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All	  future	  programming	  will	  be	  parallel	  

§  No	  future	  system	  will	  be	  single-‐core	  
§  parallel	  programming	  will	  be	  essen6al	  

§  It’s	  not	  just	  about	  performance	  
§  it’s	  also	  about	  energy	  usage	  

§  If	  we	  don’t	  solve	  the	  mul6core	  challenge,	  then	  no	  other	  advances	  
will	  ma>er!	  
§  user	  interfaces	  
§  cyber-‐physical	  systems	  
§  robo6cs	  
§  games	  
§  ...	  
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The	  Manycore	  Challenge	  

“Ul6mately,	  developers	  should	  start	  thinking	  about	  tens,	  hundreds,	  and	  
thousands	  of	  cores	  now	  in	  their	  algorithmic	  development	  and	  deployment	  
pipeline.”	  	  
	  
Anwar	  Ghuloum,	  Principal	  Engineer,	  Intel	  Microprocessor	  Technology	  Lab	  

“The	  dilemma	  is	  that	  a	  large	  percentage	  of	  mission-‐cri6cal	  enterprise	  applica6ons	  
will	  not	  ``automagically''	  run	  faster	  on	  mul6-‐core	  servers.	  In	  fact,	  many	  will	  
actually	  run	  slower.	  We	  must	  make	  it	  as	  easy	  as	  possible	  for	  applica6ons	  
programmers	  to	  exploit	  the	  latest	  developments	  in	  mul6-‐core/many-‐core	  
architectures,	  while	  s6ll	  making	  it	  easy	  to	  target	  future	  (and	  perhaps	  
unan6cipated)	  hardware	  developments.”	  
	  
Patrick	  Leonard,	  Vice	  President	  for	  Product	  Development	  
Rogue	  Wave	  SoYware	  

	  
The	  ONLY	  important	  challenge	  in	  Computer	  Science	  
Intel	  

	  
Also	  recognised	  as	  thema6c	  priori6es	  by	  EU	  and	  
na6onal	  bodies	  



Doesn’t	  that	  mean	  millions	  of	  threads	  
on	  a	  megacore	  machine??	  
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What	  are	  we	  trying	  to	  achieve?	  
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Parallelism	  and	  Concurrency	  



How	  to	  build	  a	  wall	  

(with	  apologies	  to	  Ian	  Watson,	  Univ.	  Manchester)	  



How	  to	  build	  a	  wall	  faster	  



How	  NOT	  to	  build	  a	  wall	  

Task	  idenMficaMon	  is	  not	  the	  only	  problem…	  
Must	  also	  consider	  Coordina6on,	  communica6on,	  placement,	  
scheduling,	  …	  

Typical	  CONCURRENCY	  
Approaches	  require	  the	  
Programmer	  to	  solve	  these	  



We	  need	  structure	  
We	  need	  abstracMon	  
	  
We	  don’t	  need	  another	  brick	  in	  the	  wall	  
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Some	  Common	  Pa<erns	  

§  High-‐level	  abstract	  pa>erns	  of	  common	  parallel	  algorithms	  
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Google	  map-‐
reduce	  combines	  
two	  of	  these!	  

Generally,	  we	  need	  
to	  nest/combine	  

pa>erns	  in	  arbitray	  
ways	  



The	  ParaPhrase/RePhrase	  Approach	  

§  Start	  bo>om-‐up	  
§  iden6fy	  	  (strongly	  hygienic)	  COMPONENTS	  
§  using	  semi-‐automated	  refactoring	  

§  Think	  about	  the	  PATTERN	  of	  parallelism	  
§  e.g.	  map(reduce),	  task	  farm,	  parallel	  search,	  parallel	  comple6on,	  ...	  

§  STRUCTURE	  the	  components	  into	  a	  parallel	  program	  
§  turn	  the	  pa5erns	  into	  concrete	  (skeleton)	  code	  
§  Take	  performance,	  energy	  etc.	  into	  account	  (mul6-‐objec6ve	  op6misa6on)	  
§  also	  using	  refactoring	  

§  RESTRUCTURE	  if	  necessary!	  (also	  using	  refactoring)	  
13	  

both	  legacy	  and	  
new	  programs	  



Components	  and	  AbstracMon	  

§  Components	  give	  some	  of	  the	  advantages	  of	  func6onal	  
programming	  
§  clean	  abstrac6on	  
§  pure	  computa6ons,	  easily	  scheduled	  
§  dependencies	  can	  be	  exposed	  

§  Hygiene/discipline	  is	  necessary	  
§  no	  unwanted	  state	  leakage	  

(e.g.	  in	  terms	  of	  implicit	  shared	  memory	  state)	  
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General	  Technique	  

Refactorer	  

Erlang	   C/C++	  

Cos6ng/
Profiling	  

Erlang	   C/C++	  

Pa<ern	  
Library	  

AMD	  
Opteron	  

AMD	  
Opteron	  

Intel	  
Core	  

Intel	  
Core	  

Nvidia	  
GPU	  

Nvidia	  
GPU	  

Intel	  
GPU	  

Intel	  
GPU	  

Nvidia	  
Tesla	  

Intel	  
Xeon	  Phi	  

Mellanox	  Infiniband	  

...	  Haskell	  

...	  Haskell	  



Refactoring	  

§  Refactoring	  changes	  the	  
structure	  of	  the	  source	  code	  
§  using	  well-‐defined	  rules	  
§  semi-‐automaBcally	  under	  

programmer	  guidance	  
	  
	  
	  
	  
	  
	  
	  
	  
	  

Review



Refactoring:	  Farm	  IntroducMon	  
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Farm	  

S1 � S2 ⌘ Pipe(S1, S2) pipe seq
Map(S1 � S2, d, r) ⌘ Map(S1, d, r) �Map(S2, d, r) map fission/fusion
S ⌘ Farm(S) farm intro/elim
Map(F, d, r) ⌘ Pipe(Decomp(d)), Farm(F ), Recomp(r)) data2stream
S1 ⌘ Map(S

0
1, d, r) map intro/elim

Figure 3.3: Some Standard Skeleton Equivalences

The following describes each of the patterns in turn:

• a MAP is made up of three OPERATIONs: a worker, a partitioner, and a
combiner, followed by an INPUT;

• a SEQ is made up of a single OPERATION denoting the sequential compu-
tation to be performed, followed by an INPUT;

• a FARM is made up of a single OPERATON denoting the working, an INPUT
and the number of workers (NW); and,

• a PIPE is made up of at least one OPERATION denoting each stage of the
pipeline, followed by an INPUT.

Each pattern has an IDENT attribute, allowing other patterns to reference it. This
flattens the XML structure instead of nesting, providing a structure that is easier to
read and reason about. Finally, an OPERATION is either a COMPONENT (describ-
ing the module, name and language for a unit of computation) or another pattern
(described by a reference to the pattern’s identifier).

3.2 Language-Independent Rewrite Rules

In this section we introduce a number of language-independent skeleton rewrite
rules that will be used to motivate the refactoring rules given in the remainder of
the chapter. Figure 3.3 shows four well-known equivalences. Here Pipe, � and
Map refer to the skeletons for parallel pipeline, function composition and parallel
map, respectively, S denotes any skeleton, and Seq(e) denotes that e is a sequential
computation. All skeletons work over streams. Decomp and Recomp are primi-
tive operations that work over non-streaming inputs. d and r are simple functions
that specify a decomposition (d :: a ! [b]), and a recomposition (r :: [b] ! a),
as with the Partition and Combine functions above. Working from left to
right in these equivalences introduces parallelism, while working from right to left
reduces parallelism. Reading from left to right, we can therefore interpret the rules
as follows:

30



ParaPhrase	  Parallel	  C++	  Refactoring	  

§  Integrated	  into	  Eclipse	  
§  Supports	  full	  C++(11)	  standard	  
§  Uses	  strongly	  hygienic	  components	  

§  func6onal	  encapsula6on	  (closures)	  
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Image	  ConvoluMon	  
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ff_pipeline pipe;   
StreamGen streamgen(NIMGS,images); 
pipe.add_stage(&streamgen); 
pipe.add_stage(new genStage); 
pipe.add_stage(new filterStage); 
 
pipe.run_and_wait_end(); 

ff_farm<> gen_farm; 
gen_farm.add_collector(NULL); 
std::vector<ff_node*> gw; 
for (int i=0; i<nworkers; i++) 
    gw.push_back(new gen_stage); 
gen_farm.add_workers(gw); 
   
ff_pipeline pipe;   
StreamGen streamgen(NIMGS,images); 
pipe.add_stage(&streamgen); 
pipe.add_stage(&gen_farm); 
pipe.add_stage(new filterStage); 
 
pipe.run_and_wait_end(); 

ff_farm<> gen_farm; 
gen_farm.add_collector(NULL); 
std::vector<ff_node*> gw; 
for (int i=0; i<nworkers; i++) 
    gw.push_back(new gen_stage); 
gen_farm.add_workers(gw); 
     
ff_farm<> filter_farm; 
filter_farm.add_collector(NULL); 
std::vector<ff_node*> gw2; 
for (int i=0; i<nworkers2; i++) 
    gw2.push_back(new CPU_Stage); 
filter_farm2.add_workers(gw2); 
   
StreamGen streamgen(NIMGS,images); 
ff_pipeline pipe; 
pipe.add_stage(&streamgen); 
pipe.add_stage(&gen_farm); 
pipe.add_stage(&filter_farm); 
 
pipe.run_and_wait_end(); 

Component<ff_im> genStage(generate); 
Component<ff_im> filterStage(filter); 
for(int i = 0; i<NIMGS; i++) { 
  r1 = genStage.callWorker( 
             new ff_im(images[i])); 
  results[i] = filterStage.callWorker( 
             new ff_im(r1)); 
} 

Step%1:%Introduce%Components%

Step%2:%Introduce%Pipeline%

Step%3:%Introduce%Farm%Step%4:%Introduce%Farm%

Figure 2. Refactoring the Image Convolution Algorithm (Algorithm 1), first introducing parallel components (Step 1), then introducing a parallel pipeline (Step
2), before adding two levels of farm (Steps 3 and 4).

pipeline waits for the result of the computation, using a
run_and_wait_end() method call. Any dependencies be-
tween the output of genStage and the input of filterStage
are detected automatically.

Every refactoring that introduces new code has a correspond-
ing inverse: for example, Farm Elimination inverts Introduce
Farm; and Pipeline Elimination inverts Introduce Pipeline.
This allows any combination of rules to be inverted (undone).
The refactorings are also fully nest-able, allowing, for example,
a farm, such as �(f1�f2) (a task farm, �, where the worker
is a function composition, �, of two components, f1 and f2), to
be refactored into �(f1 k f2) (transforming the composition
into a parallel pipeline, k). In this way farms and pipelines
may be formed and reformed in any way that is necessary for
the parallel application.

Our refactoring prototype2 is implemented in Eclipse,
under the CDT plugin. The programmer is presented with
a menu of possible refactorings to apply. The decision to
apply a refactoring and introduce a skeleton is made by the
programmer. Once a decision has been made, all required code-
transformations are performed automatically. We therefore rely
on the programmer to make informed decisions, and can
exploit any knowledge/expertise that they may have, but do
not require him/her to have deep expertise with parallelism.

2Available at: http://www.cs.st-andrews.ac.uk/~chrisb/refactorer.zip

Algorithm 1 Sequential Convolution Before Component In-
troduction

1 for(int i = 0; i <NIMGS; i++) {
2 r1 = generate(new ff_image(images[i]));
3 results[i ] = filter (new ff_image(r1));
4 }

III. USE CASES

In this section we illustrate the use of the refactorings above
on a set of medium-scale realistic benchmarks. For each use
case, we start with the original sequential implementation in
C++, and apply the refactorings from Section II in order
to obtain an optimised parallel version. The refactoring pro-
cess demonstrated here relies on programmer knowledge to
know when and where to apply the refactorings, based on
profiling information and knowledge about the patterns from
Section I-B, and following the methodology of Section I-A. In
order to properly evaluate our refactoring tool, parallelisation
was performed twice for each use-case: once using the refac-
toring tool and once on a purely manual basis. The refactoring-
based parallelisation will be discussed in detail below. In
all cases, Both versions give almost identical performance.
However, the development time using refactoring was much
faster, giving a clear and significant advantage of nearly one
order of magnitude over the manual implementation.
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Image	  Processing	  Example	  
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Read	  Image	  1	   Read	  Image	  2	  

White	  
screening	  

Merge	  
Images	  

Write	  Image	  



Basic	  Erlang	  Structure	  

[ writeImage(convertMerge(readImage(X))) 
|| X <- Images() ]

readImage({In1, in2, out) ->
…
{ Image1, Image2, out}.

convertImage({Image1, Image2, out}) ->
Image1P = whiteScreen(Image1),
Image2P = mergeImages(Image1, Image2),
{Image2P, out}.

writeImage({Image, Out}) -> …
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Program	  Structure	  
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convert	  

for	  each	  image,	  i.	  
	  write	  (convert	  (read	  i))	  	  

Sequen6al	  

Parallel	  

Pipeline	  Farm	  

read	   read	   read	  

Farm	  

write	   write	   write	  



AlternaMve	  Program	  Structure	  
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for	  each	  image,	  i.	  
	  write	  (convert	  (read	  i))	  	  

Sequen6al	  

Parallel	  
Farm	  

write	  .	  
convert	  .	  
read	  

write	  .	  
convert	  .	  
read	  

write	  .	  
convert	  .	  
read	  



Refactoring	  Demo	  
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Speedup	  Results	  
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§  24	  core	  machine	  at	  Uni.	  Pisa	  
§  AMD	  Opteron	  6176.	  800	  Mhz	  
§  32GB	  RAM	  
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Speedup	  Results	  (Image	  Processing)	  
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Large-‐Scale	  Demonstrator	  ApplicaMons	  

§  ParaPhrase	  tools	  are	  being	  used	  by	  commercial/end-‐user	  partners	  
§  SCCH	  (SME,	  Austria)	  
§  Erlang	  Solu6ons	  Ltd	  (SME,	  UK)	  
§  Mellanox	  (Israel)	  
§  ELTESoi,	  Hungary	  (SME)	  
§  AGH	  (University,	  Poland)	  
§  HLRS	  (High	  Performance	  Compu6ng	  Centre,	  Germany)	  



Speedup	  Results	  (demonstrators)	  
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Figure 3. Refactored Use Case Results in FastFlow

code and simply points the refactoring tool towards them. The
actual parallelisation is then performed by the refactoring tool,
supervised by the programmer. This can give significant sav-
ings in effort, of about one order of magnitude. This is achieved
without major performance losses: as desired, the speedups
achieved with the refactoring tool are approximately the same
as for full-scale manual implementations by an expert. In
future we expect to develop this work in a number of new
directions, including adding advanced performance models to
the refactoring process, thus allowing the user to accurately
predict the parallel performance from applying a particular
refactoring with a specified number of threads. This may be
particularly useful when porting the applications to different
architectures, including adding refactoring support for GPU
programming in OpenCl. Also, once sufficient automisation
of the refactoring tool is achieved, the best parametrisation
regarding parallel efficiency can be determined via optimisa-
tion, further facilitating this approach. In addition, we also
plan to implement more skeletons, particularly in the field of
computer alegbra and physics, and demonstrate the refactoring
approach with these new skeletons on a wide range of realistic
applications. This will add to the evidence that our approach is
general, usable and scalable. Finally, we intend to investigate
the limits of scalability that we have obvserved for some of our
use-cases, aiming to determine whether the limits are hardware
artefacts or algorithmic.
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BowMe2:	  most	  widely	  used	  DNA	  
alignment	  tool	  
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figure. The convolution is defined as a two stage pipeline (k),
with the first stage being a farm (�) that generates the images
(G), and the second stage is a farm that filters the images (F ).
In the convolution, the maximum speedup obtained from the
refactored version is 6.59 with 2 workers in the first farm and
8 workers in the second farm. There are also three workers
for each pipeline stage, (two for the farm stages, and one for
the initial streaming stage), plus threads for the load balancers
in the farm, giving a total of 15 threads. Here, the nature of
the application may limit the scalability. The second stage of
the pipeline dominates the computation: the first stage takes
on average 0.6 seconds and the second stage takes around
7 seconds to process one image, resulting in a substantial
bottleneck in the second stage.

The Ant Colony Optimisation scales linearly to give a
speedup of 7.29 using 8 farm workers, after which the per-
formance starts to drop noticeably. We observe only relatively
modest speedups (between 3 and 4) with more than 12 farm
workers. The Ant Colony Optimisation is quite a memory-
intense application, and all of the farm workers need to access
a large amount of shared data (processing times, deadlines
and weights of jobs, together with ⌧ matrix), especially since
we are considering instances where the number of jobs to be
scheduled is large. We suspect that the drop in performance
is due to expensive memory accesses for those farm workers
that are placed on remote cores (i.e., not in the same processor
package). The fact that the decrease in performance occurs at
about 10 farm workers confirms this: this is exactly the point
where not all of the farm workers can be placed on cores from
one package3. However, more testing is needed to precisely
pinpoint the reasons for the drop in performance.

For the BasicN2 use case (shown in Listing 4 in the
right column), the refactored version achieves a speedup of
21.2 with 24 threads. The application scales well, with near
linear speedups (up to 11.15 with 12 threads). After 12
threads, the speedups decrease slightly, most likely because the
refactored code dynamically allocates memory for the tasks
during the computation, resulting in some small overhead.
FastFlow also reserves two workers: one worker for the load
balancer and one for the farm skeleton, so the maximum
speedup achievable with 24 threads is only 21.2. BasicN2
gives scalable speedups due to its data-parallel structure, where
each task is independent, and the main computation over each
task dominates the computation. In Listing 4, we also show
the manually parallelised version in FastFlow, which achieves
comparable speedups of 22.68 with 24 threads. The manual
refactored code achieves slightly better speedups due to the
fact that only one FastFlow farm is introduced in the code.
However, in the refactored version, due to the refactoring tool’s
limitation, we introduce two FastFlow farms with an addition
synchronisation point between them. The refactoring tool does
not yet have provision to merge two routines into one, which
can be achieved by an experienced C++ programmer.

The Graphical Lasso use case gives a scalable speedup of
9.8, for 16 cores, and stagnates afterwards. This is similar to
manually ported FastFlow code, and to results obtained with
an OpenMP port (where we achieved a maximum speedup of
11.3 on 16 cores). Although the tasks parallelised here are, in
principle, independent, we expected significant deviation from

3FastFlow reserves some cores for load balancing, the farm emitter/collector.

Man.Time Refac. Time LOC Intro.
Convolution 3 days 3 hours 58
Ant Colony 1 day 1 hour 32

BasicN2 5 days 5 hours 40
Graphical Lasso 15 hours 2 hours 53

Figure 3. Approximate manual implementation time of use-cases vs.
refactoring time with lines of code introduced by refactoring tool

linear scaling for higher numbers of cores, because of cache
synchronisation (disjunct but interleaving memory regions are
updated in the tasks), and an uneven size combined with a
limited number of tasks (48). At the end of the computation,
some cores will wait idly for the completion of remaining
tasks. Consequently, the observed performance matched our
expectations, providing considerable speedup with a small
investment in manual code changes.

Table 3 shows approximate porting metrics for each use
case, with the time taken to implement the manual parallel
FastFlow implementation by an expert, the time to parallelise
the sequential version using the refactoring tool, and the
lines of code introduced by the refactoring tool. Clearly the
refactoring tool gives an enormous saving in effort over the
manual implementation of the FastFlow code.

V. RELATED WORK

Refactoring has a long history, with early work in the field
being described by Partsch and Steinbruggen in 1983 [16], and
Mens and Tourwé producing a survey of refactoring tools and
techniques in 2004 [15]. The first refactoring tool system was
the fold/unfold system of Burstall and Darlington [7] which
was intended to transform recursively defined functions. There
has so far been only a limited amount of work on refactoring
for parallelism [12]. We have previously [13] used Template
Haskell [17] with explicit cost models to derive automatic
farm skeletons for Eden [14]. Unlike the approach presented
here, Template-Haskell is compile-time, meaning that the
programmer cannot continue to develop and maintain his/her
program after the skeleton derivation has taken place. In [2],
we introduced a parallel refactoring methodology for Erlang
programs, demonstrating a refactoring tool that introduces and
tunes parallelism for Skeletons in Erlang. Unlike the work
presented here, the technique is limited to Erlang is demon-
strated on a small and limited set of examples, and we did
not evaluate reductions in development time. Other work on
parallel refactoring has mostly considered loop parallelisation
in Fortran [19] and Java [10]. However, these approaches are
limited to concrete and fairly simple structural changes (such
as loop unrolling) rather than applying high-level pattern-based
rewrites as we have described here. We have recently extended
HaRe, the Haskell refactorer [5], to deal with a limited
number of parallel refactorings [6]. This work allows Haskell
programmers to introduce data and task parallelism using small
structural refactoring steps. However, it does not use pattern-
based rewriting or cost-based direction, as discussed here. A
preliminary proposal for a language-independent refactoring
tool was presented in [3], for assisting programmers with in-
troducing and tuning parallelism. However, that work focused
on building a refactoring tool supporting multiple languages
and paradigms, rather than on refactorings that introduce and
tune parallelism using algorithm skeletons, as in this paper.



Conclusions	  

§  The	  manycore	  revolu6on	  is	  upon	  us	  
§  Computer	  hardware	  is	  changing	  very	  rapidly	  

(more	  than	  in	  the	  last	  50	  years)	  
§  The	  megacore	  era	  is	  here	  (aka	  exascale,	  BIG	  data)	  

§  Heterogeneity	  and	  energy	  are	  both	  important	  

§  Most	  programming	  models	  are	  too	  low-‐level	  
§  concurrency	  based	  
§  need	  to	  expose	  mass	  parallelism	  

§  Pa>erns	  and	  funcBonal	  programming	  help	  with	  abstrac6on	  
§  millions	  of	  threads,	  easily	  controlled	  

§  Refactoring	  helps	  with	  program	  structure	  

	  



Isn’t	  this	  all	  just	  wishful	  thinking?	  
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Rampant-‐Lambda-‐Men	  in	  St	  Andrews	  



NO!	  

§  C++11/14	  has	  lambda	  func6ons;	  C++17	  will	  have	  more	  
§  Java	  8	  will	  have	  lambda	  (closures)	  
§  Apple	  uses	  closures	  in	  Swii	  
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Research	  Challenges	  

§  How	  do	  we	  move	  soiware	  engineering	  into	  the	  manycore	  era	  
§  requirements,	  debugging,	  tes6ng/verifica6on,	  development	  methodologies,	  legacy	  codes,	  etc.	  

§  Can	  we	  model	  parallelism	  formally	  
§  when	  is	  one	  program	  “be>er”	  than	  other	  
§  Can	  we	  prove	  this???	  

§  How	  do	  we	  deal	  with	  the	  “megacore	  challenge”	  
§  scaling,	  heterogeneity,	  mul6ple	  levels	  

§  What	  are	  the	  best	  abstrac6ons	  for	  parallelism	  
§  skeletons	  (what	  skeletons?),	  evalua6on	  strategies,	  ...	  
§  How	  do	  we	  help	  the	  programmer	  “think	  parallel”	  
§  What	  do	  we	  do	  if	  a	  pa>ern	  doesn’t	  quite	  fit	  the	  problem	  

§  How	  do	  we	  understand	  performance	  
§  visualisa6on,	  abstrac6on,	  formal	  reasoning,	  ...	  

§  How	  can	  we	  analyse	  resource	  usage	  in	  parallel	  systems	  
§  Time,	  energy,	  ...	  

§  What	  about	  tool	  support	  (e.g.	  refactoring)	  
§  Can	  we	  do	  it	  all	  automa6cally??	   36	  
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ParaPhrase	  Needs	  You!	  

•  Please	  join	  our	  mailing	  list	  
and	  help	  grow	  our	  user	  community	  
§  news	  items	  
§  access	  to	  free	  development	  soiware	  
§  chat	  to	  the	  developers	  
§  free	  developer	  workshops	  
§  bug	  tracking	  and	  fixing	  
§  Tools	  for	  both	  Erlang	  and	  C++	  

•  Subscribe	  at	  

•  We’re	  also	  looking	  for	  open	  source	  
developers...	  
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