not ideal as shown in Fig. 5(a)gfidph constructed on a
logarithmic scale shows the different problem sequencegktthreads ranging from
1to 128. The speed-ups of the sequence sets do not reacle#hspeed-up giving rise
to load imbalances. It is known, in the field of bio-inforntatthat the resultant matrix
framed while achieving a protein database search is a wlangatrix. But due to the
disadvantages discussed above, the expected trianguiax imaot framed and this is
shown in Fig. 5(b).

6.2 Dynamic Scheduling

Dynamic Scheduling gives the option of flexibility. Heregthumber of iterations each
thread performs is determined dynamically as the parailgh lis executed. We have
to make sure that each processor spends an equal amountkfigiime on the tasks
and the computational loads on the processor are well badbaeoiding any waiting
time. Fig. 6(a) is the result of performing a dynamic schiaxpbn the protein sequence
sets of 100, 600 and 1000. On comparing the results of Fig,. &&tic scheduling, with
Fig. 6(a) dynamic scheduling, the latter shows a clear aguifgtant improvement in
the speedup of 78x. But merely dividing the iterations elyuainong the processors
does not result in a balanced load. Some processors shouehgfewer of the iter-
ations that require less/more time per iteration. So thp tm be divided into chunks
of h iterations or chunk size equaling to 1 or x% of the hthatens. This would be
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a better operation to perform compared to static schedsiimge the chunks are tak-
ing a variable amount of time. Parallel applications havbaexecuted efficiently so
that their workload is distributed among the various patgdtocessors. Choosing the
correct chunk size would be a trade-off between running felenks and achieving
better thread balance. The larger the problem size, thesigssicant the synchroniza-
tion overhead becomes. Fig. 6(b) shows that OpenMP is aliivide the loop into
any number of chunks and launch any number of threads to ggdbese chunks. The
graph shows the results on the 600 sequence data set witidl, 1D&b of iterations.

G —— lgeal

—_

—t— 10

Speedup
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02 04 05 05 10 12 14 16 135 20 22 02

S—— 02 04 06 0B 10 12 14 16 18

Threads

(a) Dynamic Scheduling on different protein ~ (b) Speed-up with chunk sizes of 1, 3 and
sequence set 10% of iterations.

Fig. 6. Dynamic Scheduling

As shown in the figure, chunk size 1 appears to be the ideatethoido most of
the computations. Since the data set is huge, we use uptchiesds to perform the
scheduling. We identify the tasks, design an algorithm tecate the tasks in parallel
and manage the load balance among the processing unitgmtfjcio achieve the ef-
fective speed-up using OpenMP. The efficient usage of chhalss in balancing the
processor loads as shown in Fig. 7. Though there may be wenleaverheads but this
is outweighed by a good load balance. So the triangular rattihe protein database
search appears as desired.

To summarize the scheduling portion, we were not able tomiiré the load im-
balances statically. We detected this issue by using paegnce tools and the compiler
instrumentation. Since the parallel loop were at a very smgrain level (containing
four nested loops), we tested different dynamic schedukebniques by introducing
different chunk sizes until we found a scheduling stratdwt scaled. This gave us a
significant speedup of upto 80% using 128 threads achiewiogllent load imbalance
as indicated in the screenshot.



Fig. 7. Triangular Matrix Solver when using Dynamic Scheduling

7 OpenMP to FPGA Translation

After the optimizations, it will still be challenging to magither the entire OpenMP
parallelized region of the code or portion of it on the FPGAeElements on the hard-
ware such as programmable gates, LUTs and flipflops need teskendled into a pro-
gramming model that high level programming languages camecehend. To generate
FPGA hardware from OpenMP 'C’ programs via synthesizablel\lware constructs,
we use ImpulseC [20].

To allow the compilation and simulation of these hybrid &ggions, consisting of
independently synchronized processes, the ImpulseCikisrimclude functions that de-
fine process interconnections (typically streams andgprads) and emulate the behav-
ior of multiple processes using threads. Streams represene-way communication
channel between concurrent processes [21]. Related werkden done in [22] using
Handel-C. We propose to overcome the difficulties in spé&uifyhe clock boundaries,
clock timings and explicit statement-level parallelisnedisn Handel-C by introducing
ImpulseC and synthesizable HDL constructs.

#pragma CO PIELINE

#pragma omp parallel {
*code m}parallel N Translated to * beginning of the code
*
#pragma CO PIPELINE
* rest of the code/

¥

Fig. 8. Example of the translation of a OpenMP parallel construct.

The translation of an OpenMP parallel construct is as shovig. 8. Thus the Im-
pulseC tools include a software-to-hardware compiler ¢iaat convert individual Im-
pulseC processes to functionally equivalent hardwarergie®mns, including the neces-
sary process-to-process interface logic.
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8 Conclusions and Future Work

In this paper, we have used the OpenUH compiler infrastrectind the associated
graphical analysis tools for profiling and performing beriieck analysis in an appli-
cation. We have optimized and parallelized the code usifigiezit scheduling tech-
niques. By running the different data sequence sets witledlahunk sizes and with
up to 128 threads significant speed-ups close to the idea be&n achieved. These
compiler techniques have helped us to reduce the complekitige source code by
removing the compute intensive mathematical operatioressh#ve achieved CPI im-
provements of 11.89% with a reduction in branch mispreaiiiof 21.33%. NOP in-
structions have been reduced by 45.45%. Our multithreagplication achieves an
almost linear speedup of upto 80% on dynamic scheduling hthreads on a 1000
sequence data set. Moving this optimized and parallelindé to a reconfigurable plat-
form will give even better speed-up and performance. We amently looking at trans-
lating OpenMP to Impulse-C, a tool for mainstream embedgstesn programmers
seeking high performance through FPGA co-processing. Afetpladdress the lack of
tools and techniques for turn-key mapping of algorithm$ttybrid CPU-FPGA sys-
tems by developing an OpenUH add-on module to perform thigaing automatically.
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