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Abstract

Extracting parallelism is a key issue in the design of

such machines. In the ideal case, designs would be de-

The map-reduce model requires users to express their prob- scribed in a sequential, algorithmic fashion and paratteli
lem in terms of a map function that processes single records would be automatically extracted by a compiler. Despite

in a stream, and a reduce function that merges all mapped
outputs to produce a final result. By exposing structural
similarity in this way, a number of key issues associated
with the design of custom computing machines including
parallelisation; design complexity; software-hardwagp
titioning; hardware-dependency, portability and scal#li

can be easily addressed.

We present an implementation of a map-reduce library
supporting parallel field programmable gate arrays (FP-
GAs) and graphics processing units (GPUs). Paralleli-
sation due to pipelining, multiple datapaths and concur-
rent execution of FPGA/GPU hardware is automatically

decades of research in this area for both parallel computers
and field programmable custom computing machines (FC-
CMs), satisfactory tools still do not exist. Common pragtic

is to identify the hardware/software interface and the hard
ware parallelism manually, and then design separate data-
path and control circuits to implement them using recon-
figurable fabric. This ad-hoc approach is used often to the
detriment of design time, efficiency, portability and reuse

In this work, a parallelisation methodology based on

the map-reduce higher order functions common in func-
tional languages is presented which supports both field pro-
grammable gate array (FPGA) and graphics processing unit

achieved. Users first specify the map and reduce steps for (GPU) based processing units. Map-reduce has the follow-
the problem in ANSI C and no knowledge of the under- ing advantages:

lying hardware or parallelisation is needed. The source
code is then mechanically translated into a pipelined data-
path which, along with the map-reduce library, is compiled
into appropriate binary configurations for the processing
units. We describe our experience in developing a number
of benchmark problems in signal processing, Monte Carlo
simulation and scientific computing as well as report on the
performance of FPGA, GPU and hetereogeneous systems.

1. Introduction

Reconfigurable computing has been successfully ap-
plied to a diverse range of applications including sort-
ing and searching, signal processing, cryptography, scien
tific computing and logic emulation. High performance
is obtained by achieving high degrees of parallelism, and
problem-specific customisation of the hardware can be car-
ried out to a degree not possible in other technologies.

e When a problem is expressed in a map-reduce form, it
is easy to parallelise the computation, distribute data
to the processors and to load balance between them.
The details concerning all these issues can be hid-
den from the user and opportunities for task-level and
instruction-level parallelisation are easily identified.

e Designs are easily partitioned between hardware and
software.

e Map-reduce provides an interface that is independent
of the back-end technology. This provides a conve-
nient means for employing multiple, heterogeneous
accelerators; separate machine dependent and ma-
chine independentimplementation issues and improve
portability.

e The complexity of a map-reduce library is very low
and can be understood, modified and extended by most



developers. This is in contrast to a parallelising com-
piler which requires far more expertise.

Although functional programming languages are well

known to be good for expressing parallelism, we are not
aware of any other design methodology for reconfigurable
computing that is able to combine the benefits of the pro-

posed approach. Map-reduce can be used in conjunction

with other techniques to further improve performance.

The rest of the paper is organised as follows. In Sec-
tion 2, a review of previous map-reduce software imple-
mentations is given. In Section 3, our map-reduce method-
ology is detailed. Our benchmark set is introduced in Sec-
tion 4 and results are given in Section 5. Finally, conclu-
sions are drawn in Section 6.

2. Background

The origins of the map function in programming can be
traced back to the LISP programming language [1] and re-
duce to APL [2], the precise specification being dependent
on the implementation. A detailed study of several differ-
ent implementations is given in reference [3]. Map-reduce

operations are often used in standard imperative languages times shorter.

Waters studied programs in the IBM Scientific Subroutine

Using map-reduce, the map function,mpap, is

. 1 ((P+y?) <)
pi.map(x.y) _{ 0 otherwise @)
and the reduce function
pi_reducda,b)=a+b 3)

A stream ofN pairs of uniform random numbees|0, 1)
are applied to the map function and the outputs reduced
to produce the value di in the above pseudocode. The
approximation is then computed #

Map-reduce is used in Google’s “MapReduce” library to
utilise large-scale clusters for parallelised data prsiogs
applications [5]. Programmers simply describe the asso-
ciated map-reduce computation and a map-reduce library
deals with the issues of configuration, initialisation, -net
working, load balancing and fault tolerance. This serves
to provide programmers with a simple means to develop
applications for a massively parallel machine without the
usual associated complexity.

Sawzallis aninterpreted language used at Google which
makes writing MapReduce programs easier and 10-20
For example in March 2005, on a 1500
machine cluster at Google, 32,580 Sawzall jobs were

Package and found that that 90% of the code could be ex- launched, each using an average of 220 machines. In total,

pressed as maps, filters and accumulations [4].
Map-reduce typically takes as inputs: a list of input
recorddl, a map function and a reduce function. The map
function is applied to each element of the list to form a new
list to which the binary reduce operation is then applied.

2.8 pentabytes of data were read, 9.3 terabytes written and
one machine-century of central processing unit time were
consumed [6].

Chu et. al., used map-reduce as a framework for imple-
menting parallelised machine learning algorithms on mul-

We assume the map and reduce functions do not have sideticore machines [7]. They showed that a variety of al-

effects, and reduce is a binary operator which is both as-

gorithms including locally weighted linear regression, K-

sociative and commutative. This means that the map and means, logistic regression, naive Bayes, support vecter ma
reduce operations can be executed in any order and in par-chine, independent component analysis, principal compo-
allel. In addition, we assume that the list can be infinite in nent analysis, Gaussian discriminative analysis, expecta

length, and is hence a stream.

We will use a simple Monte Carlo simulation (MCS) to
compute an approximation twas an example of applying
map-reduce. Imagine a circle of radiusircumscribed by
a square with sides of length.2if a large number of darts
are thrown uniformly at the square, the proportion of darts
which hit inside the circle is given by:

areaofcircle 1w
area of square (2r)2

=1/4. Q)

The above proportion is the same if only the top, right

hand quarter of a square centered at the origin is consid-

ered. Thus, iff = 1, 7 can be approximated by randomly
generating two random numbersy € [0,1), calculating
whether the coordinatx, y) is within the top quarter of a
circle (¢ +y? < 1), counting the proportion of trials inside
and outside the circle, and multiplying this result by 4.

tion maximisation and backpropagation can be described
and efficiently implemented on multicore and multiproces-
sor machines.

3. Map-reduce Methodology

The type of scheme for Map and Reduce function can
have many forms. Google’s MapReduce implementation
have the following function mapping [3]:

Map(k1,v1) — list(k2,v2)
Reducék?, list(v2)) — list(v2)

4
®)

In our MapReduce model, we combine the Map function
and reduce function into a single functiomapreducé).
The map portion takemap fr() as an arguement while the
reduce portion takesed fn() as an arguement. Conceptu-
ally, the Map function of our model have the same function



mapping as ( 4). However, since storing a list in hardware
is inefficient, the list produced by the Map function is never

All pointers to input and output records require preallo-
cated memory for a single record entry. Tihar anet er

stored explicitly. Instead, we adopted a streaming model in argument is used to pass information to the three function

which the output of the map function is immediately con-

pointersi nf n, mapf n andr edf n. This is normally a

sumed by the reduce function. In practice vl is a set of fixed block of memory which is directly copied from the
data. In our MapReduce model, the dataset v1 is defined host machine to the hardware accelerator card for access

as an array of fixed size elements. This allows efficient
pipelined implementation in hardware. Our MapReduce
function have the following function mapping:

mapreducdist(kl,v1)) — list(k2,v2) (6)

The user defined functiomapfr() function have the
following function mapping.

mapkL,vl) — (k2,v2) @)

Here,v]; is an element of thel. mapreducé) applies
mapfn) to all vl; in v, effectively produce a output of
typelist(k2,v2). Each(k2,v2) pair is passed to the reduce
function after its generation.

Conceptually, the function mapping of the Reduce func-
tion is similar to (5). The function mapping is shown below.

Reducék2, list(v2)) — list(k2,v2) (8)
The user defined functiored fn() is implemented as a
binary function that is associative and commutative. The
reduce operation is performed by building combination of
accumulators and reduction tree usiegd fn(). The func-
tion mapping ofred fn() is shown below:

reduce€k2,v2,v2) — (k2,v2) 9

3.1. API

The application programming interface (API) of the
map-reduce implementation has a single entry point,
mapr educe() andtharapr educe_t structure provides
all of the required data.

typedef struct {

void *paraneter; /* passed to fns */

int i_size; /x inrec size (bytes) =*/
int o_size; /* out rec size */
int (xinfn)(void *i_buf, void xparam

unsi gned xkey);
void (*mapfn)(void *o_buf,

void *ibuf, void *param

unsi gned xkey);
void (*redfn)(void *result,

voi d *o_buf 1, obuf 2,

voi d *param unsigned key);
void *result; /*x result witten here x/

} mapreduce_t;

extern void mapreduce(mapreduce_t *);

during the computation.

Thekey argument is a key that identifies that which set
does the data belongs to. The key allows the reduce func-
tion to reduce each independent set of data to their corre-
sponding value. For many applications, including Monte
Carlo simulation, this field is not used. One example that
use this key is Nbody problem, where the key is the particle
index. However, there is one implementation issue of do-
ing reduce operation using the above API. since the result
of the reduce function has to be a fixed size data structure,
the result type would have to be large enough to hold the
reduction value for all possible keys. This is clearly not a
efficient way to use memory. So a higher order function
parallelreducé€) is written to handle this scenario. This
function is defined below.

voi d paral |l el Reduce(void *result, void *bufl,
void *buf2, void *param
unsi gned key);

Although the function prototype is exectly the same as
other binary reduce function, there are extra parameters fo
this function in the structir _syst empar am as shown
below.

typedef struct
{

void (*redfn)(void *result, void xbufl,
void *buf2, void *param
unsi gned key);
unsi gned num set;
} par_reduce_t;

What this function does is for &t runr edf n() on all
mapf n() output with keyk and put the result into thid
memory location of the result array. In the implementation
level, parallelReducé) can be trivially parallelized. Mul-
tiple instance oparallelReducé) can run in parallel with
each instance responsible for reducing a mutually exausiv
set of key values.

Since we assume map-reduce functions do not have side-
effects, multiple instances can be executed in paralldi-wit
out conflict. Unfortunately, strictly conforming is resti
tive and in fact, the API already has side-effects as the map
function must put its result in the_buf buffer and the re-
duce function manipulates the result pointeesul t . As
an example, ther calculation described in Section 2 makes
a function call to a random number generator (RNG) which
requires state information. If parallel instances are kexzb



with the same initial state, identical sequences wouldtesu
Our solution is to enforce the rule that the map and reduce
functions have no side effects with the exception that: a li-
brary of safe functions for random number generation can
be called and writing to_buf and+r esul t are allowed.
Since the map functions are responsible for generating the
key if a user defined input function is not used, the map nu
functions are allowed to write tkey.

pi _reduce(nmap_out _t =*r,
map_out _t *a, map_out _t =b,
map_paramt =*p, unsigned key) {
xr = xa + *b;

The pi _i nput () function generates the two random
mbers for the map function to consume. It uses the li-
brary’s built-in uniform random number generator which
implements the Tausworthe algorithm [8]. This RNG ini-
tializes state information uniquely for different map exec
tions and hence can safely be invoked in parallel. Other
library functions may also be used to access special fea-
tures of the hardware. These functions are replaced by
the appropriate implementation on the target platform.
Thepi _-map() andpi r educe() functions implement
Equation 2 and Equation 3 respectively in a straightfor-
ward manner. Implementing the reduce function as a binary
function allows great flexibility in implementation. Thedw
input reduce functions can be translated into a binary re-
duction tree. The output can also be feedback to one of the
input to form a accumulator. The most efficient implemen-
tation is usually a combination of the two. Since the reduce
function is associative and commutative, it is not necgssar
to consider the order of execution in constructing the hard-
ware.

To supply the required parameters to
mapreduce() function, the wuser creates
mapr educe_t structure and fills in the relevant fields.

3.2. Software Implementation

An example of the usage of this library for tirexample
is given in this section. The user must first manually par-
tition the algorithm into input, map and reduce functions.
The code for these functions are described below.

First the input and output types of the map function are
defined.

typedef struct {

float a;

fl oat b;

} map_in_t;
typedef int map_out t;

Then the parameter is define. Note that
mr_systemparam is a structure defined in the API
and contains the parameters required by the Mapreduce
system. This struct is placed as the first entry in the
parameter structure, follow by parameters defined by the
user.

the
a

mapreduce_t m
map_out t result;
typedef struct { map_paramt p;

nT _syst em param p;

unsi gned iterations;
} map_paramt;

m par anet er

mi_size =

m o_si ze =

After that the three required functions are described as m j nfn =
below. m mapf n =
m redfn =

i nt m resul t =

pi _input(map_in_t *e,
unsi gned *key) {
e->a = Tauswort he_RAND() ;
e->b = Tauswort he_RAND();

/* return 0 when finished */
return p->iterations--;

map_paramt =*p,

calculation. The

mapr educe( &
}

&p;
sizeof ( map_in_t );
si zeof ( map_out _t );

&pi _i nput;
&pi _map;
&pi _reduce;
&resul t

Finally a call to mapreduce is made which performs the

result of the computation is stored in the

location pointed to by esul t .

The above implementation can be translated to the target

voi d
pi _map(map_out t =*out,
map_in_t xin, map_paramt =xp,
*out = (in->axin->a + in->bxi
?0: 1
} void i _buf;
voi d *o_buf;

unsi gned *key) {
n->b) > 1.0

void

platform as described in the next section. A C version of the
mapr educe() function is given below.

voi d mapreduce( mapreduce_t *nmp ) {
unsi gned i

)



/+ allocate the
i _buf mal | oc(
o_buf 1= mall oc(
o_buf 2= mal | oc(

menory x*/

np->i _si ze );
np- >0_si ze );
np- >o0_si ze );

if((*nmp->infn)(i_buf,

np- >paraneter, i, NULL, & )) {
(* np- >mapf n)
(o_bufl, i_buf, nmp->paraneter, &);
(* - >r edf n)
(mp->result, o_bufl, NULL,
np- >par aneter, i);
mencpy(o_buf 2, np->resul t,
si zeof (map_out _t));
}
whil e ((*np->infn)(i_buf,
np- >paraneter, i, NULL, & )) {
(* np- >mapf n)
(o_bufl, i_buf, np->paraneter, &);
(*np- >r edf n)
(mp->result, o_bufl, o_buf2,

np- >par aneter, i);
mencpy(o_buf 2, np->resul t,
si zeof (map_out _t));
}
free( i_buf );
free( o_buf ); free( o_buf2);

}
3.3. Hardware Translation

The next phase is to translate the above code to the tar-
get hardware, this being simplified because the functions
do not have side effects. Although translation is currently
done manually, we are working on a source-to-source com-
piler based on Trident [9] and a custom floating-point li-
brary to convert ANSI C to VHDL, thus avoiding the in-
efficient Handel-C HyperStreams library [10]. All current
implementation are based on Handel-C with hyperstream
library. If the functions have no dependencies, as is the
case for thegrexample, the resulting FPGA implementation
is fully pipelined, an output being produced every cycle

macro proc pi_map( Qutput, X, Y, Domain ) {
HS_SI NGLE(One); HS_SI NGLE( X2) ;
HS_SI NGLE(Y2); HS_SINGLE(R2);
HS_BOOL( R2Lt One) ;

par {
HsSyncConst ant (&0ne, 1.0);
[+ match latency of the 3 streans */
HsSync(3, { X, Y, & ne }, Domain);
HsMul (X, X, &X2);
HsMul (Y, Y, &Y2);
HsAdd( &X2, &Y2, &R2);
HsLt (&R2, &One, &R2Lt One);

HsConvert ( &R2Lt One,

}
}

CQut put ) ;

macro proc
pi _reduce(l nput,
{ HsSunVar (| nput,

N, Qutput, Donain)
N, Sum Domain); }

Multiple map-reduce pipelines are instantiated on the
same FPGA in order to further increase parallelism. A
single core is first created and its resource utilization-mea
sured. The maximum number of cores that can fit on the
FPGA is then estimated and a new design generated. In
contrast to some other parallelisation schemes, this easur
that most of the resources on the FPGA are utilised.

3.4. GraphicsProcessing Unit

The NVIDIA Geforce 8 series GPUs contain multiple
SIMD processors. Each “multiprocessor” has 8 SIMD
processors, a small (16 kB) user programmable cache, an
instruction unit, register file and local memory. Using
NVIDIA's CUDA C-to-GPU compiler [11], GPU programs
can be written in a similar way to standard multithreaded C
programs.

Apart from minor differences in the SIMD model, host
to hardware data transfer, memory model and language
syntax, the CUDA code is analogous to a fixed hardware
pipeline in HyperStreams, while multithreading is analo-
gous to building multiple cores on an FPGA. As a result,
the methodology for translating the input, map and reduce
functions from C to HyperStreams or C to CUDA code
is similar, and the actual body of the map-reduce C de-
scriptions can be used directly in the GPU implementa-
tion. Again, the translation is currently performed manu-
ally. However, we are building a source-to-source compiler
based on CIL [12].

3.5. Scheduling

Parallel map-reduce operations are performed on het-
erogeneous processing units (either FPGA or GPU) in our
implementation. A POSIX pthreads-based multi-threaded
scheduler is employed, allowing us to make use of mul-
ticore processor technology. The software-based sched-
uler is responsible for data buffering, task execution and
load-balancing between computational threads. The com-
putational threads supply data to hardware processing unit
which can be an arbitrary mix of FPGA and GPU boards.

In the currentimplementation, the input data are first di-
vided by the scheduler into a number of temporary buffers.
This is done by calling the input function the appropri-
ate number of times to fill the buffers. This subtask data
is then streamed to each parallel processing unit which



performs the map-reduce operation and returns a reduced4.1. Dot Product

result. When a subtask is completed, the computational
thread will reduce its output with previous outputs and as-
sign a new subtask. This is repeated until the entire com-
putation has completed. A diagram illustrating this preces
is given in Figure 1. Dynamic subtask sizing in which fast
processing units get larger jobs is implements. This shows

considerable performance improvements since the 2 type

of hardware accelerator have significantly different perfo
mance.

Although the above is a clean model for hardware-
software partitioning, it may not result in the highest effi-
ciency. As an example, the input function is best generated
in hardware as its computation takes a significant fraction
of total execution time, and sending a large amount of data
from a software-based input function to a hardware-based
map-reduce function is a bottleneck. A solution is an op-
timisation in which the input function is merged with the
map function as shown below.

voi d

pi _fastmap(map_out t *out, map_paramt =*p) {
float a = Tausworthe_Rand();
float b = Tausworthe_Rand();
*out = (a*a + bxb) > 1.0 ? 0 : 1;

}

In order to use this new function, it must be called an ap-
propriate (possibly infinite as the input could be a stream of
data) number of times. This is done with an internal func-
tion supplied in the library calledange() , a special type
of input function. In hardware,ange() is implemented
using a counter that feeds directlygo _f ast map() . The
initial and final values of this counter are all that needs
be transferred from the host to the processing unit. Fur-
thermore, in contrast to arbitrary loops, the semantics of
range() are easy to understand so the scheduler can di-

vide ranges into subranges and execute them in parallel.

This is not possible for general input functions which often

have side effects as they may need to read files, analogue-

to-digital converters etc.

4. Benchmarks

To demonstrate the applicability of our map-reduce

framework, five examples have been constructed. Each ex-

ample is presented in detail in this section. It should be
noted that in our implementations of tlie European op-
tion and N-body benchmarks, for very large numbers of it-

erations, inaccurate results are returned. This is because

relatively small numbers are added to very large accumu-
lated sums resulting in numerical errors. Using an algo-
rithm such as the Kahan summation algorithm [13] greatly
improves the accuracy.

Dot productis a primitive in many signal processing and
linear algebra applications including filters, transforamnsl
regression. In our map-reduce implementation, we perform
the multiplications in the map function and additions in the
reduce function.

c="> abj
|

We note that we can express matrix-vector and matrix-
matrix products in terms of the dot product by simply
changing the data types of the records and operators. For
example, in a matrix-vector produany), the records are
the rows ofm and each record is mapped by a dot product
(Equation 10) withw.

For a hardware-based implementation of dot product,
the 1/0 overheads are expected to far exceed any compu-
tational advantages of a parallel datapath. Hence we made
another implementation which reduces the I/O by using
random input data which is generated in hardware.

(10)

4.2. tComputation

Monte Carlo simulation is used to approximate the value
of mmas presented in section 2. The implementation of the
map function in this example includes a call to the Taus-
worthe RNG algorithm and theange() input function
is used. FolN paths, the output of the map function is a
stream of binary values {0,1}. The reduce function is ad-
dition andrris computed by multiplying the reduced value
by 4/N on the host computer.

4.3. European Option

The Monte Carlo simulation of a Black Scholes options
pricing model for a European call option [14, 15] is com-
puted via Monte Carlo simulation. This benchmark is very
similar to therr example and is described by the following
pseudocode:

europt () {
for k=1 to N {

PriceVary = exp (Mean + SD * GRNX));
MyPrice = Price x PriceVary,;
Profit = MyPrice - Strike;
if (Profit > 0)
Payof f Sum = Payof f Sum + Profit;

}
return Payoff Sum

}

whereGRNG()is a function call to a Gaussian random
number generator (GRNG) implemented using the Box
Muller method [16]. In this example, the map function in-
cludes the GRNG and the calculationfrfof i t and im-
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Figure 1. lllustration of the operation of the scheduler.
plements a single path in the simulation. As for theom- key if the search was successful, zero otherwise. Each map
putation, the ange() input function is used. The output  function performs a key scheduling process and generates a
of the map function is the computed valueRyfof i t in stream which is compared to the know sequence. The map

which negative values are replaced by zero. The reduce function is shown below, all operations being byte opera-
function sums the outputs of the map function. The pseu- tions:
docode for the corresponding mapreduce implementation is

given below. for all keys in assigned search space {
euro_fastmap(out, param { /* key initialisation */
in = GRNG(): for i=0 to 255 state[i] = i;
PriceVary = exp(param Mean + )
param SD * in); /+ key scheduling */
out = paramPrice * PriceVary - ] = 0
param Stri ke; fO_r I=0_to 255_{ .
} j = (1 + key[i] + state[i]);
swap state[i] stage[j];
euro_reduce(result, in, param { }
if (in>0)
result = result + in; /* stream phase */
} i =0, ] =0
for k=0 to TXT_LENGTH 1 {
4.4. RC4Key Search =1+
c & ¢ j =] + state[il];

swap state[i] state[]];
t = state[i] + state[j];
ctxt[k] = state[t];

Our map-reduce framework is also used to parallelise a
known plaintext attack of a 16-byte message using the RC4
cipher [17]. The possible key space of the 40-bit password
is divided into blocks with a starting key. The map function
input is an index indicating the position to start the search ~ /+ conpare to known sequence */
and implemented usingange() . The outputis 1 and the if ctxt == KNOWN_SEQ



return {1, key};
el se
return {0, NULL};

This problem differs from the others in that it contains
loops with dependencies. As a result, a lower degree of
pipelining can be achieved. The reduce function, imple-
mented on the host, checks the return value and outputs the
correct key if found.

4.5. N-body Problem

In this example, our map-reduce framework was applied
to the n-body simulation which traces the trajectory in time
of n particles under gravitation force [18]. In our imple-
mentationn = 16384 and initialisation of the particles was
randomly generated using the Tausworthe RNG. Input to
the map function are the current information for thearti-
cles (passed in thepar ampointer) and the particle index
to be computed. The output is its acceleration. Hence for
each particle, acceleration is computed as follows:

3= 2™
and the new state for each particle is computed in the
reduce function:

31—12 (11)

Vi Vi +a,-At

X; —|—VJ'A'[

X

whereg;, vj andx; are the acceleration, velocity and
position vectors for particlg respectivelym; is its mass
andAt is a constant timestep.

5. Results

This section describes results obtained running the
benchmarks described in the previous section. C source
code is compiled with gcc 4.1.1 (-O3 optimisation) and
used as a baseline for comparison. All FPGA implementa-
tions are compiled using Celoxica Handel-C DK5 and im-
plemented using Xilinx ISE9.2i. GPU implementations are
compiled using CUDA toolkit 1.1.

All tests are run on a personal computer (PC) equipped
with a 2.4 GHz Intel Core 2 Duo E6600 central process-
ing unit (CPU) and 2 GB of main memory running Linux.

A Celoxica RC2000-Pro board (with a Xilinx Virtex 1l Pro
XC2VP100-5 device) and an NVIDIA Geforce 8800GTX
GPU are connected to the PC. The 8800GTX has 16 mul-
tiprocessors and has a total of 128 processing units. The
GPU driver version is 169.04.1n all GPU implementations,

1.0E+03

FPGA BGPU

1.0E+02

o
s
% 10E+01

a
@

1.0E+00

1.0E-01
Dot Product

Figure 2. Monte Carlo 1T computation speedup.

4096 threads are used, although results are not sensitive to
this parameter.

The benchmark programs are implemented using the
map-reduce methodology and library. This results in de-
scriptions which are concise and a large amount of code
reuse.

5.1. Multiple Pipelines

Figure 2 shows the speedup of threbenchmark com-
pared with the CPU-based software implementation, for
different numbers of simulation paths (iterations). The
CPU implementation is not multithreaded so only a sin-
gle core is used. For small numbers of paths, no speedup
is achieved as the overhead of initialising and transfgrrin
data to the FPGA/GPU card does not justify the amount
of computation to be performed. At 1 million paths, the
FPGA speedup is approximately linear with the number of
pipeline cores as expected. GPU initialisation has a higher
overhead than the FPGA (of the order of hundreds of mil-
liseconds) but for a large number of paths, its performance
is greater.

5.2. FPGA and GPU Comparison

FPGA and GPU implementations of the benchmarks
were created. FPGA implementation details are given in
Table 1 and the speedup in Figure 3, where speedup is
the maximum speedup observed over a number of different
problem sizes. In all cases, speedup increases with problem
size as this increases the ratio of computation that can be
performed in hardware compared with the initialisation and
transfer overheads. In general, higher maximum speedups
were observed for the GPU than the FPGA, especially for
large problem sizes.

As expected, the dot product does not show any speedup
over the CPU implementation as the overhead of transfer-
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Figure 3. Speedup of FPGA and GPU compared with the CPU.

European Option - Speedup

ring data to the FPGA or GPU card is very high. For the

random dot product case, there is essentially no 1/0O and

significant speedups are seen.
Due to the way iteration is handled in the translation pro-

cess described in Section 3.3, the FPGA-based N-body im-
plementation is not very efficient. The sum in Equation 11 § ==
is implemented as a loop and the rest as a parallel datapath

and is not fully pipelined. This results in relatively poor
performance compared with both the CPU and GPU. We ==
expect that a better pipelining scheme for the FPGA would
improve its performance by an order of magnitude. ew o e wm wem ww e e ww en e

For RC4, neither the GPU nor FPGA is able to achieve
a significant speedup. This is partly because the RC4 al- Figure 4. European option speedup.
gorithm runs extremely efficiently on the CPU, but also
surprising as we reported on a manually-optimised FPGA
implementation in 2002 which was able to achieve & 60 The speedup as a function of the problem size is shown
improvement over a CPU [17]. Our manual implementa- for the European option and the N-body problem respec-
tion was very compact which allowed 96 cores to be imple- tively in Figure 4 and Figure 5. In both cases, performance
mented on a single FPGA. In contrast, our Handel-C imple- improves with problem size as initialisation and transfer
mentation of the map function involved a direct translation overheads are amortised over a larger amount of compu-
from C, and only 5 cores could fit on a single FPGA; more- tation. For the European option, the FPGA implementation
over, more clock cycles per key are also required and it runs is faster than the GPU for less than 20 million paths. We
at a lower clock frequency. We hence believe that the poor note that in practical applications, one would not expect to
performance of the FPGA is due to Handel-C synthesising require more than this number of paths. Remarkably, the
a less than optimal implementation of the algorithm and speedup for the GPU only begins to saturate*apaths.
much better performance of a map-reduce implementation
is achievable. Similarly, the GPU implementation could be 5.3. Heter ogeneous Execution
better optimised for memory locality and thus performance.

The T and European option examples achieved signifi- We also performed a test in which the benchmark ex-
cant speedups. Both involve single precision floating point amples are executed on both the FPGA and GPU simulta-
computations and are fully pipelined, hence high degrees of neously. The problem size for some of the benchmarks is
parallelism achieved. reduced so that the FPGA and GPU speedup are similar in

Speedup




Benchmark| Cores| Speed Area | BRams Max
(MHz) | (Slices) Speedupx)
DotProd 8 32| 14542 32 7.3e-05
DotProd 16 40 | 44094 16 12.1
(random)
T 1 34 3398 16 1.8
T 2 35 5961 16 3.5
T 4 34| 11189 16 6.6
T 8 32 21449 16 12.5
T 16 32| 41578 16 25.7
EuroOption 1 34| 23116 78 12.4
RC4 1 31 7478 16 0.1
RC4 2 31| 14226 16 0.2
RC4 5 31| 34980 16 0.5
N-body 1 31| 26098 435 1.6

Table 1. FPGA implementation and performance summary.

Nbody problem - Speedup

descriptions on heterogeneous FPGA/GPU-based custom
a FPGA Accsleraton computing machines.

07|~ GeU Acoraton Map-reduce restricts the programming model to some
degree but offers the benefit that many difficult problems
associated with the design and portability of systems can
be greatly simplified. Excellent performance is achieved
5 through parallelism due to pipelining of the operators,mul
tiple cores and multiple GPU and FPGA processing units.

We believe that there is much scope for further research
* in this area. Areas that we intend to study in the future
. Lo eveveemee include:

1.0E+00 1.0E+01 1.0E+02 1.0E+03 1.0E+04 1.0E+05
Number of particles

e Power consumption of FPGA and GPU-based imple-
Figure 5. N-body problem speedup. mentations.

e Optimising compilers to efficiently translate map-

value and the results are shown in Figure 6. It can be seen reduce functions directly to CUDA and Handel-C.

thatin cases where the FPGA and GPU performance is sim-

ilar, heterogeneous execution results in an overall sgeedu ) ) )

over a single processing unit. For the benchmarks in the ~ ® Improved implementations of the map-reduce library
figure with much higher GPU speedup than FPGA speedup, to support more generalised scheduling and map-

the combined performance is very close to the GPU perfor- reduce operations.
mance as the FPGA contributes little to the overall comput-
ing power. e Other applications as case studies, particularly in the

data-mining and scientific computing domains.

6. Conclusion
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