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1 Introduction

For many scientific and engineering applications tbhmputationalneeds are growindaster than the
capabilities of available compag hardware Due to the technological difulties in achieving higher

clock speed of modern microprocessomsntil recentlythe main performance improvement source
computational scientists are turning their attention to application hardware acceleragor®ng other,

as means teatisfythe required computationaheeds Supercomputer designers are also exploring the

use of computational accelerators and mygradigm hybrid architectures as methods to further
enhance performance. With AMD and Intel adding support for accelerates:generation high
performance computing (HPC) cyberresources will likely include such acceleration technologies as
integral parts of computer systems.

The impact of these hardware design trends on scientific applications and the investment required to
utilize these esources is not fully understood in the scientific computing community. Wiaile-
generationcomputing architectures offer gregtotential performance, the execution models, software
architectures, and development processes that are required to realize that potentieéntly differ
dramatically from exting computational architectures. These new architectures require different
methods fa application analysis, hardware selection, software development, application adaptation,
and performance optimization. Methods and practices for these new architectures are not well
developed and existing knowledge and experiences are fragmented acomwe$ groups of early
adopters. While numerous exemplary applications have been implemented on accelerator
architectures with varying successthe scientific computing community has yet to take a broad view
on the problem and to formulate formal procedurasd methods for application development when
considering accelerator technologies.

In this report we document an exploratory investigation to understand the impact of accelerator
technologies on scientific and engineering codes and to quantify the eféord requirements necessary

to implement these codes on the newly emerging accelerator technologies. We implement a commonly
used algorithm on several accelerator architectures and, in doing so, develop guidelinesipes that

other researchers can dapt when porting their own applications to similar accelerabased
architectures. The chosen accelerators are NVIDIA GPUs, IBM Cell Broadband Engine, and Nallatech
H101FPGAaccelerator, their characteristics alistedin Tablel. The chosen algorithm the two-point

angular correlation functiofTPACFas applied in the field of astronomyCorrelation analyses are a
common tool from the field of spatial statiss, and thereby impact a wide range of scientific disciplines.

The report is organized as follows. We first introduce the mathematics behind th@dimb angular
correlation function. We then briefly discuss its implementation on a conventional nnazegsor
followed by a detailed analysis and implementation descriptions for FPGA, GPU, and Cell architectures.
We conclude the report with an analysis of design methodologies for different accelerator architectures.



Processor type | # of | Frequency | Attached Attached memory| On-chip memory Peak
cores memory bandwidth GFLOPS
AMD Opteron | 2 2.4 GHz 4 GB DDR2 10.7 GB/s 2x1 MB (L2 cache) | 19.2 (DP)
dualcore 2216
IBM CellB.E. 9 3.2GHz 512MBXDR 25.6 GB/s 512KB (L2) + 8 x 230 (SP)
256 KB (SPELS) | 21(DP)
IBMPowerXCell| 9 3.2 GHz 8 GBDDR2 25.6 GB/s 512KB (L2) + 8 x 230 (SP)
8i 256 KB (SPE LS) 108.5(DP)
NVIDIAQuadro | 128 | 1.35GHz | 1.5 GB GDDR3| 76.8 GB/sec 16x 16 KB (ger 346 (SP)
FX 5600 multiprocessoy
NVIDIA GeForcg 240 | 1.3GHz 1 GBGDDR3 141.7GB/s 30x16 KB (ger 933(SP)
GTX 280 multiprocessoy 7738 (DP)
Xilinx Virtexd N/A | 200 MHz | 16 MB SRAM | 6.4 GB/sec 0.5 MB (BRAM) 6.4 (DP)
LX100 512 MB SDRAN 3.2 GB/sec 20 (SP)

Tablel. Characteristics gfrocessors and acceleratoused inthis study

2 Two-point angular correlation function

Correlation functions are used extensively within the astronomy community to characterize the
clustering of extragalactic objects. The twopoint correlation function encodes the frequency
distribution of separations between coordinate positions in a parameipace, as compared to
randomly distributed coordinate positions
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points, which we will denotdR@), can be calculated. Once such distributions are knowyf) gs
estimated as irf1):

w(g) = DD(g)- 2;;{(3% RRg) 1)

Naively, calculation ahe separation distributionsi{D, DR, RRor Np total points is an Q{>?) problem,

as it requires computing distances between all possible pairs of points in the data space. Additionally, as
the variance of each of the separation distributions diminishéh an increase in the number of points
sampled, using a random sample that istimes larger than the dataset, and then renormalizing by
dividing out by the factor of g is recommended. This guarantees that the finite size of the random
sample introdices a contribution to the variance that igtimes smaller than the contribution from the

data sample itself. To ensure the random points introduce fractional statistical imprecision compared to
the natural limitations of the data, the random samplai@ially constructed to containsal00 times as

many coordinate positions as the dataset.

Computing the distribution odll separations for a random sample that istimes larger than a dataset
increases calculation complexity by a factor gf nAs modem astronomical data sets can contain many
millions of positions, complexity can grow rapidly. One might therefore prefer to creatsigue
random samples of comparable size to the dataset, and then average the separation distributions over
these individial realizations, thus reducing the complexity introduced by sampling across the random
realizations to p Fortunately, statistical precision is not reduced by such an approach. Equation 1 can
then be written:

1= ®D(g)- 23 DR ()
wg)= T +1 )
a RR ()

i=0

where rris the number of sets of random points.

The source of computational complexity for the TPACF comes from computirgdia® RRg), and

DRg) histograms of angular separations, whigguires computing distances between all possible pairs

of points in the dataets Algorithms for computing histograms of angular separations are shiown
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angular separatiorng falls. Astronomical measurements are usually made in a spherical coordinate
system, with the coordinate positions expressed as RigiseAsion and Declination (i.e., latitude and
longitude) pairs. The separatiog, between any two positionp andqin such a coordinate system can

be determined by first converting the spherical coordinates to Cartesian coordinates, and computing

Gg=arcoosd) =arcoosl, X, +YpYq +ZpZ;) (3

The binning schema implemented by astronomers is typically logarithmic, as clustering patterns can be
important in extragalactic astronomy across a wide range of angular scales. Each decade of angle in the
logarithmic space is divided equally betwemrbins, meaning that there are equallylogarithmically

spaced bins between, for example, 0.01 and 0.1 arcminutes. The bin edges are then defiitdd, by
where p=k = 1> n =~ M and the bin number for angular separatigncan be found by projecting
logarthm of gonto an interval of integer values, from 0 ko, that define biis with boundariesL0”™:

bircinfmlo g,q- 104, )] (4)



where gnin is the smallest angular separation that can be measured\iiglthe total number of bins.

Algorithm 1:autocorrelation (DD and RR bin counts)

Input: 1) set ofCartesian coordinates of points x, .., %, on the celestial sphere; 2) for each poiptiackknife

sampl e n O lirenr whichlx ® semoved; 3) set d¥l bins given by their boundariesg] ¢), [q1, @), .,
-1 )

O[léﬁﬂput?%r each bin in every jackknife sample, the number of unique pairs of poing for which the angula

separatiorg(x;,x;) is in the respective bin;

1. fori=1,...,N-1do

2 for j=+1,...,Ndo
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4, for k=1,...,.Kdo

5 if st kdo BKJH' BKJ +1

Figure2. Autocorrelation algorithm

Algorithm 2: crosgorrelation (DR bin counts)

Input: 1) 2 sets of Cartesian coordinated\gpoints X%, .., xy and y;, .., W on the celestial sphere; 2) for each pqint
X, Jjackkni fe s;@mnipflorawhich ysbremoved; 8) S d¥l bins given by their boundariesg|
ql)l [qll QZ)I T [QM-L q\ﬂ)l

Output: for each bin in every jackknife sample, the number of unique pairs of pointg for which the angula
separationgy(x;,y;) is in the respective bin;

1. fori=1,....Ndo

2 forj=1,...Ndo
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4, for k=1,...,Kdo

5 if st kdo BKJH' BKJ +1

Figure3. Crosscorrelation algorithm

Theoretically, each possible angular separation lies in a unique binpghdgan thus be uniquely
determined for any distribution of points.Angular coordinates, however, as measureg imodern
astronomical surveys, are typically precise to ~0.1 arcseconds. The definitions of the bin edges are
absolute; but theg values have some buiih tolerance. Expressingvalues to different numbers of
decimal places, therefore, can cause separs to drift between bins, affecting an estimate of( ,g )

but not rendering that estimate incorrectAny differences in the estimates o ( ¢hat are introduced

by imprecision in measured coordinates are, in most instances, completely undetectable, as variations in
the random samples used to estimdldR@g AndRRE Will usuallydominate this numerical imprecision.

Note that the binning schemdescribed above requires the calculation atcosand log functions,
which are computationally expensiveln practice other algorithms can be used. &ed on the
observation that if only a small number of bins are required, a faster approach is taciptbge bin
edgestothe prd NOO2aAyS aR2{i LINRPRdzOG¢ aLJ} OS FyR &SI NODK A
The values of bin edges”™> OF'y 65 O2y@SNISR (2 (KS aR20G LINERdAzO

binedge , = cos(10' °# ™) p=0,.. M (5)



Sincethe bin edges are ordered, an efficient binary search algorithm can be used to quickly locate the
corresponding bin in just Il steps. However, m case when a significant bias is present with a
significant fraction of/alues falling into just a few birsd the end or the beginning of the bin range, the
binary search algorithm may be less efficient thastraightforwardsequential search.

Error estimates for twepoint angular correlation function can be computed usiagkknie re-sampling
technique in vinich correlation values arsystematically recomped leaving out one observatioat a
time from the sample set.In practice this is implemented by labeling each observed object with the
sample numbersz sMKrom which it is removed and updating ortlyose histograms of angular
separatiors, DO(g) andDRg), that do not contain points from sampte Thus,Kindependent estimates

of . (g) are computed andheir variance provides a robust error estimate for the TPACF.

3 Conventional processor implementation

Computing histograms of angular separatio3D@), RR§), and DR for some number of jackknife
samples is implemented in the C programming language as a shotvigure5. The kernel, called
doHistogram , is invoked with two datasetslatal anddata2 , each consisting afl andn2 points,
respectivelynbins bin boundaries stored ibinb array, and the number of jackknife samples used,
njk - 1. As its output, this function computegk histograms that are stored atata_bins , which
are updated with theangular separations for the points frodatal anddata2 . Separate arrays are
used forDD@), RR§), andDR@) histograms. When the subroutine is called to compDi(@) or RR)
histograms,doSelf flag is set to 1, indicating that only one dataset ispigal and the amount of
calculations can be cut in half. The kernel is first invoked to compt@) histograms and then is
invoked 2ni times to computeRR) and DRE) histograms for g datasets with random data. Finally,
Equation2 is applied to compie w(g).

In the reference C implementation the twc percentage
algorithms presented in Section 2 ar

merged into a single C subroutine the
executes either in autoor crosscorrelation
fashion depending on the input parameters
We also compared three differen
approahes to compute bin mapping: direc ' " I
formula that involves computingrccosand e e e

log functions, binary search, and sequenti
waterfall search that starts from one end o
the bin boundaries and sequentially test
them until the rightbin is found. We found Figure4. A typical histogram distributioshows a significant

that the direct formula is the slowesl bias in bin counts for large angular separations.

whereas the waterfall search is the fastes..

Given the nature of the binned separations, this result is not surprising as there is a significant skew in
bin counts towards larger angular separatioffiSgure4). As a result a waterfall search on average
requires less thailog,M comparisons, as in the binary search, to find the correct bin.
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Our reference C implementation is compiled with Intel C piben andi fast optimization level. Care
is taken to optimize the code for best performance. For reference, we provide an example run of the
application. The dataset and random samples we use to calculatepoint angular correlationn this



work are tie sample of photometrically classified quasars and the random catalogs first analyéad by
(Figure6a). We use 100andom samplesng=100). The dataset and each of the random realizations
consist 0f97,178 points Nr=97,178). A binning schema with five bins per decade=5), g.=0.01
arcminutes, andj,,,=10000 arcminutes. Thus, angular separations are spaeaass 6 decades of scale
and require 30 bins (M=30krrors are estimated by removing 10% of point from the dataset and re
computing statistics 10 timegigure6éb). It takes over 13 hours to execute the code on a single 2.4 GHz
AMD processor.

01 void doHistogram(struct cartesian *datal, int nl1, struct cartesian *data2, int n2,

02 int doSelf, long long **data_hins, int nbins, double *binb, int njk)

03 {

04 if (doSelf) { n2 = nl; data2 = datal; } // setup pointers for Self - compute mode
05 for (i=0; i<((doSelf)?n1 -1nd); i++) { /] loop over points in the first dataset

06  double xi=datal[i].x; double yi=datail[il.y; // retrieve point from

07 double zi=datal[i].z; int jk=datal[i].jk; // first dataset to registers

08 for (j=((doSelf)?i+1:0); j<n2; j++) { // loop over points in the 2nd dataset

09 double dot=xi*data2[j].x+yi*data2[j].y+zi*data2[j].z; // computed otP
10 int indx, k=nbins; 1l find bin it belongs to

11 if (dot>=binb[0]) indx = O; 1 eliminate those outside of the range

12 else { while (dot > binb[k]) k - 5 indx=k+1;} [/ sequenti al search
13 for (I = 0; I < njk; I++) if (I I= jk) data_bins[l][indx] +=1; // update
14 3

15

16}

Figureb. The C implementation of the kernel that computes histograms of angular separations.
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Figure6. a) Dataset. b) Two-point angular correlation function.

4 FPGA implementation

Our FPGA implementation of the TPACF is designed to run on the NallatecRPEIROEPGA accelerator
board. The Nallatech H1GRCIX FPGA accelerator board used in this study includes a Xilinx4Virtex



LX100 FPGA chip, 16 MB SRAM, and 512 MB SOHRAIeT) (3). The card connects with the host

system via a 133 MHz PXlinterface. 2 S dzaS bl ff I 6SOKQa TFASt R dzLJANI R
(FUSE) AR4) to interface with the card, and we delop applications for thaccelerator card using the

DIMEtalk application development environment

(5). To describe the connectivity of variou 4MB 4MB

hardware modules used by the application, sut DDR2 SSRAM || DDR2 SSRAM

as PGK interface and ofthip memory banks, we g g

dzaS 5La9ilf1Qa ySisg2N . . .8 Ct D!
design is implemented as a DIMEtalk netwo 5125%isf§R2 2N silink Virtex -4 §~i§

module using DIME progamming language. The yun LX 100 — ”N’Ti

translation from DIMEC source code to VHDL | Pigt*effggzt 1GBIs EE

performed by Nallatech's DIME C to VHDL 2 2

Function Generator. DIMEtalk System Desi < &

generates VHDL code and user constraints fi 4MB 4MB

DDR2 SSRAM | | DDR2 SSRAM

from the DIMEtalk network. Finally, the Xilin
Integraed Software Environment (ISE)6)
synthesized and implemented the design for tr
FPGA.

Figure?. Nallatech HLOPCIX FPGA accelerator boar:
architecture.

4.1 Suitability of the Nallatech H101 for the TPACF

We first analyze the suitability of the H101 accelerator for implementing thapetational kernels
presented in Section 2. We apply tiRCamenability test(RAT)(7), which consists of thregarts
throughput, numerical precision, and resourcesage The RAT produces an estimate of expected
speedup, if any, and may give aarlyindication if the kernel will not fit on the FPGA.

4.1.1 Throughput

Ly GKS w!¢xX |y FLLIAOFGA2Y QA LINBRAOUGSR-FPGKS NF 2 NI |
communication time and theFEGA kernel execution time, ignoring the time required for reconfiguration

and setup. A very basic algorithm description is needed to apply the RAT throughput test. We present

the algorithm and system parameters necessary to compute the throughptabie 2, while the

computed throughput parameters are shownTable3.

Application dataset parametersWe consider a specific case in which the algorithms presented in
Section 2 are executed once on a dataset consisting of 32,768 points. The autocorrelation algorithm
(Algl in tables below) requires one such dataset, whereas the eros®lation algorithm Alg2
requires two such datasets. Thus the number of input elemeaWis.£nis iNput inTable2) for these two
algorithms are 32,768 and 65,536 respectively. Each element is described by its three Cartesian
O22NRAYIGSa IyR o6& I ydzvYoSNI KFd aLISOAFASA GKS S
general case in which the Casian coordinates are stored as douipleecision (64bit) floating-point
numbers and the jackknife sample number is stored as-biihteger. Thus, each element requires 32
bytes of storage spaceNyeseciemen: iNPUt). We assume that 32 bins and Hekknife samples are
required, which are typical values, resulting in 320 output elemeNig fns OUtput), which are 64it

integer numbers Nbyieselement OUtPUL). We assume that bin boundaries are-pmemputed and stored in

0§KS Ct D! Qa erolyadiphidiobdtioeFBGA kernel initialization.

Hardware communication parametersthe Nallatech H101 card is connected to the host system via a
133 MHz P&X bus that has a theoretical maximum bandwidth of 1 GBi®{ghputses). The faction



of idealthroughputthat isperforming useful communicatian® LJ- NI YSGSNA T2 NJ NBI R
terminologyt is taken from(7) and is based on micdoenchmarkgrovidedby the RAT deslopers.

Kernel computation parametersin the crosscorrelation algorithm Alg2), each point from the first
dataset is evaluated against each point from the second dataset. Each such computation involves 3
multiplications, 2 additions, and lg82=5 comparison operations (when bin mapping is implemented as

a binary search), or 10x32,768 operations in total per single element from the first dal3s@decfen)-

For the autecorrelation caseAlgl), the number of calculations per element is cut gbly by a factor of

2. We assume that we will be able to place just one instance of each of the two algorithms on an FPGA
and that we will be able to fully pipeline the computations, thus, we expect to perform 10 operations
per cycle throughput,.), whie running our FPGA design at 100 MHg.§, which is a conservative
assumption for an FPGA capable of running at 500 MHz.

Software implementation. Our most efficient software implementation of these two kernels using the
aforementioned input parameter on a 2.4 GHz AMD Opteron processor executes in 17.8 and 40.5
seconds foAlglandAlg2 respectively.

\ Algl \ Alg2

Application Dataset Parameters
Nelements INPUt elements 32,768 \ 65,536
Noytes/element iNpUt bytes/element 32
Nejements OUtput elements 320
Npytes/element OUtPUL bytes/element 8

Nallatech H101 Communication Parametéts

throughputgea MB/s 1,000
P write nfEhsm 0.147
P read nfFhsm 0.001

Kernel computatioparameters
Nops/element ops/element ~163,840 327,680
throughputec ops/cycle 10
felock MHz 100

Software Implementation Parameters

tsoft sec 17.8 40.5
Niter iterations 1

Table2. RC amenability test parameters.

Performanceprediction. Table3 contains performance predictions based e methodologyfrom (7)
using the algorithm and system parameters fr@iable2. As an example faxlgL

Tread= (32,768 elements x 32 bytes/element) / (0.147 x 1,000 Mbytesfsec)1 ®eataonas

Twite = (320 elements x 8 bytes/element) / (0.001 x 1,0 Mi S&ak aSO0 F nonno &aS02YyRa

Teomm= 0.007 seconds + 0.003 seconds = 0.01 seconds

Tompl Oo0oHZTcy StSYSyida P mcoXZynno k o6mnn all P mn 2LHEK
tR%B: 1 iteration x (0.0lexonds + 5.369 seconds) = 5.379 seconds

speedup=184a SO2yRa k pdoTp aSO2yRa F odHT

utilcommSBr' ndoanm 4502y R K ondnm a4502yRa b pdocedh a&S02yRAEAD



utilcompsBr' pPocd aSO2yRaA k 6ndanm &aSO2yRaA b podocdh aSO2yRAV
To summarize, the RAT throughptest indicates the algorithms are compub®und (tilcomp>>

Utilcomm) and that we should expect 33o 3.8x speedup when implementing the two algorithms on
the Nallatech H101 FPGA accelerator board.

Algl Alg2
tecomm (SEC) 0.01 0.017
teomp (SEC) 5.369 10.737
utilComnsB 0.0019 0.0016
utilcom%B 0.9981 0.9984
tR(-SB(sec) 5.379 10.754
speedup 3.3 3.8

Table3. RC amenability test predictions.

4.1.2 Numerical precision

Angular coordinates, as measured by modern astronoméce/eys, are typically precise to ~0.1
arcseconds. The difference between the two smallest bin edges, 0.01 and 0.1 arcminutes, when
02y @SNI SR (i 2™ NIhi Atweliel decinfalidigits (4@ bits of the mantissa) are sufficient to
provide the typtal required precision. DIME, however, does not support fixgabint arithmetic, while
performing calculations with singigrecision floatingpoint arithmetic will not be sufficient to cover
angular separations below 1 arcminute. Douplecision arithmdéc, which is supported by DIME on

H101 FPGA accelerators, will be sufficient. Thus, the numerical precision requirements of the algorithms
are within the capabilities of the hardware/softwareolkit.

4.1.3 Resources

We also evaluate the availability of badstPGA and system resources, such aboamnd and orchip

RAM, hardware multipliers, and random logic elements, which are necessary to implement the
algorithms. DIMEC uses IP cores generated by Xilinx CORE Gen@@htdtesource utilization for Xilinx

IP cores is provided by the vendor. Therefore, it is possible to estimate resource tsagdegree,
based on the operators count.

Memory. Storing 2 datasets consisting 3t,76832-byte values will require 2 MB of memory. (Datasets

that contain more thar32,768elements can be fragmented into smaller segments and computations
can be executed using these smaller segments, one at a time.) The Nallatech H101 accelerator board
contairs 4 SRAMbanks, which are each 4 MB. Thus, we have a sufficient amount of thehipff
memory for the input data. StoringP08-byte elements with the computed bin counts requires ~2.5 KB

of memory. The Virted LX100 FPGA contaias320 Kb of blockRAM thus all bin counts fit in the
Ctb!'Qa .w!ao

Hardware multipliers. The Virtex4 LX100 FPGA containsX@8emeDSRlices also referred to as DSP48

by Xilinx ISE tools. Nine such slices are required to implement a duaaoision floatingpoint
multiplier (9) and our kernels only require 3 such multipliers. Thus, 27 DSP48 blocks are required, which
is within the FPGA limits.



Random logic elementsThe Virtex4 LX100 FPGA contains 49,152 slices of random IBgich double
precision floatingpoint multiplication operator requires 693 random logic slices in addition to the DSP48
slices(9). Likewise, each doublerecision addition operator requires 821 random logiceslicThus,
implementing a dot product will require 3,721 slices of random logic. Storing 32 bin boundaries in
distributed RAM made of random logic will require 256 slices, and a dguétésion comparison
operator requires 77 slice6lO), therefore, a fully unrolled binary search tree for 32 elements will
require 2310 slices (i.e., 30 * 77). Finally, we estimate that théi82nteger comparison operators
used in bin update loop will require 46 slices, or 486es in total. As a result, our total slice count is
estimated to be 6,747. Of course, there are other parts of the algorithm that have not been taken into
account, such as loop constructs, but estimating random logic usage beyond this point wittemitiah
implementation becomes very difficult. We conclude, however, that our random logic utilization is
within the FPGA limits.

After applying the RC amenability test, we conclude that the kernels will ruf.8.8mes faster on the
Nallatech H101 FPG#ccelerator board as compared to our microprocessor kernel implementation
running on a 2.4 GHxMD Opteron processor. We also conclude that there are sufficient resoumces
the Virtex4 LX100 chip to implemetite kernels.

4.2 Implementation

4.2.1 FPGA algorithm parallelization strategy

When estimating the kernel throughput in Section 3.1, we assumed that the FPGA implementation of
the kernel would be fully pipelined. This requires that the two outer loops (lines 1 and 2 in the
algorithms from Section 2) are mexg into a single loop and the two internal loops (binary or waterfall
search, line 3 in the algorithms, and bin update for the jackknife samples, lines 4 and 5 in the algorithms)
are fully unrolled. (We excluded the direct bin mapping formula from the sileration for FPGA
implementation due to the excessive FPGA resources required to impleanecdsand log functions

for doubleprecision numerical types.)

Unrolling bin mapping loop. The DIMEC compiler does not unroll loops automatically; therefore, we
manually unroll them. When fully unrollethe binary search requires one comparison operation less
than the waterfall search, thus saving FPGA resources. It does, however, result in a more complex code
since it involves nested-else statements. An nrolled binary search code is also more difficult to
modify when a different number of bins are needed. Nevertheless, we stick with the more conservative
approach and implement an unrolled binary search algorithm for the case of 32 bins.

Unrolling bin update loop. Once the bin number is found, we must increment the bin counts foiktthe
jackknife samples by 1 (lines 4 and 5 in the algorithms presented in Section 2). In the reference C
implementation, this is done usingfar loop, which needs to be unied in order to be used inside a
pipelined FPGA design. We manually unroll this loop for 10 jackknife samples. Also, since we store bin
values in BRAM, updating them involves reading a value, incrementing it by one, and storing it back to
BRAM. This pross requires 3 clock cycles to complete, thus presentirgadafter-write BRAM hazard

for the case when the same bin needs to be updated consecutively. In order to avoid this hazard
condition, we allocate three bin arrays instead of one, amdltiplex betveenthem in the pipelined

loop. The drawback to this approach, however, is we have increased BRAM usage by a factor of 3 and
increased the complexity of the FPGA design.

The obvious drawback of manual loop unrolling is the loss of generality as weddgdhe number of
bins and jackknife samples used in the FPGA design.
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Innermost loop pipelining.Since we manually unrolled the two innermost loops, the next innermost
loop (thej for loop shown in line 2 of the algorithms) is pipelined by the DB®AEomgder with the
execution rate of one clock cycle per loop iteration as long as we can ensure no more than one read
from each of four ofichip memory banks inside that loop.

Fusing nested loopsThe execution time of the FPGA implementation of the cozsselation algorithm

in which the innermost loop is fully pipelined equals M((N+R,) clock cycles where M is the number

of iterations in the outer loop, N is the number of iterations in the inner (pipelined) loQps Ehe
pipelined loop depth, and\Pis the overhead of the outer loop. It can be reduced to MN+HR) clock
cycles when fusing the two loops and pipelining the resulting single loop. Fusing loops in the cross
correlation algorithm is straightforward. However, fusing loops in the @otoelaion algorithm is not
possible within the language constructs supported by the DOViE&mpiler because of the dependency

of the number of loop iterations in the inner loop on the number of loop iterations in the outer loop.
We decided not to fuse the logpfor the crossorrelation algorithm as well, thus paying an M{R,)

clock cycles penalty, but allowing us to provide a single FPGA implementation of both algorithms,
analogous to the reference C implementation. The advantage of this approach is ehatiitates the

need to reload FPGA bit files during the execution of the application as anotb crosscorrelation
calculations are performed sequentially.

4.2.2 Data storage strategy
Ensuring innermost loop pipelining requires that there is

more than one read access to each of thedffp SRAM banks SRAN1 SRAMS

per loop iteration (Note that double data rates are supporter @ X Y1 a !El

on H101, but our kernel implementation is not designed § );f );f §§ sz

take advantge of it.) This is easy to accomplish by stori X1 1 z S
points from one dataset across all four SRAM memory bank M % 5 } g
coordinates are stored in one bank, y coordinates are storec ©
another bank, and so on. Points from another dataset ¢ SRAM2 SRAM4

stored in the same SRAB&NKs, as shown iRigure8. They are
only accessed from the outer loop and therefdineir readsdo
not interfere with the pipelining of the innermost loop.

Figure8. The SRAM input data storage
model.

4.2.3 DIMEtalk network design

Implementing applications in the DIMEtalk/DINMEenvironment consists of two main steps: DIMEtalk
network design and DIME kernel implementation. The DIMEtalk network, showRigure9, defines

the connectivity between different modules that are used in the application. One such module is the
DIMEC component that represents the actual kernel. Other modules arehiff SRAMs, the R&lhost
interface, a clock signal generator, routeasid a memory map module. The SRAM ports in the BIME
design do not connect directly to the SRAM, instead timégrface withit through a DDRI bridge. All
these additional modules are supplied by Nallatech.
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4.2.4 DIME-C implementation R P et om0 75

The DIMEC implementationfor our algorithms O

is shown inFigure10. A special keywordram, =81 | |
is used to indicate thatreays X, y, z, and jk are
stored in SRAMin doubleprecision floating
point format). We declare memory to store
65,536 points per each SRAM bank, or up
32,768 elements per dataset. The module al
expects several other parameters, such as t
actual number of points in each dataset, the
number of bins and jackknife samples, and a fl
indicating the mode of operation (autoor
crosscorrelation).

:;lf

[ELY

;;???

One of SRAMs is used to transfer computed |
counts. Compiler limitations require this SRA
declared inthe same way as the rest of the
memory banks, e.g., aouble even though the
bin count results are stored internally in BRAw
as 64bit integers. The same SRAM bank is used to transfer the bin boundaries to the kernel that are
theninternally copied taistributed memory, and to transfer computed bin counts to the host.

Figure9. The DMEtalk network design.

The DIMEC module execution starts by copying bin boundaries from the SRAM bank referred to as BINV
in the function prototype, and zeroing the BRAM used to store computed bin countg, thhexnhested

loops are implemented following the FPGA algorithm parallelization strategy described previously.
Finally, the bin counts stored in the three separate BRAM arrays are added together and copied to the
SRAM bank for final transfer to the haststem.

01 #define NBINS 32

02 #define NJK 10

03 #define N1 32768

04 #define N2 32768

05 #define N1pN2 65536

06

07 void cross_correlation(sram double X1[N1pNZ2], sram double X2[N1pNZ2], sram double Y1[N1pN2],

08 sram double Y2[N1pNZ2], sram double Z1[N1pNZ2], sram double Z2[N1pNZ2], sram double JK[N1pN2],
09 sram double BINV[N1pNZ2], int n1, int n2, int nb, int njk, int doSelf)

10 {

11 inti,j, k, jk, offset, indx, nbl, nb2, i_end, j_start, val,

12 double x1, y1, z1, X2, y2, z2, dot;

13 double binb00, binb01, binb02, binb03, binb04, binb05, binb06, binb07, binb08, binb09, binb10, binb11;
14 double binb12, binb13, binb14, binb15, binb16, binb17, binb18, binb19, binb20, binb21, binb22, binb23;
15 double binb24, binb25, binb26, binb27, binb28, binb29, binb30; // NBINS

16 int binvl_OO[NBINS], binv2_00[NBINS], binv3_00[NBINS], binv4_00[NBINS]; // NJK

17 int binvl_O1[NBINS], binv2_01[NBINS], binv3_01[NBINS], binv4d_01[NBINS];

26 int binvl_10[NBINS], binv2_10[NBINS], binv3_10[NBINS], binv4_10[NBINS];

27 int bin_bank, valo, vall, val2, val3, val4, val5, val6, val7, val8, val9, vall0;

28

29 nbl=nb+1; nb2=nb+2; //make alocal copy of bin boundaries

30 for (i=0;i<nbl;i++){ // copy bin boundaries

31 binb00 = binb01; binb01 = binb02; binb02 = binb03; binb03 = binb04; binb04 = binb05; binb05 = binb06;
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35 binb24 = binb25; binb25 = binb26; binb26 = binb27; binb27 = binb28; binb28 = binb29; binb29 = binb30;
36 binb30 = BINV[n1 + iJ;

37 }

38 for (i=0;i<nb2;i++){ // clear BRAM for bin counts

39 binvl_00[i] = 0; binv2_00[i] = 0; binv3_00][i] = 0; binv4_00][i] = 0;

é

49 binvl_10[i] = 0; binv2_10][i] = 0; binv3_10[i] = 0; binv4_10[i] = 0;
50 }

51 if (doSelf)i_end =nl1-1; elsei_end = nl;

52

53 for(i=0;i<i_end;i++){ /l'loop thru one dataset
54 x1 = X1[i]; y1 = Y1[i]; z1 = Z1]i]; jk = (int)IK]i];
55 if (doSelf) j_start = i+1; else j_start = 0;

56 for (j = j_start; j < n2; j++) { I loop thru second dataset

57 if (doSelf) offset = j; else offset = n1 + j;

58 x2 = X2[offset]; y2 = Y2[offset]; z2 = Z2[offset];

59 dot=x1*x2 +yl*y2+2z1*z2; /I dot product

60 [/l unrolled binary search

61 if (dot < binb15) { if (dot < binb23) { if (dot < binb27) { if (dot < binb29) { if (dot < binb30) indx = 31;
62 else indx = 30; } else { if (dot < binb28) indx = 29; else indx = 28; } } else { if (dot < binb25) {

63 if (dot < binb26) indx = 27; else indx = 26; } else { if (dot < binb24) indx = 25; else indx =24; }}}
64 else { if (dot < binb19) { if (dot < binb21) { if (dot < binb22) indx = 23; else indx = 22; } else {

65 if (dot < binb20) indx = 21; else indx = 20; } } else {if (dot < binb17) { if (dot < binb18) indx = 19;

66 else indx = 18; } else { if (dot < binb16) indx = 17; else indx=16;}} }}

67 else { if (dot < binb07) { if (dot < binb11) { if (dot < binb13) { if (dot < binb14) indx = 15; else indx = 14, }

68 else { if (dot < binb12) indx = 13; else indx = 12; } } else { if (dot < binb09) { if (dot < binb10) indx = 11;

69 else indx = 10; } else { if (dot < binb08) indx = 9; else indx = 8; } } } else { if (dot < binb03) { if (dot < binb05) {

70 if (dot < binb06) indx = 7; else indx = 6; } else { if (dot < binb04) indx = 5; else indx = 4; } } else {
71 if (dot < binb01) { if (dot < binb02) indx = 3; else indx = 2; } else { if (dot < binb00) indx = 1; else indx = 0; }}}}
72

73 bin_bank =j % 4; // update bin values

74 if (jk '= 0) val0 = 1; else val0 = 0; // update corresponding bin for jk=0

75 if (bin_bank == 0) binv1_00[indx] = binv1l_00[indx] + valO;

76 else if (bin_bank == 1) binv2_00[indx] = binv2_00[indx] + valo;

77 else if (bin_bank == 2) binv3_00[indx] = binv3_00[indx] + valoO;

76 else binv4_00[indx] = binv4_00[indx] + valO;

é

127 }

128 }

129

130 for (i=0;i<nb2;i++) { // copy results back to SRAM

131 BINVIi] = (double)((binv1_00[i] + binv2_00][i]) + (binv3_00[i] + binv4_00[i]));

132 BINV[nb2+i] = (double)((binvl_01[i] + binv2_01[i]) + (binv3_01[i] + binv4_01[i]));
133 BINV[2*nb2+i] = (double)((binvl_02[i] + binv2_02[i]) + (binv3_02[i] + binv4_02[i]));
134 BINV[3*nb2+i] = (double)((binvl_03][i] + binv2_03[i]) + (binv3_03[i] + binv4_03[i]));
135 BINV[4*nb2+i] = (double)((binvl_04[i] + binv2_04[i]) + (binv3_04[i] + binv4_04[i]));
136 BINV[5*nb2+i] = (double)((binv1_05[i] + binv2_05[i]) + (binv3_05[i] + binv4_05[i]));
137 BINV[6*nb2+i] = (double)((binvl_06[i] + binv2_06[i]) + (binv3_06[i] + binv4_06[i]));
138 BINV[7*nb2+i] = (double)((binv1_07[i] + binv2_07[i]) + (binv3_07[i] + binv4_07[i]));
139 BINV[8*nb2+i] = (double)((binvl_08][i] + binv2_08]i]) + (binv3_08][i] + binv4_08]i]));
140 BINV[9*nb2+i] = (double)((binv1l_09][i] + binv2_09[i]) + (binv3_09][i] + binv4_09[i]));
141 BINV[10*nb2+i] = (double)((binvl_10[i] + binv2_10[i]) + (binv3_10[i] + binv4_10[i]));
142 }

143}

FigurelO. The DIMEC kernel implementation.

4.2.5 Compilation
bl tfl (S CrmatiorsAemedtor translates DH@Ecode to VHDL. It also reports slice resource
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utilization of 11,118 slices, which is about ¥ of the slices available on the LX100 FPGA. The DIMEtalk
network design shown ifigure9 itself requires on the order of 10,000 slices. Thus, we estimate that

our overall design will occupy ~21,000 slices, which is close to h#ié afices available in the LX100
FPGA (but is about 3 times as much as was in our initial estima®ection 4.1.8 Therefore, we
consider one more implementation in which wmartially unroll the innermost loopto perform two
calculationsper iteration. In this case, the DIME Function Generator reports slice utilization at 17,563

slices.

Once DIMEC is translated to VHDL, the DIMEtalk System Design tool is used to generate VHDL code and
user constraints files for the entire DIMEtalk network desigmj the Xilinx ISE is used to synthesize,
place, and route the design for the FPGPable4 presents the final resource utilization for these two
designs, which botimeet timing requirements for 100 MHz operational frequency.

Design 1 Design 2 Total available
DSP48s 36 63 96
RAMB16s 79 112 240
Slices 23,893 33,951 49,152

Table4. LX100 resources utilization reported by PAR.

4.2.6 Host interface

The host interfacavith the FPGA kernel is straightforward. We use the DIMEtalk API to initialize the
FPGA, configure it with the bit file, send das#art the execution of the design, poll the status of the
FPGAo find out when itis done, ad transfer the results back to the host system. The input data is
rearranged on the host system into 4 arrays. The DIMETalk_Write subroutine is called 5 times: first to
send an array containing input parameters such as the number of data points in éasletdand next

to transfer the four arrays that contain the actual input datasets. Finally, the DIMETalk_Read subroutine
is called to transfer the computed bin counts from SRANhe host

4.3 Results and discussion

We first consider a dataset of 32,768 ebgd objects and 32,768 random objects, and calculate the
TPACF using 5 bins per decade of scale for angular separations from 0.01 to 10,000 arcminutes for 10

jackknife samples and the full sample itself.
execution time Tableb) for the two implementations.

We measure data transfer tifisdde) and design

Algl Alg2
Data in(bytes) 1,048,824 1,835,266
Data in(sec) 0.0048 0.0067
Data out(bytes) 2,816 2,816
Data out(sec) 0.000057 0.000046

Table5. Data transfer time.
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We compare data transfer times shownTiable5 with the predicted data transfer times shownTable

3. We observe that the actual transfer timesignificantly shorter than predicted. Our predictions were
based on micrdoenchmarks for Nallatech H101 accelerator reporte@7in Our own micrédoenchmarks
that match our aplication characteristics suggest that the fractioh ideal throughput performing
useful communicatioms much highern,,=0.219 and .,,~0.049. Thus, the lesson here is not to rely on
micro-benchmarks for probing hardware characteristics perfornbgdothers since they do not reflect
our application characteristics.

The measurements shown Fable6 & Ct D! RSaA3dy mé O2fdzYy | NB RANBOIGf
trgzandspeedupvalues fromTable3. Both measured autoorrelation (DD ifable6 andAlglin Table

3) and crossorrelation (DR inTable6 and Alg2 in Table3) values are within 1% of their estimated
values. The RR values Tiable 6 correspond to the auteorrelation algorithm Algl) in which no
jackknife resampling was used.

kernel CPU FPGA design 1 FPGA design 2
time speedup time speedup
DD(sec) 17.8 5.436 3.3 2.718 6.6x
RR(sec) 10.8 5.436 2.0x 2.718 4.0x
DR(sec) 40.5 10.816 3.8x 5.408 7.5%

Table6. Kernel execution time for 32K dataset.

Table7 presents the execution time for a dataset consisting of 97,178 objects. In this case, the FPGA
kernel is invoked multiple times with segments of data that do not exceed 32,768 points. llOvera
application speedup achieved with our second FPGA design is 6.7x as compared to the microprocessor
implementation.

kernel CPU FPGA design 1 FPGA design 2
Time speedup time speedup
DD,sec 153.5 47.3 3.3x 23.8 6.5x
RRsec 103.3 47.3 2.2x 23.8 4.3x
DR,sec 375.8 94.6 4x 47.5 7.9x
total, sec 632.6 189.2 3.3« 95.1 6.7x

Table7. Kernel execution time for 97K dataset.

To conclude, in spite of the incorrectly predicted data transfer time, the actual performance of the
kernels implemented on the Nallatech H101 FPGA accelerator board matches their predicted
performance. This, of course, would not have been the cake dlgorithms were 1/Goound instead of
computebound. However, our FPGA resources utilization predictions differ significantly from the actual
utilization. Based on the algorithm description, we estimated slices utilization at ~7,000. After
implementingthe algorithm in DIMEC, we updated our predictions to ~11,000 slices. After hardware
synthesis we found out that the design occupies ~24,000 slices, which is about 3.5 times more than we
predicted.
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5 GPU implementation

Our GPU implementation of TPACF v

designed to run on NVIDIA GPU%e basic | PClenterface }—){ Inputassembler }—){ Thread execution manager|
processing unitin NVIDIA GPUs, startin v {,

from G80 architecture,is the streaming TPC1 TPC 10
processor (SP), a fu||y pipe"ned, Siﬂgl | Geometry controller | | Geometry controller |
issue, irorder microprocessor complete | EiE | | SMC |
with two ALUs and an FPU. A group of SM sMm SM SM sm SM
SPs, 2 additional special function uni e e IS e (e IS
(SFUs) for transcendental operations, at
16kB of shared memory form a streamin 000
multiprocessor (SM). Each SM has a sn
instruction cache anda read only data
cache. A group o2 or 3 SMs with some R e i By e i R i i e i e
additional memory form texture/processot —_—) U = — L] L
cluster (TPC).Several sucltlusters form a eilllE Texture units
streaming processor array (SPA)As an Texture Ll Texture L1
example, GPUs used iBeForce GTX 28( I I

oo :
(11) have 240 SPs that run at 3.GHz 22Dl Mooy Ineroomned I
(Figure11). A 512bit interface to GDDR3 °° ROR L2

| |

2 [ror °
memory provides141.7 GB/s bandwidth
Programming for NVIDIA GPUs is done DRAM S
CUDA programming language using CU Figure11. NVIDIA GeFord8TX 28@PU architecture.
SDK(12).

5.1 Suitability of GPUs for TPACF

Computing the angular separation histograBid(g), DRg), andRR) for Np~100,000 points andxt100
random datasets is timeonsuming. As a specific example, it takes over 13 hours to run this code for
Np=97178 and gr100 on a single core of a 2.4 GHz AMD Opteron processor. Yet the problem is highly
parallelizable with substantial data reuse opportunities. In fact, each point isNisiaahes during each
invocation of the doHistogram kernel, and, furthermore, each paiof points can be treated
independently, allowing ®°) parallel calculations. Assuming that a grouplefL00 points can be pre
loaded and used\, times (\Ni<<\p) in the dot product calculationN,+3 load/store operations are
required per B\, floating-point operations, resulting in 8(+3)/SNF Mmdc o6& (i Sa LISNJ Ff 2L
precision. As, assuming doulgescision, this rate is comparable to the peak rate of ~1.8 bytes per flop
on NVIDIA GeForce GTX280GPU, we can potentially achieusstansial portion of the peak GPU
performance, at least for the dot product part of the kernel.

However, not all aspects of the TPACF lend themselves so easily to efficient GPU implementation. Most
significant among the difficulties inherent in a GPU enmntation of the TPACF is the creation of the
histograms, especially in lieu of the necessity of jackknifgarapling. Due to the low performance of
atomic memory operations on the NVIDIA G200 architecture (and theirermtence on the G80
architectue), the limited performance of scattered writes to global memory, and the limited amount of
shared memory available, an efficient histogram updating algorithm supporting an arbitrary number of
bins is infeasible. However, by restricting the number of binlse less than 64, which is a reasonable
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number for most astrophysical application, we can leverage the 64 bin GPU histogram algorithm
described in13), which achieves good performance.

The other significant ifficulty in computing angular separation histograms on the GPU is due to the
limited numerical precision of the NVIDIA G80 architecture. This has implications on two aspects of the
computation.  First, the singlerecision (32bit) floatingpoint arithmetic supported on the G80
architecture is not sufficient to represent angular separations below 1 arcminute, whereas in practice
we frequently need to perform the calculations down to 0.01 arcminute. Second, the unavailability of
64-bit integers on the G8@architecture complicates the bin accumulation as bin counts quickly overflow
32-bit storage, thereby requiring special code to prevent this overflow condition. Note that these two
issues are not present on the NVIDIA G200 architecture on which dptdalision (64bit) floating-point
arithmetic is supported. However, since the peak doytecision floatingpoint performance on the
G200 architecture is only about 1/42of the peak singlgrecision performance, it still may be
advantageous to use singteecision floatingpoint arithmetic even on G200 architecture.

5.2 TPACF CUDA implementation

Our GPU implementation of the original C subroutine showFfidgare5 consistsof two separate kernels.

One kernel, corresponding to linesl® of the code shown iRigureb, takes as input two sets of points

and writes histogram bin assignmerfts every pair of points to the GPU global memory. The second
kernel, corresponding to line 13 of code showrFigure5, constructs a histogram from the output of

the first kernel. These two kernels are repeatedly called in sequence on subsets of the data points and
random points to compute suhistograms, which are combined appropriately by the CPU into complete
DD(@), DR@), andRR) histograms.

To avoidoverflowing the 32bit integer storage used for bin counts, we divide the samples of points into
smaller subsets such that the product of the first input size and the second input size is les&than 2
thus overcoming the lack of @it integer supporton the G80 GPU architecture. In particular, in this
implementation we partition the datasets into subsets consisting of no more than 16,384 points. Since
each histogram bin assignment written to the GPU global memory by the first kernel requires I byte o
memory, the total amount of memory required to store the output of the first kernel is rather large and
an adjustment may need to be done to the data partitioning size to ensure that there is sufficient
memory on the GPU card. It may be necessary otiscaith less memory to reduce the input size, and

it may be advantageous on cards with more memory to increase the input size, keeping in mind the 32
bit integer limitation.

The principal reason for dividing the work between two GPU kernels rather thalermepting one
combined kernel is due to the jackknife-sampling algorithm, which will be discussed later. In short,
the combined kernel would need to support variable dataset sizes, which is easy enough to implement,
but would prevent the compiler fromnrolling the main loop, thereby causing a degraded performance.
Dividing work between two kernels has other advantages as well. We can take advantage of workload
balancing schemas appropriate for each individual kernel: the bin assignment kernel rar#bogrid of
thread blocks, whereas the histogram kernel runs on a 1D grid of thread blocks.

5.2.1 Bin assignment kernel

The first kernel computes and outputs bin assignments for every pair of points in the two input data
sets. It can be visualized as prodgcan2D grid of values in which each element of the grid corresponds
to one pair of points, as shown Figurel2. The computations on the grid are divided betweenckb

of threads where each thread block corresponds to a specifiegsidb The sulgrids are square to
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simplify taking advantage of the symmetry in tB®(g) and RR§) computations. For an NxN sigjoid
(N=128 in our implementation) a block will havehixetads. Each thread serially computes the histogram
bin assignment for N pairs and writes them to memory, packing four of them into a single 32 bit integer.
For this reason it is necessary that N be a multiple of 4. This arrangement allows all readstesd
involving global memory to be coalesced for maximum performance.

_ . device memory

Host memory r_.‘_.‘

128

dens

16K objects I

Blocks 128 threads

| ml E
| [ o] ] /)'
v gridDim x=128

[ v | v | I‘.ual

Work

il ,
cone

v2 | |vivz ks
single
| thread

grid Dim.y:

Figurel2 The mapping between data in the host memory, the data in the device memory, and the work
assignment between blocks of threads and threads irhddock.

The inputs to this kernel are given as two arrays of structs, which contain 3 flgmtingvalues and 1

integer value in case of the singheecision implementation and as two structs of pointers to arrays
containing floatingpoint values in cse of doubleprecision implementation. The integer is used to store

the jackknife assignment, although it is unused by this kernel. NVIDIA GPUs are capable of coalesced
memory reads only with strides of 4, 8, or 16 bytes, we must, therefore, make axivesipons to ensure

proper memory alignment. In particular, different memory data arrangements are used for-single
precision and doubkprecision floatingpoint versions of the kernel.Figure13 presents the double
precision floatingpoint implementation of the kernel used to calculatbR() histogram bin
assignments. The kernel for computiB® (@) and RR§) bin assignments is similar, but with additional
provisions made for taking advantage of symmetry, as described below.

Once a dot product is computed to determine an angle (line ZZdgarel3), a waterfall search is used

to determine the appropriate bin assignment. This operation is implemented as a manually unrolled
sequential search (lines Z3} in Figure13). This is obviously a performance bottleneck due to the
branch divergence. However, binary search amglicit bin computation methods described earlier
both proved to offer significantly worse performance given the natof this calculation.

Symmetry can be taken advantage of when compubidfg) and RR§). Doing so requires that one bin
out of the maximum 64 be reserved for elements that do not need to be computed. When taking
advantage of symmetry, each block determines whether it is above, below, or on the main diagonal of
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the grid. If it is above, gimply writes the reserved bin to each grid element for which it is responsible.

If it is below, it computes the bin assignments normally. If it is on the main diagonal, it is necessary to
add a check to determine whether or not a given pair shoulddmeputed. This adds another source of
branch divergence, but the performance gains offered by taking advantage of symmetry far outweigh
this pitfall.

01 _ global__ void binKernel(cartesian g_idatal, cartesian g_idata2, unsigned int *g_odata)

02 {

03 extern __shared__ double3 sdata[]; /I shared memory used to store vectors from g_idata2

04 double dotp; unsigned int indx4; double3 vecl, vec?2; [/l temporary variables

05 int tx = (blockldx.x<<7) + threadldx.x; /I tx is the "x position" in the grid

06 int by = (blockldx.y<<7); /I "y position" depends on i, this is just y block

07 vecl.x = g_idata2.x[tx]; /I each thread reads one vector from global to a register, its "assigned vector"

08 vecl.y=g_ idata2.y[tx]; // reads are coalesced, as cartesians are aligned properly and there are no conflicts
09 vecl.z=g_idata2.z[tx];

10 sdata[threadldx.x].x = g_idatal.x[by+threadldx.x]; // read one unique vector from global to shared per thread,
11 sdatafthreadldx.x].y = g_idatal.y[by+threadldx.x]; //the "shared vectors"

12 sdatafthreadldx.x].z = g_idatal.z[by+threadldx.x]; // reads are coalesced for the same reason

13 __ syncthreads(); /I ensure all reads are finished before using them for any calculations

14 by <<= (LOG2_GRID_SIZE - 2); by +=tx; /I compute address for packed data storage, needed later

15 #pragma unroll

16 for (inti=0; i<128; i+=4) { // Iterate through 128 vectors in sdata

17 indx4 = 0;

18 #pragma unroll

19 for (int j=0; j<4; j++) { // 4 vectors per 1 int output

20 vec2 = sdatali+j]; /I sdata broadcasts sdata[i+j] to all threads in a block to avoidbank conflicts
21 /I each thread computes the dot product of its assigned vector with every shared vector

22 dotp = vecl.x*vec2.x + vecl.y*vec2.y + vecl.z*vec2.z;

23 if (dotp < binbounds[30]) indx4 += (124<<(j<<3)); /I the jth byte of indx4 is always a multiple of four;
24 else if (dotp < binbounds[29]) indx4 += (120<<(j<<3)); // because of the histogram kernel,

25 else if (dotp < binbounds[28]) indx4 += (116<<(j<<3)); // this schema supports at most 64 bins,

26 else if (dotp < binbounds[27]) indx4 += (112<<(j<<3)); // and thus ignores the two least significant bits
€ kequential search loop is manually unrolled

52 else if (dotp < binbounds[1]) indx4 += (8<<(j<<3));

53 else if (dotp < binbounds|[0Q]) indx4 += (4<<(j<<3));

54 else indx4 += (0<<(j<<3));

55 }

56 g_odata[by+(i<<(LOG2_GRID_SIZE - 2))] = indx4; /I pack 4 bin indices into an unsigned int

57 }

58}

Figurel3. The source code of the doubfgecision kernel that computes bin assignments and stores them in
global memory.

5.2.2 Histogram kernel

The second kernel, which constructs a histogram from the bin assignment&rwiit the global
memory by the first kernel, is based on the NVIDIA whitepaper on GPU histograf®ind he source
code of the kernel is shown Figurel4. It employs a predefined number of threads per block and the
necessary number of blocks to create a number offgeck subhistograms in global memory, which
are then compiled into a single histogram in the host memorThe peblock subhistograms are
created by first having each thread create a-flmead subhistogram of 252 elements (lines -1® in
Figurel4). The number 25% chosen to avoid overflow in the byte counters used to store the per
thread subhistograms. The pahread subhistograms are stored in shared memory, and a method
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described in the NVIDIA whitepaper is used to ensure that no bank conflicts occur shédhed
memory. After this, a subset of each block's threads, equal to the number of bins, compiles these per
thread subhistograms into the peblock subhistogram (lines 128 inFigurel4). Next, a small helper
kernel, shown inFigure 15, compiles the peblock subhistograms into a smaller number of sub
histograms. Compiling the small number of remaining-sigbograms into a full histogram is left to the
CPU. This helpéeernel can be eliminated on GPUs with compute capability 1.1 or greater by using
atomic memory operations, but doing so results in some loss of performance.

01 _ global__ void histoKernel(unsigned int* g_odata, unsigned int* g_idata, int size)

02 {
03 constint threadPos = (threadldx.x & (~63)) | ((threadldx.x & 15) << 2) | ((threadldx.x & 48) >> 4);
04 _ shared__ unsigned char s_HistftMEMPERBLOCK]; /I stores all per-thread sub-histograms

05 for (int pos = threadldx.x; pos < (MEMPERBLOCK >> 2); pos += blockDim.x) ((unsigned int *)s_Hist)[pos] = 0;
06 __syncthreads();

07 constint gStart=__mul24(blockldx.x, DATAPERBLOCK);// location in g_idata in which this block starts reading
08 constint blockData = min(size - gStart, DATAPERBLOCK); // amount of data to be processed by this block
09 unsigned int dataTemp;

10 for (int pos = threadldx.x; pos < blockData; pos += blockDim.x) {

11 dataTemp = g_idata[gStart + pos]; /l read integer from global memory

12 s_Hist[threadPos + __mul24( (dataTemp >> 2) & 63, NUMTHREADS)]++;  // increment appropriate

13 s_Hist[threadPos + __mul24( (dataTemp >> 10) & 63, NUMTHREADS)]++;  // bins in shared memory

14 s_Hist[threadPos + __mul24( (dataTemp >> 18) & 63, NUMTHREADS)]++;

15 s_Hist[threadPos + ___mul24( (dataTemp >> 26) & 63, NUMTHREADS)]++;

16

17 __ syncthreads();

18 if (threadldx.x < NUMBINS) { /I use NUMBINS threads to create a per-block sub-histogram
19 unsigned int sum = 0; /I from the data in shared memory

20 const int tid = threadldx.x; /I each thread calculates the total number of elements in bin tid
21 const int hStart = ___mul24(tid, NUMTHREADS); /I starting point in the histogram

22 const int accumStart = (threadldx.x & 15) * 4; /I another trick to ensure no bank conflicts

23 for (int i=0, accum=accumStart; i<NUMTHREADS; i++) { // Iterate through thread sub-histograms' tid bins
24 sum +=s_Hist[hStart + accum]; /I to calculate the sum

25 if (++accum == NUMTHREADS) accum = 0;

26 }

27 g_odata[blockldx.x * NUMBINS + tid] = sum; I/l write to global memory

28

29}

Figureld. The histogram kernel based on an NVIDIA white péiBr

01 _ global__ void mergeKernel(unsigned int* d_iodata, int numBlocks)

02 { /I merges numBlocks per-block sub-histograms into gridDim.x sub-histograms

03 const int size = numBlocks * NUMBINS; /I total number of histogram bins

04 constint gPos = blockldx.x * NUMBINS + threadldx.x;  // (starting) position in global memory for this thread
05 constint numThreads = gridDim.x * blockDim.x; /I number of threads

06 unsigned int sum = 0; /I compute bin counts for new sub-histograms

07 for (int pos = gPos; pos < size; pos += numThreads) sum += d_iodata[pos];

08 d_iodata[gPos] = sum; // write to memory, overwriting the (now useless) first portion of d_iodata
09}

Figurel5. The helper kernel used tadd upthe perblock subhistograms into a smaller number of sub
histograms.
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5.2.3 Jackknife Re-sampling

Handling jackknife rgampling efficiently for a general casgrned out to be the most difficult task in

this implementation. We discovered, however, that by imposing reasonable restrictions on the number
of jackknife samples, we could achieve jackknifesampling essentially for free. In the CPU
implementation, ackknife resampling is handled by havingk+1 histograms, wherenjk is the
number of jackknives. For each angle, the appropriate bin is determined and is incrementled @f

these bins, ignoring the bin from which this particular angle is removed. On the other hand, the GPU
implementation hasjk histograms, each representing the inverse of the corresponding jackknife. The
i inverse jackknife is defined as the histagraf those elements that are removed from th8
jackknife. Denoting these inverse jackknives al, I..., by, it is possible to reconstruct the histogram of

all data by summing the inverse jackknives, as each element is accounted for in precésatyarse
jackknife. The™ jackknife can be reconstructed by subtractingrdm the histogram of all data. By
presorting the data according to jackknife, the GPU histogram kernel can be invoked on large sets of
data which correspond solely to one arge jackknife, resulting in very little loss in efficiency versus
invoking the histogram kernel on the entire output of a call to the first kernel. Computing the histogram
of all data and the jackknives is very little work, and thus is relegated toRkk GNote this same idea
applies to the CPU implementation as well, but has not yet been implemented in our reference C
implementation.)

5.2.4 Single/double -precision considerations

Cartesian coordinates are stored in the host and device memory as a single astaycof float

X,y,z; int jk; } elements aligned at EBytes boundary in the singlgrecision kernel, and as
three separate arraysx, y, z, in the doubleprecision memory. This is to ensure optimal memory
bandwidth. Few adjustments are made in the GPU kernels to reflect this differencetheumvise no
additional modifications to the code are necessary.

5.2.5 Multi -GPU implementation

There are other portions of TPACF whichildadbe parallelized, such as the computationDiRR@) and

RR@) histograms for pdatasets with random data. This parallelism can be easily taken advantage of on

a multtGPU system by spreading the calculations between multiple GPUs in a single systdween

Ydzf GALX S O2YLMziS y2RSa gAGK Dt ! a @4 dwebrfplenented2z G KSY
an MPibased version of the application that runs on arile cluster, where each node has foullCP

cores and four GPUs. Since there is a 1:1 CPU core to GPU ratio on each cluster node, running the MPI
application is straightforward as each MPI process can have an exclusive access to a single CPU core and

a single GPU. MPI process ID modulo the nunob&PUs per node identifies a unique GPU for each

MPI process running on a given node. This requires, however, that the MPI threads are placed
sequentially on each compute node rather tharrdind robinfashion.

5.3 Results and discussion

We first analyze¢he overall performance improvements of the GBlked singlgrecision and double
precision floatingpoint implementations versus the doubj@ecision singleore CPU implementation.

The CPU code is compiled with the ICC compileridast optimization level, while the GPU code is
compiled with the NVCC compiler an@drch_sm_10 (for G80 architecture) of arch_sm_13 (for

G200 architecture), using CUDA SDK 2.1. The application is executed using 100 random data files, with 5
bins per decade of angular scale minimum angular separation of 1 arcminute, a maximum angular
separation of 10,000 arcminutes, and number of data points ranging from 1024 to 97K, as shown in
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Figurel6. We measure the total time needed to compid®(g), DR@), andRR§) histograms since this
part of the code is responsible for over 99% of the overall execution time for sufficiently large data sets.

The execution time of the GPU implementatimmmains nearconstant for small datasets up to 16,384
points since the code is designed to process 16,384x16,384 points at a time. Only when the dataset size
reaches 16,384 elements do we observe a substantial performance improvement in comparison to the
CPU implementation. This is the minimal data set size in our GPU implementation that does not require
data padding, thus we do not perform any unnecessary data transfers and computations. At smaller
dataset sizes, overall performance suffers, in part ttuthe overheads of data transfers and due to the
unnecessary computations done on the padded data. With larger dataset sizes, we have the additional
benefit of reusing segments of data multiple times without the need to transfer them multiple times to
the GPU memory.
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Figurel6. A comparison of the execution time (left) and speedup (right) between the AMD Opteron, Quadro FX
5600, and GeForce GTX 280 platforms.

GPU speedup drops somewhat for a dataset consisting of 97kspoirhis is because the size of the
dataset is not a multiple of 16,384, and we thus suffer from issues similar to datasets smaller than
16,384 points due to the data paddingrhe vast majority of the time is spent in the bin assignment
kernel Figurel?), since this is where floating point operations are performed. The absolute time spent
in the histogram kernel is identical for the singbnd doubleprecision vesions since this particular
kernel operates only on integer values.

The singleprecision bin assignment kernel is about 3 times faster than the depfgleision version of

the kernel. Overall, singlerecision performance of the two combined kernels or tAeForce GTX 280
GPU is about 3.5x the doubteecision performance even though the peak FLOPS ratio between the
singleprecision and doubkprecision performance for this chip is about 12. This indicates that the main
performance limiting factor is natue to the floatingpoint performance, but due to the limited memory
bandwidth. As we discussed earlier, ~1.6 bytes per flop are required by the bin assignment kernel in the
doubleprecision version and ~0.8 bytes per flop in the simkcision version.The theoretical peak

rate of the GeForce GTX 280 is ~1.8 bytes per flop for dgublgsion and only ~0.15 bytes per flop for
singleprecision, which is only about 1/5 of what is required by the bin assignment kernel. This
mismatch between the applicain requirements and the hardware capabilities is responsible for the
performance loss for the singf@ecession kernel.
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Figurel?. The time distribution between the bin mapping and histogram kernels for the dataset cogsétin
3*16,384 elements for singldleft) and double (right) precisioncases running on the GeForce GTX 280.

Our MPI implementation scales linearly, as showRigurel8. In this case we measure total application
execution time, including the GPU kernel time, file 1/0, and MPI overheads. We notice that the
execution time starts to level off when usingdar number of compute nodes. This is because the file
I/O and MPI overheads become more pronounced as the time to do the actual computations reduces
proportional to the number of nodes.

Finally, we analyze the accuracy of the comput 1000.0 -

results. Figure19 contains 3 plots of the twgoint
angular correlation function computed for a subst
of the photometrically classified quasars and randc
catalogs first analyzed b§2). In this caseg runs
from 0.01 to 10,000 arcminutes with 5 bins pe
decade of scale and 10 jackknife samples are use
estimate errors for each value af(g), shown as
vertical bars centered at eagioint on the plot. Blue
circles correspond to the results obtained on tf 10.0
GeForce GTX 280 GPU using dopbéeision, red 1 10
squares correspond to the results obtained on tt
GeForce GTX 280 GPU using sipggeision, and
green triangles correspond to theesults obtained Figurel8. Multi-GPU scaling.

on the CPU using doubj@ecision. Note that the

doubleprecision results for the GPU and CPU implementations coincide, whereas thepsaw#on
GPU results are slightly off for angular separations below approximately 4 arcminutes.

100.0 +

exeution time (sec)

number of MPI threads

Sin@ only 41bit fixed point arithmetic is required to achieve the 0.01 arcminute resolution needed to
analyze many datasets, the numerical precision of sipgieision floatingpoint arithmetic is not
sufficient to perform the distance calculations for ataguseparations below approximately 1 arcminute.
Therefore one obvious limitation of the singbeecision GPU implementation of the kernels is the
restriction on the lowest angular separation that it can compute. This limitation is fully removed in the
double-precision GPU kernel implementation.
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Figurel9. Two-point angular correlation computed separately using CPU and GPU.

6 Cell/B.E. implementation

In this study, a 3.2 GHz du@kll blade QS2(@.5)server is used for single precision and Q8&8)server

is used for double precisiamns. QS20 contains two Cell/B(E7)and QS22Zontains two PowerXCell 8i
(18) processoravith enhanced doublgrecisionsupport The QS20 system runs Fedora Core 7 Linux OS
with kernel 2.6.22BSC and the IBM SDK fdulticore Acceleration ver. 3.0. The QS22 system runs
Fedora Core 9 Linux OS with kernel 2.6.26

bsc and IBM SDK ver. 31B). ‘ Memory Interface Controller ‘ /O Interface ‘ ‘ I/O Interface ‘
(MIC) (I0IFO) (I0IF1)

The Cell/B.Eis a heterogeneous systen ¢ 1; ¢;

consisting of one 64it PowerPC core callec Element Interconnect Bus (EIB)

the Paver Processor Element (PPE), eig $ i

Synergistic  Processor Elements (SPE

system memory, and an /O controlle || sirage subsysiomppss| | conroler (MFc) Contoler (MFC)

(Figure 20). The processing elementsear

linked by an internal higepeed bus called
the Element Interconnect Bus (EIB). The F
is a 64bit PowerArchitecturecompliant

core with 32KB firskevel instruction and
data caches and a 5¥B secondevel

cache. Each SPE consists of a Synerg
Processor Unit (SPU) and a Memory Fl

‘ L2 cache ‘

‘ DMA Controller

‘ DMA Controller

L1 L1
instruction data
cache cache

PowerPC Processor
Unit (PPU)

(PPE)

PowerPC Processor Elemer]

It

‘ Local Store (LS#

‘ Local Store (LS*

Synergistic
Processor Unit
(SPU)

Synergistic Processol
Element (SPE) 0

Synergistic
Processor Unit
(SPU)

SPE7

Controller (MFC), which includes a DM Figure20. Cell/B.E. processor architecture

controller, a Memory Management Unit

(MMU), a bus interface, and an atomic unit for synchronization with other SPEs and PPE. SPU is a Single
Instruction, Multiple Data (SIMD) @eessor whose load and store instructions are performed in local

address space.

The SPU has two execution pipelines: The floghimigt and fixedpoint units are on the even pipeline
while the rest of the functional units are on the odd pipeline. The &Ussue and complete up to two
instructions per cycle, one on each execution pipeline. Simple-fimed operations take two cycles,
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and singleprecision floatingpoint and load instructions take six cycles. Tway SIMD doubl@recision
floating-point is also supported, but the maximum issue rate is one SIMD instruction per seven cycles.

For the 3.2 GHz Cell/B.E., the EIB is capable of providing peak bandwidth of 204.8 GB/s. The memory
interface controller provides 25.6 GB/s to system memory. T@etdntroller provides peak bandwidths

of 25 GB/s inbound and 35 GB/s outbound. The eight SPUs of the Cell/B.E. processor have combined
theoretical peak performance of 204.8 GFLOPS in single precision and 14.63 GFLOPS in double precision.
With PowerXCelliBthe double precision performance is improvedaeer 100 GFLOPs, the half of the

single precision performance.

6.1 Suitability of Cell /B.E. for TPACF

The computation ofingular separation histogranm Cell/B.E. can be evenly distributed across 8 SPEs,
thus, potentially resulting in 8x performance improvemer addition, when using singl@ecision
floating-point arithmetic, each SPE operates on a vector of 4 values, thus potentially providitigredd
4x performance improvement, or 32x in total. Tfaemulais not as straightforward with the double
precision arithmetic on Cell/B.E. since SPEs can operate on jushi2 \&dues at a time and they can
only issue one instruction every 7 clockcles. Tis puts the potential performance improvemeat
YFHF MK T F H dthd? dand,SRBS in ih& BowerXCell 8i processor issue a dptéesion floating
point instruction every clock cycle, thus putting a potential performance improveraer*2=16x.
Note that in this discussion we have onglied uponthe raw processor speed and completely omitted
memory considerations. However, since the computational complexity ofitteerlying algorithm is
O(N), data transfetime should be small compagkto the compute time. Thus, we conclude that there
are potentially substantial benefits to be gained when the algorithm is ported to Cell architecture.

However, here are several challenges in implementing TP&&the Cellprocessor To geta good
performance, the code must bamenable forSIMDstyle ofexecution While it is straightforward to
shuffle four points in separate vectofer X, y, z coordinatesand compute the dot product in SIMD
fashion, it is generally not suitable to implemehe seard algorithmbecause idferent slots in a vector
could diverge in branch instructions, making it difficult to ddirct translation from the CPU code to
an efficientSIMD code in SBUWe could, howeveimplement a SIMD amenable restricted comparison
tree in which onlythe last few bin boundary valuese used since most angular separations fall within
the last few bins.Figure4 demonstrates why this approach will worRhis way we can eliminat@ost

of the branch divergences at a cost of few extra calculations.

The second challenge comes from the tounts update The bin assignment step requires updating the
bin values according to theomputedindices. Although we could obtain a vector of pointers from the
vector of indices, SPU does not support vector loading using a vector of poiRtethermore, different

slots in the indices vector could contain the same index, which makes it data dependent between
different slots. This issue can be addressed usingokup tableapproach as discussed later

6.2 TPACF Cell/B.E. implementation

Asingle call to the compute keel is replaced with a call @mcompute kernel executed oan SPE.Each

of DD, DR or RR computat®rs scheduled to runindependently on anSPE.We accumulate
intermediate results independently for ea@PEand merge them whemll jobs are finished Shce the
problem is of O(R complexitythe time needed to send data to the SPEs and receive computed results
back isnegligible thus, eliminating the need for doubleuffering.
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6.2.1 Data structures

The original data in the reference implementation is stomre@m array of point structures, wherey, z,

andjk are elements within the structure. Each point structure consists of 16 bytesjtthas be casted

to a vector typein a straightforward manner Converting this data layout to vectors, each consisting of
onlyx, y, andzvalues for an efficient SIMD execution on the SPE requires few shuffle operations. Since
each point is processel times, overhead of multiple shuffling operations adds up kjlyic Therefore,

we modified the reference implementation to store dataasarray of 4value vectorsn addition tothe

original array of structures storage model.

6.2.2 Bin assignment kernel

TheCell/B.E. SP&bde that computeghe dot product for points fromtwo datasets is shown iRigure

21. The inner loop is incremented byaAd thedot products are computed in SIMDannerresulting in

4 results at a time. Note thahe data accessed from the inner loop is structured as described above
whereas data accessed from the outer loop is stored in the same way as in the reference
implementation sincein the outer loopwe only access one point at a timeThe doubleprecision
implementation is similar, but only two points are processed at a time in the inner lmogrder to hide
latencies in accessing data from memory and reduce the data dependency stalls, we manually unroll the
innermost loop 8 times, resulting in perforngr82 angular separation calculatiomsr loop iteration.

01 for (i=0; i< nl;i++){

02 int jk = d1[i].jk; // d1 is in the original data format
03 vector float x_i = spu_splats(d1[i].x);

04 vector float y_i = spu_splats(d1[i].y);

05 vector float z_i = spu_splats(d1[i].z);

06 for (j=0; j < n2; j+=4) {

07 vector float* m = (vector float*)(&d2[j]); // d2 data has already been reordered on CPU
08 X_j =m[0];

09 y_j =m[1];

10 z_j=m[2];

11 vector float dot = spu_mul(x_i, X_j);

12 dot = spu_madd(y_i, y_j, dot);

13 dot = spu_madd(z_i, z_j, dot);

14 éeéeé

15 }

16 }

Figure21. Dot productCell/B.E. SPEIMD implementation

Once the dot product is computed, it is then converted to a bin index at which bin count needs to be
updated. In the reference implementationthe bin index is obtained bgomparing the computed dot
product value to different bin boundas, implemented either as a binary or sequential search
algorithms. This possesses significant challenges for the SPE implementation as it réganes
instructionsand results in branch divergence which is detrimental to the performance of the SIMD
implementation. We solve this problem as follo@isgure22): i) Snce most of the angular separations

are in the last few bins, weompare the computed dot products the last 8 bin boundarieand mask

out all but the least significant bitsesulting in a sequence of 8 zeros and ones for each dot proguct.
We thenadd all themaskedresultsfor a given dot product and obtain a number that specifies how
many comparison tests, starting from the last bin boundary, failed, thus giving us the bin # to which the
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given dot product belongs. iiif) any of the dot products turns out to be outside tteest8 bins,which is
the case for about 1% of all the dot produassimilar test is performed for the next 8 bin boundaries. If
this test is not sufficienta scalarversion of the comparison subroutine is invoked that performs the
comparison in theame manner as in the original reference implementation.

/I dot_v contains 4 dot products, binb_V[] is the array of bin boundaries.
// the indices_v contains the vector of reverse indices
01 cmp[0] = spu_cmpgt(dot_v, binb_v[nbins]);

02 cmp[1] = spu_cmpgt(dot_v, binb_v[nbins - 1]);

03 cmp[2] = spu_cmpgt(dot_v, binb_v[nbins - 2]);

04 cmp[3] = spu_cmpgt(dot_v, binb_v[nbins - 3]);

05 cmp[4] = spu_cmpgt(dot_v, binb_v[nbins 1 4]);
06 cmp[5] = spu_cmpgt(dot_v, binb_v[nbins T 5]);
07 cmp[6] = spu_cmpgt(dot_v, binb_v[nbins - 6]);

08 cmp[7] = spu_cmpgt(dot_v, binb_v[nbins - 7]);

09 cmp[0] = spu_and(cmp[0], cmpmask); /I cpumask ={1,1,1,1}
10 cmp[1] = spu_and(cmp[1], cmpmask);

11 cmp[2] = spu_and(cmp[2], cmpmask);

12 cmp[3] = spu_and(cmp[3], cmpmask);

13 cmp[4] = spu_and(cmp[4], cmpmask);

14 cmp[5] = spu_and(cmp[5], cmpmask);

15 cmp[6] = spu_and(cmp[6], cmpmask);

16 cmp[7] = spu_and(cmp[7], cmpmask);

17 t0 = spu_add(cmp[0], cmp[1]);

18 t1 = spu_add(cmp[2], cmp[3]);

19 t2 = spu_add(cmp[4], cmp[5]);

20 t3 = spu_add(cmp[6], cmp[7]);

21 t4 = spu_add(t0, t1);

22 t5 = spu_add(t2, t3);

23 indices_v = spu_add(t4, t5)

Figure22. Bin index vector implementation

6.2.3 Histogram kernel

Once the bin to which a given dot product value belongs is found, it needsiteteenentedby 1. The
biggest challenge in implementing tH@n updating routineis due to the fact that values in the
previously computed indices vector frequently pointttee same bin, introducing data dependencies.
Also, SPE intrinsics do not support gathering a vector of values based on a vector of pdihtersan
efficient implementation of the bin update in a straightforward manner is not feasitife. address this
challenge via a lookup table demonstrated inFigure23. We convertthe computedindices vectointo
an integer which serves as amdex of a lookup table. The daup table value stored at this index
corresponds taan array of integers whicheed be added to the original bin arrap update the bin
counts For examplefor the indices vector {10, 1, 5}, the corresponding output array should bk 2,
0,0, 0,1, 0, 0} as the bif (the bin indcesused here are reversed compared to original bin index)oill
increasel by 1 (oneslotin the indices vectohave indexof 0), bin1 will be increasel by 2 (two slotsfalls

in bin 1), and bin 5 will be incremented Wy (one slot has value 5Jheremaining bins stay the same.
The code sample that shows how this is implemented is showigure24.

Thenumberof different indicesvectors is Kisince each slot in the indices vector can be any value from
0 to N-1. Thus, a lookup table can be createdhere each entry correspoisdo one possible inex
vector. Each table entry is an array of N valu&nce there is only 256KB{ t ldeal store, N must be
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reasonably small. We chose N to be ~
which leadsto a lookup tablewith
4,096 entries. Each entry contains | 1
vector of 8 short integers and eacl
short integer is the addition value fol
the corresponding bin. The total siz
of the table is 64KB. It is pmomputed

The indices vector ( vector unsigned int) The bin vector ( vector unsigned short)

0 | 1 5 | |n0 n5|n6|n7|

nl

n2|n3 | n4

+

Computelookup
table index

pos=1<<9+0<<6+1<<3+

and statically stored in the local store A _>| ' |2 | ° |° | ° | ' | ° | ° |
By rotation and logical opations, we - _\ =
assemble the index to the lookup tabl vectorfrom the table |n0+1| ”“Zl - | - | - |n5+1| "Bl n7|

from the indices vector and bin
assignment is done in oneSIMD
instruction once the lookup table entry
is loaded

Figure23. Histogram algorithnusing a lookup table

In the hnemost loopthe bin addition short integer vector is accumulated to a temporary short integer
vector. It is then added to the global biwith reverse indiceat the end of the outer loop iteration.

/I this codelet accumulate addition arrays from four vectors of indices (16 normal angular separation computation)
// vO,v1,v2,v3 are vectors of indices
/I large_table is the lookup table for addition values
/Il subtotal is the temporary vector to accumulate addition values
vector unsigned int tO = spu_rl(v0, 9);
vector unsigned int t1 = spu_rl(vl, 6);
vector unsigned int t2 = spu_rl(v2, 3);
vector unsigned int t3 = spu_or(t0, t1);
vector unsigned int t4 = spu_or(t2, v3);
vector unsigned int t5 = spu_or(t3, t4);
int indx0 = spu_extract(t5, 0);
int indx1 = spu_extract(t5, 1);
int indx2 = spu_extract(t5, 2);
int indx3 = spu_extract(t5, 3);
vector unsigned short entry0O = large_table[indx0];
vector unsigned short entryl = large_table[indx1];
vector unsigned short entry2 = large_table[indx2];
vector unsigned short entry3 = large_table[indx3];
vector unsigned short tsumO = spu_add(entryO, entryl);
vector unsigned short tsum1 = spu_add(entry2, entry3);
subtotal = spu_add(subtotal, tsumO);
subtotal = spu_add(subtotal, tsum1);

Figure24. Histogram algorithm code sample

6.2.4 Jackknife Re-sampling

In the reference implementationnjk bin values areupdated according to the jackknife samples
computed. However, since the jackknifsample is the same for all the points processed in the
innermost loop it is sufficient toupdate only two bins: the bithat jk points to and a new auxiliary bin.
The binthat jk points to is decreased by one and the auxiliary bin is increased byTbns, the bin tha

jk points to contains the negative number and the auxiliary bin contains the total coéfier all
computatiors are done, the jackknife rsampling can beeconstructed by add the auxiliary bin vatue
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to all the original bins. This procedure removes the need to mainigircopies of the bins fonjk
jackknife samples.

6.2.5 Double-precision implementation

The double precision implementation is similar to the Efgrecision implementation with adjustments
made to SIMD kernels to work oavalued vectors instead ofvalues vectors. We report performance
results for the doublerecision implementation obtained on IBM QS22 blade.

6.3 Results and discussion

Performanceresults for Cell/B.E. and PowerXCell I8ased systems are shown Figure 25. The
application is executed using 100 random data files, with 5 bins per decade daargale, minimum
angular separation of 1 arcminute, maximum angular separation of 10,000 arcminutes arstdata
ranging from 1024 to 97points. The execution time increases proportional to the dataset size whereas
the speedup vs. AMD Opteron stays @md 30x for the doublgrecision implementation and 560x for

the singleprecision implementation.
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Figure25. A comparison of the execution time (left) and speedup (right) between the AMD OpedgCell/B.E.
(singleprecision) and PowerXCell 8i (doupleecision)platforms.

7 Discussion

7.1 Performance comparison across different accelerators

The goal of this project was to investigate theitability of application accelerators, such as FPGAs,
GPGP¥, etc., for speeding up the execution of computationally intensive scientific codes. In particular,
we investigated implementinga cosmology application on the three most widely used accelerator
architectures FPGA, GPGPU, and Cell/lB&nd, based on thesimplementations, we explored design
methodologies applicable for each accelerator architectiigure26 shows application performance

and speedup as a function dataset size for all systems used in this stady Figure27 provides the

final speedups achievedlt is clear that the GPU and Cell implementations of the anguaelation

code provide best performance improvements whereas FPGA implementation provides only a marginal
improvement. We should point out, however, th&TX280 and PowerXCell 8i are the latest 65 nm
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chips,whereasthe V4 LX100 FPGA used in this stgdglieady a couple of generations old 90 nm chip.
Therefore, the comparison is not entirely fair with regatd the FPGA technology. At the same time,
Nallatech H101 is a relatively new FR&&ed accelerator. This points out an issue unique to FPGA
based accelerators: there issuallya significantdelay between the introductiolf new FPGA chips and
the availability oFPGAbased acceleratoror HPC.
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Figure26. A comparison of the execution time (left) and speedup (ripbtyveen the AMD Opteroand5
accelerator platforms used in this study
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Figure27. Speedup v&AMD Opteron

7.2 Design methodologies

Our principal finding is that the design methodologies for these three accelerator architectures differ
significantly, to the point that code portability across different accelerators is not an option. For
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example, the main performance benefit for FPGAederators comes from pipelining the innermost

loops allowing the execution of the entire body of the loop to be performed in a single clock cycle
(instruction-level parallelism). Thus, the more operations that are implemented in the body of the
pipelinedloop, the higher the overall performance will be in terms of FLOPS. When permitted by the
available space on the FPGA, we also implemented multiple instances of the compute kernel on the
CtD! 04G46ARSE LINIftfESEAAYOD h ybenéfkisScom2 fréerSaNddirigl y RX
identical computations among a very large number of GPU cores (data parallelism), and taking
advantage of a very high bandwidth between the cores anecliff memory. Finally, the Cell/B.E.
architecture delivers the best perforance when the application can be structured as a set of
AYRSLISYRSy(d Glralta odlral LINXttStAayozr SHFOK 2F 4KA
yet the computations done by each SPE need to ber 2-way vectorizable. This requirement pésc

significant restrictions on the type of codes that can be efficiently implemented on the Cell/B.E.
architecture. Consequently, programming models for different accelerators are very different and their
efficient use by the computational science comntyniequires specialized training, an intimate
knowledge of the underlying architecture and programming tools, and concentrated development

efforts.

In all cases, the principal issue when porting the kernel to an accelerator was how to break up artificial
data dependencies and how to express the algorithm in a concurrent manner suitable for an execution
by a large number of compute cores. Breaking up data dependencies usually requires replicating data
for use by the concurrently executed kernels and merdghng partial results at the end. Extracting
concurrency from an algorithiis a more challenging task because of the restrictions on the instructions
that can actually be executed simultaneously by a group of processors. Thus, in case of the Cell
processo, the same instruction is executed on a group of 2 or 4 data elements residing in a vector and
in case of the GPU, many threads execute the same instruction on different data wakdsckstep

This dictates regular data access patterns and requiiesraating branch instructions that could lead to
execution sequence divergence among multiple execution treads. Since the kernel considered in this
work relied on a series of branch instructions, which is a valid approach for a sequential proteasors
attempts to eliminate unnecessary computatiomemoving them was a major challenge for both the

Cell and GPU implementations and was accompligdedising fairly complex lookup table based
techniques. Note that n retrospective, both the FPGA and thegimal C implementations could benefit

from such techniques.

We also investigated how the performance of computational kernels can be predicted before the kernel
is ported to a given accelerator. Such performance prediction is very important in underngahe
potential of accelerators prior to the expenditure of any porting effort, which, in the end might not be
worthwhile. We found that generally it is relatively straightforward to predict the performance of the
code on an FPGWBased accelerator, alttugh this requires a good understanding of the FP@ged
accelerator technology; however, the performance prediction for other accelerator architectures is less
straightforward. In some cases, we did find that algorithm characteristics can providet imsigkhe
efficiency of mapping a given application kernel onto a given accelerator architecture, such as data
usage patterns, data parallelism, etc.

One of the objectives of th project was to quantify the efforts necessary to implement codes on the
newly emerging accelerator architectures. Based on our work we conclude that a substantial effort is
required to implement the code on any of the accetera and a specialized training is a must. Once
the programmers were up to speed with the design methodology and programimotgy GPU and Cell
implementations required a comparable amount of time: few days to get basic implementations that
run and prodee correct results, and then several months to go over multiple design alternatives and
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code optimizations to achieve a good performance. FPGA implementation wasdmseming because

of the long compilation time (several hours, in some cases up to pideglved with synthesizing the
application for FPGA. Thus, even to get a basic design and to verify it for correctness on-hasdeiGA
accelerator requiredh few weeks. In general, our observation is that in order to efficiently implement
an applicationon one or another accelerator, the programmer has to fully understand the underlying
algorithms used in the application and has to be prepared to rewrite these algorithms from scratch
Simple code translatiorotisan option if the goal is to

taking into account system architectures.
achieve a high performance.

7.3 The big picture

Based on our experience in implementing the angular correlation and several other applications on
various accelerator platforms, we attempt to provide a classificatiothefuitaklity of different types

of accelerators for different HPC application clasbé&gure28 shows an attempt to assign each of the 13
iKS

dwarfs (20) to one of the accelerators considered in this studly & S R

2y

suitability for a given accelerator architectur®/e make the following observations:

dzy RS NI & A\

1 FPGAbased accelerators are best suited for applicagiomith integer or fixeeboint data types.
Examples of such applications include signal and image processimginatorial logicand many of
the bioinformatics problems in which nestandard, e.g.6 bit, integer numbers are sufficient for
data represention. Floatingpoint codes can also be implemented and a substantial speedup can

be achieved, but not as high as on GPUs and the Cell processor.

Putting aside the performance

issue, the main disadvantage of using FPGAs is a veryctingeming and uncomntional
application design cycle, whereas the main advantage is the power efficiency of-BF&@a

computing.

9 Cellbased acceleratorare well-suited for
a wide variety of computéntensive
integer and floatingpoint applications
particularly those that are or could be
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applications include dense linear algebr. Figure28. Mapping applications to accelerators.
structured grid methods, spectra Applications are assigned based on the percentage of the
methods, Monte Carlo techniques, anc peak performance achievable on agiven architecture. The
many other types of embarrassingl higher the achievable fraction of the peak performance,
parallel algorithms. Some of the double the more suitable isa given architecture for a given class
precision applications work well on the of applications.
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