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ABSTRACT

One of the challenges developers face when dealiith

parallelism is that purely static views of codedemt to reveal
internal dynamics and causal relationships that cdme

problematic. This paper considers parallelism framultiple

perspectives—from kinesthetic exercises involvitgmentary
school children, to lines of code spanning six edéht

parallelization mechanisms. We attempt to recenttiese views
and develop an ontology designed to support patteiming in

parallel code bases.

We show that, both kinesthetically and in the cdmses,
coordination emerges as a subtle entity that ifadift to identify
in a coherent and conceptually concise manner. béleve that
low level implementation patterns and micro patsemmill be
crucial for comprehension of coordination, and posp tool
support for effective mining. Further, we suggasimeans of
accomplishing a semi-automated ontological mappifay

parallelization mechanisms, and offer this up tdphéesigners
uncover patterns and pattern compositions.

1. INTRODUCTION

With the growing number of parallel support meckars
available and the considerable variation betweemthpatterns
hold great promise to provide language-agnostic wkedge
representation of crucial relationships. In paittic, patterns are
key in conveying relationships involving coordimati—one of
the most subtle features of parallel implementation

As opposed to thinking about patterns early in swoftware
lifecycle, we are interested in the design of pattefor program
comprehension. In order to provide a platform fmattern
designers, this work starts with a general ontolofyyr

conceptualizing key entities in parallelism. Thistology could
provide a means of sharing knowledge, reasonirgjegfies, and
even asserting specific propositions about any emghtation
that involves concurrency. Overlaying this ontglalirectly onto
code could complement the modular decompositiah@tystem,
support pattern mining, and aid reasoning aboutpteal or
dynamic relationships.

In an attempt to best capture an effective vocabpular key
entities of parallelism, we started in a classroofngrade 7
students and observed their natural solutions tal-life
parallelism, such as having two people wash dig¢Bestion 2).
Results from this experiment form the top leveloof proposed
ontology: computation and communication. We thaketthese
entities and apply them to six different code basesh using a
different parallel support mechanism (Section 3We find
significant overlap in this coarse grained entigssification, and

discover that deepening the ontology not only fiksi the

overlap, but supports the emergence of anotheletogl entity:

coordination (Section 4). Initial validation ofishproposed
ontology is performed from several perspectiveghancontext of
kinesthetic exercises and Petri nets (Section B) as a full
mapping onto the original code bases (Section B)nally, a

proposal for semi-automated tool support and theéeniial

application of this tool for pattern designers isgented (Section
7).

1.1 Background

Current trajectories suggest that future hardwdatfgyms will
house thousands of cores. Nvidia's Tesla 960 dordess than
$10,000, demonstrates the reality of our situafid®di. Millions
of cores are even available, such as IBM's prad@tyHawk [12].
Parallelism introduces critical issues such asuweso utilization
and contention which had largely been factoredodutainstream
development practices for high-level applicatiomgaoeiting in a
sequential environment. Though parallelism itsslfnbt a new
challenge, the current state of flux for applicai@nd the degree
to which they need to be transformed is relativaBw and
somewhat alarming [9].

The daunting task of efficient programming for Higlparallel

systems is currently receiving much attention fraaveral
perspectives within computer science [11]. Thisedf an
opportunity for researchers to rethink programmimpdels,

system software, and hardware architectures frargtbund up.
Though Amdahl's law [13], simply put, can be usedind the

maximum expected speedup for an overall system whgnpart

of the system can be parallelized, the questiaio agich part of
the system should expose the details of concurretioy

application, the infrastructure, or both—remains agoen issue.
Current parallel support mechanisms range from-dirzéned,

architecture specific control to high-level absti@ts that conceal
some of the complexity and minimize developer aaintr

In this work we consider mechanisms for low leveb&sed
systems. Though this is admittedly one small damai the
parallel universe, the variety of mechanisms faafalization is
considerable. For example, while PThreads [15]viges an
interface that is flexible (and dangerous), OpenMPtrades this
in for simplicity, with compilepragmaslightly sprinkling a code
base. These pragmas generally identify computdtiah can be
parallelized without any explicit need for a deyso to think
about communication/coordination issues on theitgared data
set.

Approaches based on MapReduce [1] are increasavgljable in
opensource frameworks. Designed for distributirsgadacross
nodes in a cluster, and performing simple companatin a fault
tolerant fashion, the tradeoff once again is inxifigity for



simplicity. MapReduce provides well defined sen@ntfor
parallelized computation, and conceals communinattoough
shared files.

A growing number of approaches to parallelizatiorclude
additional processing units that are typically rag general
purpose as the host they support. In this categeryconsider the
Cell processor [4] and devices harnessing largebeusnof GPUs
[10]. Parallelization mechanisms include the Qethgramming
support [4], CUDA warps [6], and the new languageciication
for OpenCL [5]. Though OpenCL is relatively nes
additional linguistic support to manage the asynmynatd shared
data models in these environments will most likdg a
substantial contribution to the state of the art.

2. KINESTHETIC PARALLELISM

In the early 80'sMultilogo was the first implementation of Logo

that supported multiple turtles running togethearl¥ indicators
demonstrated that children adapted quite well t@m@vironment
that included parallelism [22].

Inspired by this work and the Computer Science Uggéd Team
[21], we developed a series of kinesthetic learnawgivities
related to parallelism. Ultimately, we are intéeesin the ways in
which natural perspectives align with realities today's
parallelized computational settings.

Breaking a task into subtasks that execute conttlyrées easily
mapped into a setting where participants themsep@gorm
independent subtasks. In each of the activitieslexeloped, we
drew from examples of real world parallelism—gotoga movie,
washing dishes or crossing a single lane bridge.

Here we consider the after dinner task of washirggdishes. It
involves two participants, and a sense of urgencyget the job
done. The elements of work that need to be dividetthis case
are the subtasks: (1) washing each dish in soapwater, (2)
drying each dish and (3) putting each dish awath@cupboard.
The students must consider the ways in which tfferdnt pieces
of work relate to one another—they are faced wgbués of
heterogeneous subtasks, communication and workflaw,
highlighted in Table 1.

Table 1: Dishwashing activity and related concepts.

Find the most efficient way to do the dishes witio t
Description | People, given a breakdown of the job into 3 sulstask
Workflow
Concepts Subtasks' .
Communication

We presented this scenario to a group of 36 grastedents, and
asked questions to determine their methodologiedifading and
organizing the tasks. After the students helpedfalilitators act
out the dishwashing scenario, they were asked éuestions.
Three questions forced them to think about workflamd one to
commit to a final plan. The three questions thed the students
consider workflow were designed to force the stisleto
contemplate the runtime of each task, as well lsvaior us to
examine the results for a co-relation between duest1-3
(Figures 1, 2, and 3) and question 4 (Figure 4).

1. Which of the following tasks is the fastest forirmgée dish?

a) Washing the dish

b) Drying the dish

¢) Putting the dish away

d) Each task takes the same amount of time
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Figure 1: Student responses to question 1.

2. Which of the following tasks is the slowest foriagie dish?

a) Washing the dish

b) Drying the dish

c) Putting the dish away

d) Each task takes the same amount of time
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Figure 2: Student responses to question 2.

3. Which is the faster way to put away a set of di8hes

a) Putting away one dish at a time
b) Putting away multiple stacked dishes at once
c¢) Neither, they would take the same amount of time

40
30
20
10

a b c

Figure 3: Student responses to question 3.

For the majority of the students, the responsesodstrate an
appreciation that the tasks vary in terms of thaintime, and
further appreciated a concept related to datalpéisah, involving
multiple dishes.

4. Based on your answers to the first three questions
would you split up the work between you and your
friend?



a) Both of you work on all three steps together,
completing one step at a time.

b) One of you washes the dishes and the other
person dries the dishes and places them on the
counter. When all the dishes are clean, you both
put the dishes away together.

¢) One of you washes the dishes and the otheomers
dries the dishes and puts them away.

d) One of you washes the dishes and the otheompers
dries the dishes and puts them on the counter.
When the washer is done washing all the dishes,
they put the clean dishes away.
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Figure 4: Student responses to question 4.

Though there could be many reasons for these agswarging
from social to technical, the majority of the stotfechose (b).
Looking at the general flow of their responses (&ab), the
students felt that washing a dish was slowest, digihg a dish
was fastest, the group response (b) seemed prgdictihis
answer identifies the division of tasks and alsoaees the most
contention from the situation.

Table 2: Synopsis of student responses

Question 1 2 3 4
Answer # % # % # % # %
A 3 8.6 20| 58.8 2.7 6 16.7
B 11| 314 6 17.6] 35 94.4 19 528
C 15| 429 5.9 2.7 8 22.p
D 6 17.1 6 17.6 0 0 3 8.3

Observations during the activity revealed many othe
unanticipated suggestions, showing a definite aggtion of
underlying synchronization challenges and creatsedutions.
These included introducing a dry tray (a bufferhdausing
predictions of speed based on previous dishwashipgrience.

2.1 Autocatakinetic Systems
When humans work together they have many charattariof an
autocatakinetic system:

Autocatakinetic systems are those (a) that contislyo
self organize, (b) whose global identities are nteiimed
through continuous dynamic activity, and (c) that
maintain themselves “by pulling potentials or resms
into their own self-production’23]

Though we do not expect parallelized software to be
autocatakinetic, we observed that the nature efraction in the
dishwashing scenario is greatly facilitated by thelti-sensory

communication used by the students to complete tdsk
successfully.  Here we begin by considering tlagiproaches
strictly in terms of two key coarse grained ontadad entities in
this systemgcomputatiorandcommunication

Perhaps the most traditional lens through whichcem view the
exercise is in terms ofask parallelismas opposed taata
parallelism  Students were comfortable with the concept
subtasks with different physical acts of washingafsng,
scrubbing and rinsing), drying (picking up dryindgtiwa towel,
putting down), and putting each dish away (carryiog the
cupboard, placing on the shelf). Though, kinegth#y, these
subtasks can be encapsulated and thought of iatiso] the
students also appreciated the system perspectivghioh the
computation implicitly involved communication betsve entities
(the two dishwashers). Here we witnessed theiocatékinetic
abilities, aided by subtle multi-sensory inputs,tputs, and
feedback loops. That is, communication of theustaff the towel,
the sink and the dishes, along with the intendeids of each of
the participants are relayed using both visual aretbal
communication.

of

Most importantly, we found that the distinctionween these two
categories—computation and communication—is not ctiyxa
discrete and arguably there is overlap; the sthge apmputation
can constitute subtle communication. This inteieadntroduces
some interesting and subtle interactions between stiibtasks.
The washer communicates that data is ready in uifferb(drying

rack) by placing a dish in the rack, and the diysually sees that
there is a dish in the rack. The actions are lesgsed with

computation. For example, placing a dish in thekiia the final

step in washing subtask. Similar interactions exigh regards to
the state of the towel and the sink. The studemtsked

comfortably, and arguably almost subconsciouslyhwhe fact

that different designs of the entire system wergated by these
subtle relationships between computation and contation.

3. CASE STUDIES

This section focuses on the two case studies @shten two
parallelizable problems: a simple reduction andtHeourier
Transform [2]. Each case study analyzes threeemehtations,
in total spanning six different parallel supportamanisms.

Though the case studies consider different prohlerasfocus on
the common elements that launch the parallelizatibhat is, the
break down between theost which handles the distribution of
tasks and data across twerkers which correspond to the units
that perform the computation. Though this studysiders only a
small portion of FFT, we chose it to demonstrate tieed for
additional conceptual support at this phase ofdbeaputation,
and the common elements that exist between all
implementations.

3.1 A Simple Reduction

Arguably a “poster child” for parallelism, here wensider the
implementation of a simple reduction involving themmation of

a large set of values. The implementations sucvénge employ
three different parallelization support mechanisasramework
for MapReduce [20], OpenCL [5] and CUDA [6]. The
MapReduce framework allows developers to write ieed
map andreducefunctions, whereas CUDA and OpenCL localize
code that will execute on the workers in a sepdmteelmodule.

Six



1 void sumarray_map( map_args_t * args ) |
2 int nChunkSize = args-—>length;

3 int « miniArray = (ints) args—->data;
4 A

5 int intermediate sum = 0;

6 for (int i=0; i<nChunkSize; i++) |{

7 intermediate_sum += miniArray[i];

8 }

9 L.

10 emit_intermediate( key, val, sizeof( int« ) );
11 }

12 void sumarray_ reduce ( void * key_in,

13 veid *+ vals_in, int vals_len ) |
14 int nElements = vals_len;

15 int %% p_array = (int+) wvals_in;

16 L.

17 int sum = 0;

18 for (int i=0;i<nElements; i++) |

19 sum += p_array[i][0];

20 delete p_array[i];

21 }

22 .

23 int % wval = new int;

24 «val = sum;

25 emit ( key, val );

26 }

Figure 5. MapReduce functions for a simple reductin.

1 int main( int arge, char + argv[] ) {

2 scheduler_args_t sched_args;

3 final_data_t result;

4 int * array;

5 int nElements;

6 hrtime_t starttime, endtime, linearsumtime, mr_sumtimef
7 C

8 sched_args.task_data = array;

9 C

10 sched_args.data_size = nElementsxsizeof (int);
1

12 sched_args.map = sumarray_map;

13 sched_args.reduce = sumarray_reduce;

14 sched_args.splitter = NULL;

15 A

16 sched_args.result = &result;

17 sched_args.partition = NULL;

18 A

19 sched_args.use_ons_queue_per_task = 0;

20 sched_args.Ll_cache_size = 8192;

21 sched_args.num_map_threads = -1;

22 sched_args.num_reduce_threads = -1;

23 sched_args.num_merge_threads = -1;

24 sched_args.num_procs = 32;

25 A

26 if ( map_reduce_scheduler( &sched_args ) < 0 ) {
27 fatal ("Scheduler_had_an error. Bailing_out.\n");
28 }

29 A

30 keyval t + p_pair = result.data;

3

32 |}

Figure 6. MapReduce host code for a simple reducin.

Though the implementation of the reduction algonitlvaries
considerably between MapReduce (Figures 5 and @DAC
(Figures 7 and 8) and OpenCL (Figures 9 and 10)begn by
considering each in general terms aomputation and
communication which form the highest layer of our simple
ontology.

3.1.1 Computation

The user de nedmap andreducefunctions, shown in Figure 5,
constitute the application specific code to be felized by the

underlying framework. These functions house thmec
computation of this algorithm, revealing the twoops that
constitute the core calculation (Figure 5: lineg,8.7-20). The
corresponding CUDA and OpenCL kernel modules sityila
contain the computation, albeit couched in a sighhore

optimized and architecture specific form than MagiRe.

Figures 7 and 9 contain roughly corresponding ceelgments
from each of th&ernelmodules, with a similar mix of global data
access (Figure 3: line 3, and Figure 9: line 4) synchronization
(Figure 7: lines 6 and 12, Figure 9: lines 7 anyl JArguably, the
only line of computation with localized impact irlves the
addition of two elements that are one stride lergtart (Figure 7:
line 10, and Figure 9: line 10 respectively).

Il...

2 |while (i = n){

3 sdata[tid] += g idatali]l + g_idatal[i+blecksize];
4 i += gridsize;

5

6 |__symethreads();

B [if (blocksize »= 512) {

9 if (tid = zs56) {

10 edata [tid] += sdataltid + 2561,

11

12 _ syncthreads();

13 1}

4 1...

15 |if (tid == 0) g_odata[blockIdx.x] = sdatal[o]l;

Figure 7: CUDA kernel code for a simple reduction.

3.1.2 Communication

MapReduce uses amit function to communicate intermediate
results from the worker to the host (Figure 5: diri®, 25) while
the host uses shared memory (Figure 6: line 8darmunication
of data to the workers (Figure 5: line 15). Theafiresult is
retrieved by the host through a shared memory sfféigerre 6:
line 30).

CUDA and OpenCL use memory copying and synchroioizat
mechanisms for communication at the kernel levegufe 7:
lines 6, 12, 15 and Figure 9: line 11, 15 respebfjv At the level
of the host, CUDA makes use of library synchronoat
mechanisms (Figure 8: lines 36, 51) and synchrtiniza
supported memory copying (Figure 8: lines 23-2@imilarly,
OpenCL wuses library functions with built in bufferfor
distributing data to workers (Figure 10: line 1Adaeading back
the result from workers (Figure 10: line 25).

3.1.3 Dual Responsibilities:
Communication

Computation and

For many of these lines of code, it is actuallypsisingly difficult

to align them with just one entity, as they serualdpurpose in
terms of both computation and communication. Somgttas
simple of an assignment to shared memory has timd kf
property. Similarly, the considerable effort invabtto handle
resource setup in terms of processing units andanem each
implementation serves this dual purpose: it congute
provisioning, in a way that also serves as comnaiiun.

In MapReduce, data partition size, number of elémeand
memory allocation are dealt with in the worker ftioas (Figure
5: lines 2, 3, 14) and at the host (Figure 6: li2eS). The
MapReduce host deals with the majority of the arguinsetup for
the task execution and data distribution. For elemthe
selection of asplitter and partition function (Figure 6: lines 14,
17) for the communication of intermediate resuttd distribution
of data. Again, much of the parameter tuning ogdnrthe host
(Figure 6: lines 19-24), including cache size andnber of



threads (Figure 6: lines 20-23), lie in this inemtion between
computation and communication.

1 [int

! |main{ int argc, char** argwv]{

3 char *typechoics;

4 cukdetCmdLineadrgumentatr [ arge, (const char**) argw,
5 n"typs", &typechoice);

8

7 cudaDeviceFrop deviceProp;

] deviceProp.major = 1;

9 deviceProp.minor = O;

10 int desiredMincrRevision = 0;

11 L

12 cutileafecal INceyne (oudachooseDevice (. .1 ;

12 cutilgafeCal 1Mosyne (cudazstDeviceFropertissi .. 1)
14 L

15 runTeet<flocat>( argc, argy, data type);

14 Ces

17 11

18

19 | template <claszs T-
20 | void
Il | runTest(..){

)
2 cutilgafecal IMogyne | cudaMemcpy (d_idata, h_idata,
24 bytes, cudaMemcpyHostToDevics)
25 cutilgafecal IMogyne | cudaMemcpy (d_odata, h_idata,
26 numBlocks*sizect (T), cudaMemcpyHostTcDevicel )
7 L
28 gpu_result = kbenchmarkReduce«Ts (zize, numThreads,
» numElacks, maxThreads, maxBlocks, whichkernel, ...);
30 L
EJON

17
31 | template =class Tx
34 | T benchmarkReduce(..){
35 L
kL cudaThreadsynchronize () ;

37
38 if (usesM13)
39 reduce_eml3«T=(n, rumThreads, numBlocks, whichksrnel,
40 d_idata, d_odata);

41 elee

2 reduce_sml0<T=>(n, nmumThrsads, numBleocks, whichBsrnel,
43 d_idata, d_odatal;

H L

45 cutileafecal lMcEyne | cudaMemcpy (i h odata, d_odata,
44 a8 * gizecf(T), cudaMemcpyDeviceToHost)l )

47

48 for{int i=0; 1 « a; i++)]

49 gpu_result += h_cdatalil;

g

51 cudaThreadsynchronize () ;

53

5301

Figure 8: CUDA host code for a simple reduction.

In OpenCL, library support abstracts communicatetails in the
form of program contextandcommand queusetup (Figure 10:
lines 5-9, 17, 18). Similarly, buffer creation house data for
computation and for distribution of data for hostfieer

communication (FigurelO: lines 11, 14, 15) is ligraupported.

Both the CUDA (Figure 7: line 3) and OpenCL (Fig@rdine 4)
kernels have single lines of code that perform lootmputation in
the form of addition and communication through istpthe result
in global memory. Additionally, CUDA requires anbination
of explicit device setup and synchronization medrar(Figure 8:
lines 7-13) required for communication.

Though synchronization is not an explicit form ofiamunication,
we argue that a developer must still consider husvimterleaved
synchronization calls are managing the unwantednmamication
(through shared memory) between the host and thkens and
even between the workers themselves. Even theicixpl

identification of the functions requiring no synchization
(Figure 8: lines 23-26) requires a developer tmkhabout the
nature of communication involved. Invocation ofngmutation
also overlaps with the communication for storageresults on
host, while computation is farmed out to the wosk@figure 8:
lines 28-29). Synchronization mechanisms are aiserleaved
within the CUDA host code to ensure correct wonkflthrough
the kernel (Figure 8: lines 36, 51).

...
? |while (i =« n)
3
4 shared[lid]l += imput[i] + input[(i+3R0OUFP_SIZE)];
5 i += strids;
5 |1
7 |barrier(CLE LOCRL MEM FENCE);
§ |#if (SROUP_SIZE »= 512}
9 if (lid « z58)
10 shared[lid] += shar=d[lid + 256];
11 barrier (CLE_LOCAL MEM FENCE) ;
12 | #endif
13 ...
14 |if (1id == 0}
15 cutput [gid] = shared[o];
Figure 9: OpenCL kernel code for a simple reductio.
1 |int mainiint arge, char **argv) {
3 err = cl@etDeviceIDs (CL_DEVICE_TYFE GFU, ...);
4
5 context = cloreateComtextio, 1, &dsvies id,...);
] commands = clCreateCommandfusus (context, device_id,...0;
] ccnst char* filename = "reduce kernel.cl";
Q char *scurce = load program_scurce (filsname) ;
10
11 input = cloreatsBuffer(contaxt, ...);
12 err = clEnqueusWritebuffer (commands, input, ...);
13
14 partials = clCreateBuffer(context, ...);
15 cutput = clCreateBuffer (context, ...);
18
17 cl_program *programs = (cl_program*imalleci(...);
18 memset (programs, 0, lavel count * sizeof (el_preogram)) ;
19
20
21 err |= clSetXernelirgi..);
2 err |= clEnqueusNDRangeksrnel (commands, ...)
24
25 err = clEnqueusReadeuffer (conmands, pass_cutput,...);
26 cea
7 return 0;
28

Figure 10: OpenCL host code for a simple reduction

3.2 Fast Fourier Transform

Our second case study considers the FFT algoritlanvtas first
published by Cooley and Tukey in 1965 [16], thoughlimit or
view of the code to the initial launch of the firphase of
parallelism. The three implementations under aislgre drawn
from the Fastest Fourier Transform in the West (BFT2], a
library of highly tuned and performance centric FFT
implementations. This study investigates implemmgonhs using
POSIX Threads (PThreads) [15], OpenMP [7], and Q&]l
libraries for support. We begin again with an gsial of the
PThreads (Figure 11), OpenMP (Figure 12) and CUB#Ure
13) implementations first in simple terms oémputationand
communication



L {...

1l |tor {1 = 0; 1 « nthr; ++11 |

3 ptruct work *w = sr[i];

4 Bpawn_ data *d = EW-»d;

5 | 4-»maX - [d->min - 1 * bleck _sizel + block_slzs;
3 if (d-»max = loopmax)

T d-2MaX = LoOpman;

i A->ThT Num = 1;

& | d-»dat3 - dakta;

10 W-=pIaC = prac;

11

12 if {1 == nthr - 1} |

13 procid] ;

I4 boeles |

13 CB_Bam_init {&w-=dcme) ;

16

17 WITH QUEUE LOCK({

18 if (worker qusus) |

e struct worker g = wWorker gueus;
1] WOTKar_gueue = q-»cdr; -
1 g-xW = W;

13 0B_g2m Up|&d-=ready) ;

13 } ela= |

4 0B_create worker(worker, w);
1 Ths

16 '

7|}

18 |for (1 = ©; 1 « mehr - 1; ++1)1 |
10 ptruct work *w = sr[i];

i | os_sem_down(ew-.dona) ;

il | o2_sem dsstroyisw-»dons) ;

17

5

Figure 11: PThreads implementation of FFT.

3.2.1 Computation

Given that this case study considers only a pontibthese three
code bases, even though FFT involves a more congdexithm,

the amount of code designated purely to computasosmall,

even in comparison to the simple reduction. Spedif, in this

analysis we examine only the breakdown of the cdatjmn and
its dispatch to the functions which perform theuattsub-

transform computations.

#pragma omp parallel for private(d)
for {1 = 0; 1 « mchr; ++1) |
d.max = {d.min = 1 * block size) + block =ize;
if {d.max » loopmax)
d.Mmax = lOODmaX;
A.Ehr_num = 1;
d.data = data;
procEd) ;

U G e O LA e lad b3

Figure 12: OpenMP implementation of FFT.

In the main loop of the PThreaufsplementation shown in Figure
11, a chunk of data is selected and passed on dallglized
computation (Figure 11: line 13). The OpenMP immatation
has a similar loop preceded by an OpenMP directipeagma
omp parallel private(d) (Figure 12: line 2). The OpenMP
directive, if enacted, essentially flattens thisodoand the
computation on each chunk of data is handled coently by an
individual thread. So, though the directive is aatyst for
possible communication, from this developer perspec the
whole loop (Figure 12: lines 3-10) can also besifasi as merely
computation.

The Cell specific implementation has a similar mnladu
breakdown to that of OpenCL and CUDA in that it\ypdes host
code (Figure 14) that will run on the Power ProcesdJnit

(PPU), overseeing operations (Figure 13) running eath

Synergistic Processing Unit (SPU). This FFT SPldectoops

through a simple finite state machine, moving tiglothe stages
of the computation kicked off by the PPU (Figure lide 7).

tor {;:;) {
ewalti};
X(epu_dmald) (sctx, parm, slzeof(ctx), MFC GET CHD) ;

ewitch {ctx.opl |

caze FFTW_SPE_LOFT:
Eigpu do 4Aft) {ectx.uw.art);
oreak;

cage FETW_SPE_EXIT:
return 0;

ctx.dons = 1;
X(Epu_dmald) (&ctx, parm, slzeol (ctx), MFC _FUTF_CMD) ;

R e bad b3 e O D G ) R LA b Ll bl

]

Figure 13: Cell SPU implementation of FFT.

3.2.2 Communication

The implementation of communication using thesehaaisms is
tightly tied to the computation. In fact, in thep&MP

implementation, there is no pure communication fified

beyond the pragma. For this reason, in this @eatie focus on
the PThreads and Cell implementations where we es@dicit

communication in the form of semaphore support Thrieads
(Figure 11: lines 15, 22, 30, 31) and synchronimatnechanisms
within the SPU module (Figure 13: line 2) and thesthcode
(Figure 14: lines 19, 20).

3.2.3 Dual Responsibilities:
Communication

Computation and

The fine-grained control of PThreads supports l@oshputation
as we saw in Section 3.2.1 (Figurell: line 13)her dispatch of
that computation to a worker. This subtle coupling

computation and communication can allow for threadse,
otherwise a new worker is created for the curremhputation
(Figure 11: lines 19-25).

tor {1 = 0; 1 « mepe; ++1) |

int chunk;

ptruct spu conkbext fokx - X{cell _get_ctx) {1);
Btruct Aft_conbext Ydft = ECCX-»u.dIt;

ctx-wop = FFTW_SFE_DFT;
AfE-»T = ego-»radlicss;

if {cutdim == 0 && !contiguous 1)
chunk = VL * {{wv - ego-=v[cutdim] .o}
£ OIVL v (mepe - 11}1;
b oeles |
chunk = (¥ - ago-»¥[cutdim] .nd) f (nspe - 1);

]

Xicell_spe awake alll(;
Xicell spe walt 311}{};

el e = S
L = R S P el - L T I = g Sy P

Figure 14: Cell PPU implementation of FFT.

Though the OpenMP implementation lacks the finergah
explicit control of PThreads, the OpenMP compilan directly
determine the number of threads created and caignass
computation based on the number of iterations @& lthop.



Computation and communication do overlap (imphgitht the
pragma from developer’'s perspective. The detertioineof the
amount of data to pass to a worker for processiriependent on
the number of workers available.

While the code shown in Figure 13 is a dedicatedutoon the
SPUs, it is not pure computation. The code seguhemionstrates
how each SPU must get/put the current context (Eid3: lines 3
and 14) through communication via shared memoriy thie PPU.
The code then further communicates through a swvéitatement
the correct computation to be performed based enctintext
(Figure 13: lines 5-12).

The actual context assignment, placement of datd te
initiation of SPU execution occurs at the PPU andifficult to
trace through a manual inspection. A portion & ttoordination
is shown in Figure 14. The approach taken in tRIST
implementation is similar to that of OpenMP and ReHds using
a loop that iterates through each SPU, settingpiesation context
and assigning it a portion of memory holding theada will
operate on. An example of the setup coupling conication and
computation is shown in context acquisition (Figaee lines 4,
5). In particular, the communication of data iedtito the
computation in the Cell architecture in that a gi&PU can only
perform computation on a contiguous data blockyfégl4: line
11).

3.3 A Simple Mapping

Table 3 outlines some of the linguistic support amaming
conventions used within the three implementatiomyeyed in
Section 3.1 in terms of computation and commurocatiThough
these are simple notions at first blush, their tiefeship is
complex, as some lines of code serve a dual
accomplishing both.

Table 3: Keywords identifying computation and
communication in three parallel reduction implemenations.

Parallel . Computation Communication
Mechanism
cuda_malloc
cudaMemcpy
CUDA —global_ cudaThreadSynchronize
syncthreads
barrier
malloc
_kernel_ commandqueue
OpenCL clGetDevicelDs clReleaseMemObject
clCreateContext .
clCreateCommandQueus clEnqueueWriteButfer
clEnqueueReadBuffer
clCreateBuffer
task_data
data_size
I;eﬁﬁgatcgrﬁft?;rt]or use_1_q_per_task
MapReduce P P I1_cache_size
num_procs ;
L data_size
unit_size
num_map_threads
num_merge_threads

purpose

tag to mark the kernel module. This kernel modwdacept also
exists in OpenCL and is identified wittkernel  tag.

In addition to this tag, OpenCL provides extensiiguistic

support for both computation and communicationasstmaking
many steps actually more explicit. For examplejigeand task
management functions are provided, as well as thsseciated
with memory allocation, buffer creation and buffead/writes
through the OpenCL library.

MapReduce provides library support for partitioniofgdata, and
semantic support in the form of naming conventicias
scheduling arguments.

Ontology
Entities
communication
apReduce
OpenCL
computation CUDA
MapReduce

0 10 20 30 40 50 60 70 80 90 100
Lines of Code {%)

Figure 15: Computation and communication breakdowrin
three implementations of a simple reduction.
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communication
—intersection

apReduce

computation
—intersection

MapRedlce

nCL

intersection

educe

0 10 20 30 40 50 60 70 80 90 100

Lines of Code {%)

Figure 16: Computation and communication intersectin in
three implementations of a simple reduction.

CUDA provides library support mechanisms for memory Figure 15 shows the percentage of code from eapfementation

allocation and thread synchronization to supporhmoinication,
but in terms of computation, identifiers are lindite theglobal

in each category. The dual responsibility ofregi line of code
becomes evident when we consider that for eacheimghtation
the combination of computation and communicatiorunts



exceeds 100% of the code base. Figure 16 isolttiss
intersection between computation and communicatstrmwing
that the intersection of these two entities is ant fsubstantially
larger than either in isolation for all three exdesp

Table 4 shows some of the keywords used withinRfibreads,
OpenMP and Cell implementations that helped in toele
categorization.  Linguistic support is minimal both PThreads
and OpenMP, but for very different reasons. Pdtiseyields a
high level of control in terms of how computatiansplit up and
performed, and generic support for communicatiothanform of
synchronization constructs. OpenMP handles all tliése
resource decisions and synchronization in the backgl,
concealing the need for linguistic support. The ll Ce
implementation leverages naming conventions in ikientifiers
that assist in the identification of computatiomedhat would run
on the SPUs. Function naming conventions and uilibrary
mechanisms for memory allocation, reading datacarmadinating
the computation, helped to more identify code assed with
communication.

Table 4: Keywords identifying computation and
communication in three parallel FFT implementations

Parallel . Computation Communication
Mechanism
sem*
PThreads implicit mutex
kill
implicit Lo
OpenMP #pragma implicit
spu_read_in_mbox
cell_nspe :
wait
spudmald
Cell N ) cell_spe_awake_all
.spuc files .
. cell_spe_wait_all
Spu main :
cell_aligned_malloc

Figures 17 and 18 show that, in the FFTW code btss,
dominant intersection is again a feature in thiplementation.
We now plunge deeper into its possible ramification

Figure 17: Computation and communication breakdowrin
three implementations of FFT.

Figure 18: Computation and communication intersedbn in
three implementations of a simple reduction.

4. DEFINING THE ONTOLOGY

The preliminary case studies described in SectiGu@ort the
need for a more fine-grained classification, clegriup the
contents of the overlap or intersection as muchassible. We
want to retain the high-level conceptual model ofmputation
and communication, as they were useful as a stddwever, to
become more precise, we believe a finer-granularity
representation is best achieved through a hieratlstructure
provided by an ontology. Further, we hope to dean ontology
that could serve as a useful platform for pattessighers—
revealing relationships that could be shared baiveesle bases.
Here we propose a more fine-grained breakdown pfpedation

and communication based on observations outlin&eation 3.

4.1 ldentifying Entities

In this first stage of deriving the ontology, weeus combination
of related work and concrete evidence from the cbdses to
identify key entities involved.

4.1.1 Computation

In terms of pure computation in a parallel applmat from our
observations we have identified two finer-grainesl lentities:
task and sequential The task encompasses the actual
computation performed in parallel, or its directdnation, versus
the sequential portion, some might consider théifigy factor in
Amdahl’s law.

This task entity aligns with the parallel programgimodel
originally identified in embedded applications [18hd high-
performance computing [18], in which one of thdical steps in
parallelism is ‘the division of the application anparallel tasks'.

The sequential portion of the code in the implementation
mechanisms considered here show a good deal aftieariin the



degree to which they are implicit/explicit regarmglimesource
provisioning in the setup for the actual paraltalis

4.1.2 Communication

In both case studies, the examples were purelydbasedata
parallelism, with no inter-worker communication aived. Pure

communication in these examples was primarily tghosome

form of shared memory or shared state. From tbbservations
we have identified two finer-grained key entitieslata

distribution and synchronization Data can be distributed
through shared memory or placement of the data irwith

worker's local memory space, whereas
mechanisms tend to communicate through shared. statsis
finer-grained breakdown of communication aligns hwithe
following characteristics of parallel support megisans from
[11]: ‘distribution of data to memory elementsida‘inter-task
synchronization’.

4.1.3 Breaking Down the Intersection

While we can somewhat logically parcel out the teggtiof pure
computation and communication, these four entitiEs not
encompass everything that is going on in the co@®r case
study identified an intersection that primarily tmins code
necessary for setup for computation and commuicatiFrom
these observations of the code we identify two tiesti
corresponding to this setup codetask coordinationand data
coordination

While the task and data distribution are very digtientities, task
coordination and data coordination are more tightbupled.
They both involve provisioning of resources:

task coordination handles
primarily for computation,
communicated to tasks, and

resource provisioning
but it must also be

data coordination handling
primarily  for communication,
computation.

resource provisioning
associated  with

Figure 19 illustrates this overlap and begins twetlsp our
ontology for representing these necessary chaistiter of
parallel applications.

computation communication

data
coordination

task
coordination

synchronization  data

distribution
Figure 19. Relationships between computation and
communication entities.

scquential  task

Table 5 provides a summary of how each of theseestkies
could map to a language independent implementaBaguential
would be algorithm dependant, but in our case stutiinds to be
associated with the setup phasBaskmaps to the computation,

whereastask coordinationcorresponds to resource and context

management. Data coordinationmaps to memory allocation,
partition sizes and buffer creation, wheredeta distribution
would be the actual data copying or assignment.nalfy

synchronizationvould map to the application of any provided or

derived synchronization primitives.

synchronimatio

Table 5: Mapping fine-grained entities to implemetation.

Entity Implementation description

Sequential computation L
computation coordination

Task direct computation
computation invocation
resource allocation

Task wrapper functions

Coordination arguments and context
gueue management
memory allocation
intermediate buffer creation
partition function invocation
partition size management

synchronization primitives

Data
Coordination

Synchronization

barriers
data copying
B;astt?ibution partition function

data assighment

4.2 Revealing Relationships

These results begin to identify the magnitudecoérdination
necessary in something as simple as the setup staggarallel
application. Yet, looking at each task on its owegeerdination
often does not appear to be explicit.  Similarlgsaurce
provisioning is only implicitly associated with awfination.

In fact, given the finer-granularity of entitiesopided in Table 5,
we can now re-categorize task coordination, datrdination,
and synchronization explicitly to be associatechwaitnew higher-
level entity:coordination.

Here we argue that, though task coordination cancleanly
reassigned to this higher-level, both synchroniratand data
distribution still contribute to communication aglyresulting in
the hierarchy in Figure 20.

This extended ontology of varying granularity sugpamot only
the comprehension of fine-grained entities in igofg but also in

a holistic view of entity relationships. The kelyacacteristic of
coordination entitiesis that they identify relationships between
other entities. These tiers in the ontology prevjzkrspectives
that can work in synergy to support the linking lofv-level
implementation details to high-level abstractiond patterns.

computation coordination communication

/N TSN

sequential  task task data synchronization  data
coordination coordination distribution

Figure 20: Extended ontology.

5. Coordination in Autocatakinetic Systems
Our previous analysis of the dishwashing activig dhe grade
7's solutions to this problem was through the sifigal task-
centric perspective of computation and communicatiection
2). The proposed ontology derived from the codsebamakes
coordination a first-class, top-level entity. Heve consider its
validity in the context of autocatakinetic scenario



Though explicitly, there was very little coordiraii that the
students consciously exhibited, the overall systeomtained

combinations of computation/communication basethelgs that
resulted implicitly in coordination, often throughulti-sensory
means, and resulting in sophisticated feedbacksloof$o, much
like in the derivation of the ontology from the eobdases, we can
see that coordination emerges as the agreed upmocpt in

dishwashing.

An open question we are exploring is the potentiadesign low
level patterns of coordination based on a reprasient of Petri
nets, in terms of states, transitions, firing amkens [25].
Though there is no abstraction that directly cqroesls to
different tasks within a Petri net, nodes are stdieat are

organized with a simple representation of multiptetrol flows
(tokens that progress) and transitions. For asitian to take
place all of the token requirements for the vertices [mimg
input into the transition must be met, capturingrdination.

Figures 21 and 22 represent the two most populatisos (b and
c) the students chose for the dishwashing scemariBetri nets.
Though these nets cleanly demonstrate the coordimaetween
very fine grained parts of a computation, there ns

corresponding visual support as to which particigsuperforming
which step of the task. As the abstraction ofgaskmplicit, so is
the need for communication—ironically, all thatlédt is a high
level perspective of coordination at a granulattitgt is finer than
that of task.

Figure 21: Petri net of solution B

Figure 22: Petri net of solution C



Petri nets have been expanded in a few directifamsexample,
coloured Petri nets highlight data flow [26] andj€ Oriented
Petri Nets (OOPNets) are designed to demonstrate
communication and coordination of objects withisyatem [27].
But to the best of our knowledge, Petri nets haot yet been
extensively leveraged by the design pattern comiputtiough
they appear to hold promise in the context of lewel patterns
for coordination.

We believe the dishwashing scenario serves to ataidhe
emergence of coordination in the ontology. Thoitgieems to be
a simple problem, many complexities arise assatiatéth

coordination—buffering, mutual exclusion, and tignrare all
nested within the space.

6. FULL ONTOLOGY MAPPING

In this section we refer back to the reduction BRT case studies
to consider the applicability of this finer-grainethpping to an
actual code base. Table 6 highlights the wayshithvkeywords
associated with implementation map to the ontologgrviewed
in Tables 3 and 4 in terms of computation and conioation.
This table allows us to consider this same datan frthe
perspective of the fine-grained entities and hoveythare
represented within each parallel implementation.

th

The sequentialportion of the code is implicit across the board.

Similarly, task and data distributionare highly algorithm and
implementation dependant and therefore the sugpoktided by
most parallel mechanisms is implicit. Though a rolugh

comparison of mechanisms it out of the scope & plaiper, it is
interesting to note that newer mechanisms in Opea@Lmoving
towards a more explicit identification of core camgttion and
support for reading/writing to memory. The cooation of the
task and data is also better supported througlariibfunctions.
For example, OpenCL's support for device setup gneue
management far exceeds that provided by CUDA. MdpBe

Table 6. Mapping

also provides task and data related schedulingnpseas for
tuning, but the support to make full use of theammeters is not
intuitive in our experience.

Of the parallel mechanisms that require synchrdioimato be
dealt with by the developer, they each provide sdoren of
linguistic support in the form of locking and tingimechanisms.

Leveraging the mapping discussed above, coupleth wier
interactive assistance during analysis, we sugthedtit may be
possible to semi-automate mapping of the fine-gmiontology
proposed to the six implementations discussed iati@e 3.
Subsections 6.1 and 6.2 outline the results ofetHfewe grain
mappings to the simple reduction and FFT implententa
respectively.

6.1 Simple Reduction

Figure 23 shows the results of mapping the fullotogy to the
MapReduce, CUDA and OpenCL implementations of aicedn
algorithm. The simplicity of this algorithm is hiighted by the
small percentage of code necessary for the taslemgntation.
The CUDA results show a slightly higher percentafjeask code
than MapReduce and OpenCL, but this is due toahethat the
CUDA reduction provides six alternative kernels hwit
optimization variations.

If we consider these results from the perspectivéhe top tier
entities of computation, coordination and commutidca we see
that for every code base, coordination is the krgertion of the
code. This lines-of-code count is a preliminardidator that
coordination may be the most labour intensive camepo of code
to write. It becomes equally apparent that frant&aolike

MapReduce and OpenMP work to minimize the amouwark

associated with this coordination. For examplethiese results
MapReduce is the only mechanism in which task doatibn is

smaller than data coordination and the synchrooizatis

completely implicit.

mechanism to entities.

Parallel Sequential Task Task Synchronization Data Data
Mechanism Coordination Coordination Distribution
sem*
PThreads implicit implicit implicit mutex malloc implicit
kill
OpenMP implicit implicit implicit implicit implict implicit
spu_read_in_mbox
Cell implicit *-spuc f_|Ies cell_nspe wait cell_aligned_malloc implicit
Spu main spudmald cell_spe_awake_all
cell_spe_wait_all
CUDA implicit _global_ _global_ cudaThreadSynchronlzecuda_ma”oc cudaMemcpy
syncthreads
malloc
_kemel_ . commandqueue .
OpenCL implicit _kernel_ clGetDevicelDs barrier clReleaseMemObject clEnqueueWriteBufer
clCreateContext . clEnqueueReadBuffer,
clCreateCommandQueug ClEnqueueriteButfer
clEnqueueReadBuffer
task_data
splitter data_size
partition splitter
L L num_procs Lo partition Lo
MapReduce implicit implicit unit_size implicit unit_size implicit
num_map_threads use_1_g_per_task,
num_merge_threads I1_cache_size,
key match_factor




Synchronization is the smallest piece of coordarattode in all
three implementations.  This demonstrates thatnimaber of
lines of code is not the best measure of compréehsirden, as
the difficulty with synchronization is well knownWe believe
these results highlight however, that this compielies in its
relationship to data and task coordination.

Figure 23: Full mapping onto 3 reduction implemenations.

6.2 FFT

Figure 24 provides the full ontology mapping restitr the three
FFT implementations using OpenMP, PThreads and. Cell
Similarly to the simple reduction code exampledadistribution
and task entities are small in terms of code péaggs. This
result can be attributed to the limited scope ef ¢tbde actually
being analyzed. Also similar to the results frame treduction
case study, coordination accounts for the largestiqn of the
code.

OpenMP completely conceals all synchronization asata
distribution. This is in contrast to the result see with the Cell
and PThreads implementation, which introduce mioas tdouble
the amount of code than any other mechanism adrots case
studies. In addition, the Cell implementation uiegs more
explicit data coordination than that of PThreadsrider to ensure
the data for each worker resides in a contiguouschksl of
memory.

Figure 24: Full mapping onto 3 FFT implementations
7. DISCUSSION AND CONCLUSIONS

This study is based on a line of code analysis ethanism
specific implementations of two common algorithnisit this
metric is by no means an indicator of the true ddgnburden
these lines introduce. Coordination arguably poses
disproportional difficulty in terms of program congpension, at
least in part due to its lack of modularity, buig@atue to the fact
that it subtly emerges from a complex relationshigtween
computation and communication.

Currently we face the precarious situation whergalpgism is
challenging because developers lack a means ofolxgl
possible internal dynamics and causal relationsthipstend to be
problematic in these code bases. Our study shbats many
important relationships are actually concealed arplicit.

Abstractions and mechanisms that hide these raktips as
opposed to accentuating them maybe in fact do rhare than
good in future code bases. Mechanisms and alistmacfor
parallelism are rapidly evolving, and though atténgto conceal
details is important for comprehension—concealihg twrong
details could further obscure the ability to revedtical patterns
that would enhance and support knowledge sharing.



We believe that the low-level application of anaagy mapping
to a code base can be used to help strengthen ptoateand
methodological approaches developers must apply ahy
parallelized source. Through refinement, our psgobontology
was able to represent relationships that can bgeden a more
coherent and conceptually concise manner.

We further propose a general framework for the mated
representation of the static and dynamic propertieparallel

applications [3]. As an extension of this work, @revision semi-
automated tool support to aid developers in theigasion of

‘Computation, Communication and Coordination forrdfel

Objectives’ (C3P0O). This navigation of parallgipéications
from an ontological perspective will help to clgrifsubtle
relationships in a static representation, and wa@dmenable to
views that include patterns and relationships betwgatterns. As
a proof of concept, Figure 25 illustrates a simpdele coloring
based on the six fine-grained entities of our mdgy! Though
this was manually derived, tool support could allevels of
zoom between top and second tier ontology entities.

Figure 25. Ontology based code coloring of MapRede
reduction implementation.

Patterns can be represented at various levels stfaation from
micropatterns [29] which capture a mechanicallyogeizable,
language specific expression, to well known languagnostic
design patterns [17], to dwarfs [11] which captetasses of
applications based on dynamic computation and camuation
patterns. Our ontology, in concert with the autt@dasupport of
C3PO, could support navigation of parallel appimat, at
different levels of “zoom”, across these three lewé abstraction.

The entity breakdown within a single implementatamuld be of
use to designers of mechanism-specific micropatern
Specifically, the clarification of relationshipstibeen entities can
support the identification of micropatterns for qartation,
communication or coordination not restricted taragle module.
Further, this can allow a developer to expose ioglahips
between micropatterns that may assist in the ifiesiion of
higher-level abstractions, such as design pattennsdwarfs.
C3PO could, given a micro pattern, potentially es@ related
design pattern or vice-versa, helping in the idmmatiion of
language agnostic patterns that hold across mesthaspecific
implementations.

With the growing number of parallel support meckars,
benefits also lie in the ability to compare acrassiltiple
implementations as we did in this study. As désaiabove, a
design pattern related to an implementation speaifcropattern
could be leveraged to create a similar implememnatiising
another parallel mechanism to target a differerthigecture.
Further, the relationship between multiple desigitgns that
comprise an implementation could be viewed at tla@garity of
entities.

Reasoning at the level of a single dwarf allows daelink
dynamic communication and computation patternshe dtatic
code view. This view can both assist in applicationing as well
as the identification of dwarf compositions. Foaewle, this case
study revealed the potential composition of a Mdd&lo dwarf
within the FFT spectral method. Understanding dwar
compositions can be further enhanced by compatiryg fine-
grained static representation of ontological esgitibetween
dwarfs.

Our goal is to put this ontology to work in the darof pattern
designers. Here we have explored its applicatiorossc six
different parallelization support mechanisms in ¢hatext of two
representative applications. Our results showdalenges of
categorizing lines of code and the utility of thesgities and their
relationships in program comprehension independétgnguage
specific representations. We believe that theystfdadditional

code bases leveraging alternative mechanisms guigedhis

ontology will reveal critical relationships commarithin these
code bases, and support the better representattbexgosure of
patterns to aid code comprehension.
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