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ABSTRACT relational join algorithms osuchGPUs.

We present a novel design and implementation of relational join Joins are the cornerstone operator in relational database systems
algorithms for newgeneration graphicprocessing units (GPUs).  and CPU-based join algorithms have been studied extensively in
The most recent GPU features include support for writing to the literature. Basic joimalgorithms include nonindexed and
random memory  locations, efficient  ingprocessor indexed nestetbop joins (NINLJ and INLJ respectively), the
communication, and a programming model for gerpuapose sat-merge join (SMJ) and the hash join (HJ). Many variants have
computing. Taking advantage of these new features, we dasign been designed for imemory databasefl0][31][34] and for

set of datgparallel primitives such as split and sort, and use these parallel databasd43][24][32]. These studies have shown that the

primitives to implement indexed or néndexed nestetbop, sort implementation techniques, as well as the designe feagreat
merge and hash joins. Our algorithms utilize the high parallelism impact on the join performance on Clidsed architecturesn
as well as the high memory bandwidth of the GPU, ard general memory stalls are a major performance factorGetU-

parallel computation and memory optimizations to effectively basedelational joind10][34].
reduce memory stalls. We have implemented our algorithms on
PC with an NVIDIA G80 GPU and an Intel quadre CPU. Our
GPUbased join algorithms are able to achieve a performance
improvemen of 2-7X over their optimized CPiased
counterparts.

ASimilar to CPUs,in particular multicore CPUs, GPUsare
commodity hardware consisting ofultiple processorddowever,
these two types of processdiiffer significantlyin their hardware
architecture.Specifically GPUs provide parallel lowelocked
execution capabiliés on over a hundreslMD (Single Instruction
Categories and Subject DeSCI‘iptOI’:SH.Z.4 Systems, Multiple Data) processors whereasurrent multicore CPUs

Query processing; Relational databases typically offer outof-order execution capabilities oa much
yp g smaller number of cores. Moreover, the majority of GPU

General Terms Algorithms, Measurement, Performance transistors are devoted to comgiga units rather than caches
' ' ' and GPU cache sizes are 10X smaller than CPU cache sizes.

Keywords: relational database, join, sort, primitivearallel These GPU hardware design choices provide higher

processing, graphics processors computational capabilities, better latency tolerance and higher
' memory bandwidth.
1. INTRODUCTION We explore how relational joins mautilize hardware features of

Graphics processing units (GPUaje specializedarchitectures ~ the GPU.In particular, the SIMD design and the massively
traditionally designed for gaming applicatiorBecent research ~ Multithreaded capability in GPUs require our algorithms to
has shown that they can significantly speed up datatyasey achieve good load balancing across processors to hide the latency
processing [5][14][15][16][36].  Moreover, ne generation  €ffectively. Moreover, most GPUtack haravare supportfor
GPUs, such as AMD R600 and NVIDIA G80, havansformed handling read/write conflicts among concurrent thre&dis.one

into powerful ceprocessorsfor generalpurpose computing ~ Nhand, hisdesign choiceeduces the hardware complexi@n the

(GPGPU) In particular, theyprovide general parallel ptesing other handhigh-level abstractions and carefully designed patterns
capabilities including support for scatter operations and inter in the softwarere necessary for correcsseand efficiency.
processor communication as well as generalpurpose  Considering the characteristics of GPUs and individual join

programming languagesuch asNVIDIA CUDA [27]. In this algorithms, we design a set of d@@rallel primitives that are used
paper, we investigate the design and implementation of commonas building blocks for our join algorithms. Most of these
primitives can find their functionallequivalen CPUbased
Permission to make digital or hard copies of all or part of this work counterparts in traditional databases, but our design and
personal or classroom use is granted without fee provided that copie.  implementation are highly optimized for the GPU. In particular,
not made or distributed for profit or commercial advantage and t our algorithms for these primitives take advantage of three
copies bear this notice and the fullation on the first page. To copy =~ advanced features of current GPUs: (1) the massive thread

otherwise, or repu_b_lish, to post on servers or to redistribute to li pardlelism, (2) the fast inteprocessor communication through
requires prior specific permission and/or a fee. local memory, and (3) the coalesced access. Specifically, our map
S| G MOD\aAcouver, BC, Canada. primitive employs the coalesced accesses among GPU threads to
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fully utilize the video memory bandwidth; our split operation the data transfer between th®& and the main memory, and
avoidsthe read/write conflicts by aligning histograms to the GPU start kernels on the GPUhe kernel code is executed in parallel
threading architecture efficiently; our scatter and gather operationson the GPUA general flow for a computation task on the GPU
work in multiple passes foimproved spatial locality in the  consists othree steps. First, the host code allocates GPU memory
memory access; and our sort algorithm uses the map primitive tofor input and output data, anmbpies input data from the main
implement a sorting network, or uses the split primitive to memory to the GPU memory. Second, the host code starts the
implement a quick sort. kernel on the GPU. The kernel performs the task on the GPU.
Utilizing this small set of datparallel primitives, we have Third, when the kernel execution is done, the host code copies

designed and implemented GRdsed algorithms for NINLJ,  results from the GPU memory to the mainmoey.
INLJ, SMJ, and HJ. Specifically, our NINLJ is blooksted The GPU architecture model is illustrated Figure 1. Such
loops, with a data block mapped to a group of threads within aarchitecture is a common design for both AMPI[7] and
processor; our INLJ constructs a GBlised variant of the CSS NVIDIA GPUs[27]. At a high level, the GPU consists of many
Tree (Cach&Sensitive Search Treel1] and performs a massive  SIMD multi-processors. At any given clock cycle, each processor
number of concuent index searches in the join; our SMJ utilizes of a multiprocessor executes the same instruction, but operates on
quantiles for balanced rangartitioning and merges sorted different data. The BU has a large amount of device memory,
partitions in parallel; and our HJ recursively splits the relation into which has high bandwidth and high access latency. For example,
multiple partitions and performs joins on the matching partitions the G80 GPU has an access latency of 200 cycles and the memory
in paralel. We have implemented all of our GRidsed primitives bandwidth of 86 GBkcond Additionally, each multiprocessor
and join algorithms using CUDA27], NVI DI Abs GBalyymas a fast echip local memory which isshared by all the
language, and DirectX 1[®], a graphics APIfor programnable processors in a muprocessor. The size of thigcal memory is
GPUs. We evaluatedur GPU-based algorithms itomparson small and the access latency is low.
with their optimized parallel counterparts on an Intel qoac
CPU. All join algorithms operate on mememsident data — - = =
4 ultiprocessor ultiprocessor

organized in the columbased mod€L0][35]. i .. ..
; 1 1 2

In summary, this paper makes the following three contributions. i
First, we identify the technical challenges in performing parallel ‘ I
query processing on GPUs and provide general solutions to ‘ Device memory
address these challenges. Our GPased datgparallel primitives
are applicable to not only joins but also other query operators.Figure 1. The GPU architecture model. The GPU is a eo
Second, we design and implement several representative joinprocessor to the CPU.It consists of multiple SIMD
algorithms on the negeneration GPUs and empirically evaluate multiprocessors, and has a large amount of device memory.
thee algorithms in comparison with the optimized GPased This model is applicable toboth AMD& s  (2J[W and
join algorithms. To the best of our knowledge, this is the first NVIDIAG6 s CEMDA

attempt to develop relational joins on graphics processors. Third
we discussthe lessonswe havelearned from experience and
provide nsights and suggestions on GPU programming for the
GPGPU and database communities.

_GPU

'GPU threads are different from CPU threads in that they have low
contextswitch and low creation time as compared to their CPU
counterparts. On the GPUhreadson each multiprocessare
organizel into thread groups These thread groups are
The remainder of this paper is organized as follows. In Se2tion dynamically scheduled on the multiprocessdisteadswithin a

we briefly introduce the GPU architecture and review GRhd thread group shareomputation resources such as registers on a
CPUbased query processing techniques and parallel join multiprocessor.Moreover, vwen multiple threads in a thread
algorithms. In Section 3, we describe the technical challenges ofgroup accessconsecutie memory addressesthese memory
performing parallel query processing on GPUs, and present ouraccesses are grouped into one access. This hardware feature is
solutions. These solutions are then used as building blocks for ourcalled coalesced access.

join algorithms, which are described in Sectiogh We .

experimentally evaluate our algorithms in SectiriWe discuss 2.2 Query Processmg on GPUs o .

the lessons learned from our experience in SecBonand Recently,GPUs have been uséalaccelerat scientific, geometric,

conclude in Sectiof. database and imaging applicatioRer anoverview on the state
of-the-art GPGPU techniques, we refer the reader to the recent

2. PRELIMINARY AND RELATED WORK survey by Owens _et dB0]. We now briefly survey the technique_s

In this section, we introduce the GPU architecture and discussthalt use GPUs to improve the performance of database apetat

related work. Sun et al[36] used the rendering and search capabilities of GPUs
. for spatial selection and join operations. Bandi et [al

2.1 Graphics Processors (GPUSs) implemented GPtased spatial opations as external procedures

GPUs are widely available as commodity components in modern to a commercial DBMS. Govindaraju et al. presented novel-GPU

machines. They are used asprocessors for the CP[1]. GPU based algorithms for relational operators including selections,

programming languages include graphics APIs such as OpenGLlaggregationg15] as well as sortind14], and for data mining
[28] and DirectX[6], and GPGPU languages such as NVIDIA operations such as computing frequencies and quantiles for data
CUDA [27], AMD CTM [2], Brook [8] and Acceleratof37]. streams [16]. The existing work mainly develops
With these APIs, programmers write two kinds of code, the kernel OpenGL/DirectX programs to exploit the speidiatl hardware
code and the host code. The host cades on the CPU toontrol features of GPUs. In contrast, we focus on @Rrided algorithms



for the join operation, which is a core operator in relational In comparison with previous parallel join algorithnmr GPU
databases. Moreover, our algorithms are base@ oranycore based parallel join algorithmstake into account the GPU
SIMD architecture model of the GRldndthuscan be aplied to architectural characteristics and provide general, yet efficient
CPUs of a similar architectureBased on a similar model, solutions Specifically, h contrast with using machirspecific
Sengupta et al[33] implemented the segmented scan using the primitives[3][4], we develop software primitives that are general
scatter.He et al.[19] proposed a niti-pass scheme to improve and highly scalable for GPUs. Additionally, our thread parallelism
the scatter and the gather operations on the GBUL. algorithms does not require hardwaseipporéd atomic operations.

utilize these operations as primitives to compjose algorithms.

Most recentlyLieberman et al[23] implemented aimilarity join 3. PRIMITIVES

using CUDA. Based on the GPU architectural model, we have identified three

23 In-Memory Query Processing on CPUs technical challte.nges ;mn. Procesmg on GPUs: .
Memory stalls are an important factor for the overall performance How to efficiently utilizeboththe computation resource and
of relational query processing[10][34]. Cacheconscious the memory bandwidth of the GPU, and to use palrall

techniques have been the leading approach to improve the  Ccomputation to hide memory latencfhis challenge is
memory performance of the CPU joins. critical in that joins are both computation and data intensive.

. Even though the GPU has massive thread parallelism and
Shatdal et al[34] prpposed the blocked. '.\“NL‘] algorlthm by high memory bandwidth, its memory latency is also high.
applying cgche blocking on thg stecloop join. In comparison, Therefore, we need &xamine individual join algorithms and
we determine the block size in NINLJ by thg size of the local develop common building blocks that improve data
memory. Rao et al.[31] proposed a cacheptimized B+tree parallelism
index, namely the CSBee. A CSSree has a node size etjta ' ) ) . )
the cache block siz&€achnodeis fully packed with keysPointers  How to handle read/write conflicts efficiently. Since we do
are eliminated by layingut nodescontiguously, level by level. not have hardwarsupported atomic operations for conflict

Index search is done through address arithmetite adopt this handling, we need to develop an et conflict handling

tree index to the GPU and optimize its performancéitiyg the mechanism that is suitable for GPUs.

top levels of the tree index into the local memdmgmarca et al. 1 How to handle datskewson GPUs. As on any parallel

[22] studied the cache performance for the quick sort and showed architecture, data skews must be handled effectively to
that cache optimizations can significantly improve the overall balance the workload among processors so as to improve the
peiformance.In comparison, we implement the quick sort on the overall performance.

GPU and use bitonic sort to sort partitions that fit into the local we aldress these challenges in primitivassmall set of common
memory.Boncz et al[10] proposed the radix hash join with a  operations thawe design for join processing on the GPU. These
multi-pass partitiomg method in order to optimize the cache primitives exploit the hardware features of the GRbd can be
performanceOur GPUbased hash join is a parallel version of the used for database query processing, inclubing.

radix hash join with optimizations for the local memory. Notation. In this paper, we consider a join on two relati&hand

With the same goal of reducing memory stalls, logal memory Swith a single join attribute. We assume the join attribute to be an
optimization aims at improvin the spatial locality and temporal integer for simplicity. R[i] represents theth tuple of R. The
locality of the data accesses. In contrast with the hardware notations used throughout this paper are summarizédtlel.
managed cache on the CPU, our techniques are specifically Table 1. Notations used in this paper

designed for théocal memory on GPUs, which is manipulated by

: . Parameter | Description
the programmer and is shared by mugtipnreads. Bp Total number of thread groups on the GPU
2.4 Parallel Joins T Number of threads per thread group
Parallel algorithms greatly improve the performance of the M The size ofocalmemory per thread group
relational join in sharedothing systems24][32] or shared RS Outer and inner relations of the join
memory systemfl1][25]. rs Tuple sizes oR andS (bytes)
Liu et al.[24] investigated the pipelined parallelism for mujdtin R, B Cardinalities oRandS
queries. In comparison, we focus on exihgj the parallelism IR, 18 Sizes ofR andS (bytes)

within a single join operation. For a single join, Lu et [25] 3.1 Baseline Design

studied four hashbased join algorithms o shareememory We aim at designing and implementing a complete set of parallel
multiprocessorsystem Schneider et al[32] evaluated one sort primitives for relationalquery processing. In this section, we
merge and three hadlased join algorithms in a sharedthing describe our primitives, namely map, scatter, gather, prefix scan,

system. In the presence of data skews, techniques such as bucksplit and sort. These primitives are used as constructs for our join
tuning [32] and partition tuning21] are used to balance loads algorithms and have the following features:

among processor nodes. Azadegan et[3}[4] used machine 1) They have low synchronization overdeathus achieving
SpeCifiC communication primitives t(IieVelOp parallel jOin close to peak performances on GPUs.

algorithms on the SIMD Connection Machine (€)1 Recently, 2)
Cieslewicz et al[11] implemented a muklihreaded hash join
using the atomic operations supported in the Cray MTA
architectue.

They are scalable to hundreds of processors.

3) They are applicable not onlo joins but alsoto other
relational query operators.



3.1.1 Map
A map is similar to a database scan. We define the map primitive
asfollows:

Primiti ve: Map

Input: R,[ 1, n],&map functiorfcn.
Output: Ry{ 1 ,ng ,

Function: Ry{i]=fcn(R[i]).

sweep stage also takes,|R,|steps. In step (0¢i <log, Ril ),

the partial sum is applied t&,[j*2'] and Ry[(j+1)*2"]. Both
stagesare highly parallel othe GPU.

3.1.4 Split

A split primitive divides a relation into a number of disjoint
partitions according to a given partitioning functiofhe result
partitions are stored in the output relation. Splits arel ursdnash

We use multiple thread groups to implement the map. Each threadoartitioning or range partitioning. Given the partitioning faneut

group is responsible for a segment of the relation.

3.1.2 Scatter and Gather

We adopt the definitions of scatter and gather used by He et al
[19]. A scatter performs indexed writes to a relatiion example,
hashing. Its definition is as follows, where the arftagefines the
distinct write location for eacR;, tuple.

Primitive : Scatter
Input: R,[ 1, n,&[ 1, n.é,
Output: Ryw[ 1, n].é,

Function: Ry {L[i]]=Ri:[i],i= 1, n.é,

The gather primive performs indexed reads from a relation. It can

the definition of the split is as follows:

Primitive : Split

Input: Ry[ 1, n],&func(R, )i [1,..5] ,
Output: Ryw[ 1, nl.é,

Function: {R,{i], i= 1, é@}={R.[i], i=1,
and func(R [il) ¢ func(R ,[il). " i.jl [1...nL,i¢] -

ng

A basic implementation is that each thread processes a portion of
the input relation and inserts tuples their target partitions. A
major issue is the write conflicts among threads. They occur when
multiple threads try to insert tuples into a partition concurrently.
Unfortunately, there are no atomic operations such as locks for

be used, for instance, when fetching a tuple given a record id, anchandling such conflicts omost GPUs. Thus, we propose a

probing hash tables. Its definition is as follows, where the drray
defines the read location for eaRf tuple.

Primitive : Gather
Input: R,[ 1, n,&[ 1, n.é,
Output: Ryw[ 1, n].é,

Function: Ry {i]=Ri[L[i]],i= 1, n.é,

In general, tuples in the output relatican be a superset or a
subset ofthe input relationn gather and scatteFor simplicity,

our definitionsassume the tuples in the output relation are the
samesetas those in the input relation.

We implemented the scatter and the gather usheg multipass

software approach to implement a lefeke split algorithm. The
basic idea is that, prior to writing the output, we use histograms to
compute the write locations of each thread. Since each thread
knows its target position tavrite, the write conflicts among
threads are avoided.

Our histogranrbased algorithm is partially inspired by the parallel
radix sort proposed by Zagh&9], which uses histograms to
perform the radix sort. Theajor difference is that our histogram
scheme iembeddedn our primitives on the GPU. In particular,
our split algorithmuses the histogram tocompute the write
location for each tuple (stored in the artgyand scatter&, to
Routaccording to the aay L.

optimization scheme proposed by He e{H].

Algorithm 1: split (Rin, fcn, Rou)

3.1.3 Prefix scan
A prefix scan applies a binary operator to the input relation of size
nand generates an outpelation of sizen [30]. We present the
definition of a prefix scarnhat applies the binary operatd\ to

the input relation as follows:

Primitive : Prefix Scan

Input: R,[ 1, n],d®inary operatoA .
Output: Ry{ 1 ,ne ,

Function: Rou[[i]=A i<iRnli]-

An example of prefixscan is the prefix sumvhichis an important
operationin parallel databasg®]: Given an input relation (or
array) R,, the value of each output array elemeRi.{i]

(2¢i¢ R |)is obtained fom the sum oR;[1],..., andR[i-1]

Parameters:

#thread the total number of thread#tfiread=Bp*T).

F, the partitioning fanout.

tHist, the threadevel histogram.tHist[t][p] is the number of tuple:
processed by threadindbelonging to partion p (1¢p¢F) .

tOffset the threadevel offset array.tOffset[t][p] contairs the start
positionto output the tuplesf threadt thatbelong to partitiorp.

L, the array storing start positi®to output the tuples of each partition fc
each thread. The start position of partitipnfor threadt is L[(p-
1)*#thread+t].

(1) Each thread constructs itdist histogram fronRin.

(2)  Each thread writes its histogramlieso thatL[(p-1)*#thread+t]=
tHist[t][p] .

(3)  Perform a prefix sum oh. The result is stored in.

(4) Each thread updates its offset so th@ffset[t][p]=L[(p -
1)*#thread+t].

(5) Each thread scatteits tuples toRoutbased on its offset.

(Rou{1]=0).
We use theprefix sumimplementationfrom the CUDA library
[27]. The prefix sum has twstagesreduce and dowsweep. The

reduce stage hasg,|R | steps. In step(0 ¢ i <log, [R;), thread
computes th@artialsum ofR,[j*2'] andR[(j+1)*2']. The down

Each threadjroupis responsible for a similagized portion oR;,.

Each thead maintains a thredével histogramt( Hi st) IL é F]
records the number of tuplesf each partitiorfor the thread We

use the threatkvel histogram to compute the threlagtel offset
array € Of f s e)t Whicke Eohtains the start position for
outputting the tuples belonging to the partition thethread.



Our split works in five steps, as illustrated in AlgorithmThe
five steps are implemented using ather primitives. The first
step is implemented using a map primitive; the third one uses

(1¢x¢log, |R,1). In Stepi, it constructs bitonic sequences

each of size? . Thus, Stagex generates the bitonic sequences

prefix scan; the forth one uses a gather; and the other two usesgch of sizex* . After log,IRl StagesR is sorted. Each step die

scatter.

Figure2 shows an example of our split operation, where we divide
R, into two partitions. The arrows represent how the data is
loaded and storedn this example, there are two thread groups,
one containing T1 and T2 and the other containing T3 and T4.
The portions oR,, processed by different threads are in different
shade. In the first step, there are four thrdedel histograms.

Step (2) crates the histograms and outputs thenh.toStep (3)

example, the start positions for writitige tuples belonging ttlne

first and the second partitions are 0 ancedpectivelyfor thread

T1. With these offsets, the write locations of the four threads are
deterministic, and tuples can be output in parallel.

Thread group 1
Rin T1 T
[2]1]2]>

Thread group 2
T3

l.l.l.E:

Step (1), count

Step (2), output
counts

Step (3), prefix L
sum Lo | L \ 1 | 3]
Offset’, N o
Step (4), load
counts . l
‘2‘1‘2‘2....

Step (5), scatter

Rout

1(1]1]1

Figure 2. An example of the split primitive.

3.1.5 Sort
The sort primitive is used im number of operators such as
aggregation and join operators.

Primitive : Sort

Input: R,[ 1, n.é,

Output: Ry[ 1, nl.é,

Function: {R,{i], i= 1, @5{R[i],i=1
Routlil €Rolil, " 1.1 [1,..0] andi¢j .

We haveimplementedtwo comparisorbased sorting algorithms
including the bitonic sort and the quick sdrhe bitonic sort uses
the GPUbased bitonic sorting netwlo[14], because independent
swaps between the elements in this sorting algorithm map well to
the massively threaded architecture of GPHMowever, the

complexity of the bitonic sois o(nlog? Ny, whereN is the number

of tuples to be sorted. In contrast, t@nplexity of thequick sort
is o(NlogN, wWhich is lower than the bitonic sorWith the split

primitive, the quick sort can be implemented on the GPU.

n}éand

’

Bitonic sort. The bitonic sort mergesbitonic sequencesn
multiple stages. A bitonic sequence is of a monotonic ascending
or descending order. Given a relati®, the bitonic sorting
algorithm  has log,|R, | stages. Stagex has x steps

bitonic sort perforrma map on the input relation and a scatter to
output the results.

Quick sort. The quick sort has a lower complexity than the
bitonic sort. Moreover, it uses the efficient split primitive. The
quick sort has two steps. Firgfiven a set of pivotsye use te
split primitive to divide the relation into multiple chunkKshe
pivots are chosenrandomly [12]. The split process goes

Irecurswelyuntll each chunk is smaller thanpreset threshold for

the chunk size(We discuss this preset threshold in Sectop.2)
After the split processawve use the bitonic soon each chunkWe
choose the bitonic sodther than the insertion spthecausdhe
bitonic sort can work entirdy in the local memory and its
computation maps wetb the parallel execution dhe GPU. We
present the local memory optimization in Sectfo?

3.2 Memory Optimizations

Our primitives are developed based oa thanycore architecture
model. The threatkvel parallelism reduces the memory stalls in
these primitives. However, thredevel parallelism may not
completely hide the memory stalls for database workl¢adk

Thus, we utilize two memory optimization techniques on the GPU
to further reduce the memory stalls: coalesced access to improve
spatial locality andlocal memory optimization to improve
temporal locality Frequently accessed data are stored indbal
memory to reduce the accesses to the device memory.

3.2.1 Coalesced Access
We use the map primitive to illustrate how we take advantage of
the coalesced access.

The coalesced access improves the memory bandwidth utilization.
Figure3 illustrates two map schemes with and without coalesced
accesses. Suppose a thread group consists of three threads.
Figure3 (a), due to the SIMD nature of GPUs, the accesses to the
device merary among the threads are consecutive during the
execution. Every three concurrent accesses are coalesced into a
single read. IrFigure 3 (b), the accesses among threads are not
consecutive. Each thread issues stidét memory request. This
results in low utilization of the memory bandwid8uppose every

k memory requests are merged into a single request, the number of
memory requests with the coalesced acce@si¥times less than

that without the coalesceda@sss.

In

Thread group 1 Thread group n Tllrga_d goupl 1T T _hr_egd_g_rqug n
I e ; 3 I O :
R
TN 711 ]2 p ‘ T4 TR T8 Tld T‘Q T@ T Tl T TZ T3 T3 Ta Tlﬁl @ TI& 8 ‘T@
LT85 ;lflur i b i i
‘ ] ] ] ] ] ‘ o i‘wllHZ]i+3li+4]|+5]|+6“ ‘ ] ] ] ] ] ‘ ‘Hl]|+2]|+3]|+4]HSIHG‘
Device memory Device memory Device memory Device memmory

(a) Coalesced accesses (b) Non-coalesced accesses

Figure 3. Maps with and without coalesced accesses.

With this optimized map primitive, the memory performance of
the bitonic sort is greatly improvedSimilarly, the memory
accesses in steps (2) and (4) of the split primitive are also
designed as coalesced ones.






