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Abstract

In recent years, on-line processing of data streams (DaSP) has been estab-
lished as a major computing paradigm. This is due mainly to two reasons:
first, more and more data that are generated in near real-time need to be
processed; the second reason is given by the need of efficient parallel appli-
cations. However, the above-mentioned areas expose a tough challenge over
traditional data-analysis techniques, which have been forced to evolve to a
stream perspective.

In this work, we apply a novel multiple back end programming frame-
work for stream data and task based parallelism to a multi-staged diffusion
magnetic resonance imaging (MRI) application toolkit, named pHARDI. The
results demonstrate the benefits of using our framework in terms of perfor-
mance and memory usage. The evaluation carried out also depicts that the
speed-up of our parallel framework increases with the problem size.

Keywords: Data stream processing, GrPPI, Task-level parallelism,
Data-level parallelism, MRI reconstruction

1. Introduction

High-level parallel programming models can help application developers
to access and use resources without the need to manage low-level architec-
tural entities, as a parallel programming model defines a set of programming
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abstractions that simplify the way the programmer structures and expresses
an algorithm.

Typically, both analysis and data processing have been carried out in a
batch fashion (i.e. the different computing iterations were applied over a set
of stored data). However, in recent years, domains that need a set of con-
stantly refreshed information have gained greater importance. For instance,
this is the case of application fields such as scientific computing research [1],
environmental research by means of sensor networks, social network analyt-
ics, and many others. In these research areas, batch techniques cannot be
applied since those techniques do not meet their computing needs.

The lack of effective tools for approaching this kind of problems has been
solved by evolving traditional paradigm to the stream processing paradigm.
In this paradigm, a constant flow of information retrieved from a set of
sources needs to be analyzed/processed and the results must be reported in
near real-time. Another outstanding need of this kind of problems is the
urgency for retrieving the computed results because they either are used
in decision-making processes, or are meaningful only during a limited time
frame. The trend of continuous data flow processing under time constraints
has been named near real-time stream processing. Moreover, the industry
and the academic community have developed High Throughput Computing
(HTC) techniques to provide solutions for these scenarios. HTC is the data-
intensive variant of HPC.

Fast data processing is a fundamental requirement in stream processing.
To achieve a high processing throughput, there is a need to replace the batch-
like typical approach to novel strategies. One of these new strategies is
pipeline processing, consisting in reading the incoming data and processing
them through a sequence of user-defined stages.

In a previous work [2], we presented a comparative study of the generic
interface for parallel patterns, namely GrPPI, under a real use case. By
using performance and hardware metrics, we compared a stream-based diffu-
sion magnetic resonance imaging (MRI) application toolkit, named pHARDI,
under different aspects such as CPU time, cache efficiency, and memory con-
sumption.

The main contribution of this paper is to present the benefits of using
a novel data and task-based runtime for data streaming below MRI appli-
cations. The proposed solution aims to increase productivity by employing
well-known parallel patterns that encapsulate algorithm features in paral-
lel applications. The presented approach permits to execute the application
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under different parallel platforms with minimal modifications of the source
code. In addition, we present an extended evaluation that compares this new
execution mode with other existing ones, studying the impact of the size for
two different datasets.

The rest of the paper is structured as follows. Section 2 introduces stream-
ing parallel patterns as well as GrPPI, a generic interface to those patterns.
Section 3 presents our task-based parallelism approach. Section 4 introduces
pHARDI, our diffusion magnetic resonance imaging toolkit. In Section 5,
we discuss about the experimental evaluation carried out. Section 6 revisits
related works that intersect with the contributions presented in this paper.
Finally, Section 7 presents major concluding remarks of this work.

2. Background

In this section, we introduce the pipeline and farm streaming parallel
patterns as well as the GrPPI interface to those patterns.

2.1. Streaming parallel patterns

In general, DaSP applications can be seen as data-flow computations in
the form of directed acyclic graphs (DAG), where the source node (producer)
gets items from some input stream, intermediate nodes perform some trans-
formation on them, and a sink node (consumer) dumps transformed items
to an output stream. To accelerate these applications, the nodes can be
executed in parallel as long as data item dependencies are preserved. As
observed in the literature [3, 4], a common and simple DAG construction in
DaSP applications is the pipeline, where the nodes in a topological ordering
have data item dependencies only with the previous node. Another common
construction is the farm pattern, where the transformation in a node is repli-
cated n times to increase its throughput. This allows for multiple stream
items to be computed in parallel.

The formal definitions of the pipeline and farm patterns are the following:

• Pipeline. Items from the input stream are processed in several se-
quential stages. Each stage processes data produced by the previous
stage and delivers results to the next one. Provided that the i-th
stage in a n-staged pipeline computes the function fi : α → β, the
pipeline delivers the item xi to the output stream applying the function
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fn(fn−1(. . . f1(xi) . . .)) (i.e. function composition). The main require-
ment of this pattern is that the transformations in the stages should
be independent from each other, i.e., they can be computed in paral-
lel without side effects. The parallel implementation of this pattern is
performed by using a set of concurrent entities, each of them taking
care of a single stage. Figure 1(a) shows a pipeline diagram.

• Farm. Transformation f : α→ β is computed in parallel over all items
from the input stream. Two items xi and xj can be transformed in
parallel producing f(xi) and f(xj). Consequently, transformation of
items need to be completely independent from each other. Figure 1(b)
shows a farm diagram.

Both pipeline and farm patterns can be composed to produce more effi-
cient applications. Basically, the compositions supported between the pipeline
and farm patterns are those in which the pipeline stages can be parallelized in-
dividually using the farm pattern. Thus, if a pipeline stage corresponds with
a pure function, this can be computed in parallel following a farm construct.
Throughout this paper, we denote the sequential stages of a pipeline with
“p”, the farm stages with “f” and the communication between two stages
with the symbol “|”. For instance, a pipeline comprised of 4 stages, where
the second and the third are farm stages, is represented by “(p|f|f|p)”.

(a) pipeline pattern. (b) farm pattern.

Figure 1: pipeline and farm pattern diagrams.
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2.2. GrPPI, a generic parallel pattern interface

In order to provide a generic interface to parallel patterns we have de-
fined GrPPI1, a generic and reusable parallel pattern interface for C++
applications [5]. This interface takes full advantage of modern C++ fea-
tures, metaprogramming concepts, and generic programming to act as switch
between the OpenMP, C++ threads, Intel TBB, and FastFlow parallel pro-
gramming models. Its design allows users to make use of the aforementioned
execution frameworks from a unified and compact interface, hiding away the
complexity behind the use of different implementation mechanisms. Further-
more, the modularity of GrPPI permits to easily integrate new patterns,
while combining them to arrange more complex constructs.

GrPPI accommodates a layer between the application programmer and
the different programming models. In this way, GrPPI can be used to
implement a wide range of existing stream-processing and data-intensive ap-
plications with relatively small effort, having as a result portable codes that
can be executed on multiple platforms.

Currently, GrPPI provides the following parallel programming patterns
for the aforementioned back-ends:

• Data patterns : Express computations over a data set.

– map, reduce, map/reduce, stencil.

• Task patterns : Express task composition.

– divide/conquer.

• Streaming patterns: Express computations as a (possibly unbounded)
data set.

– pipeline.

– Specialized stages: farm, filter, reduction, iteration

Listing 1 shows the pipeline and farm GrPPI C++ pattern generic func-
tions. We make use of generic programming with variadic templates and
forwarding references to take multiple callable entities (e.g. a function, a
function object, or a lambda expression) as transformations. Note as well

1https://github.com/arcosuc3m/grppi
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that the first parameter specifies the execution policy that shall be used to
execute the operators. This allows to separate the programming model used
as a back-end from the specific configuration of the computations.

Listing 1: Pipeline and farm interface.

1 template <typename E, typename G, typename ... Ts>

2 void pipeline(const E & execution , G && generator , Ts && ... transformers);

3
4 template <typename T>

5 farm_t <T> farm(int replicas , T && transformer);

Listing 2 depicts a pipeline where the first stage invokes read item to
get the next item in the stream. The second stage applies to each item the
transformation f() with four parallel replicas. The third stage applies to each
item the transformation g(). Finally, the fourth stage invokes write item

which writes each item to an output stream.

Listing 2: Pipeline and farm usage example.

1 parallel_execution_omp ex;

2 pipeline(ex,

3 read_item ,

4 farm (4 ,[]( auto && x) { return f(x); }),

5 []( auto && x) { return g(x); },

6 write_item

7 );

3. Generic task-based parallelism for multiple back-ends

In this paper, we present a novel back-end that follows a task-based paral-
lelization approach integrated into GrPPI. The main difference with respect
to the already implemented back-end using ISO C++ threads is that, instead
of employing a thread per stage, this back-end leverages a pool of threads
that executes the set of generated tasks. Each task represents the execution
of a stage function to a single data item. Therefore, instead of moving the
data across the different thread stages, the tasks are assigned dynamically
to each worker. This way, the proposed back-end leads to improved resource
exploitation in unbalanced scenarios.

This back-end is comprised of four different components:

• Task queue: With the aim of enabling communication and synchro-
nization mechanisms, we provide a First-In-First-Out (FIFO) queue
implemented as a circular bounded buffer that supports concurrent ac-
cesses for multiple producers and multiple consumers inspired by the
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Michael and Scott’s lock-free queue [6]. In such a way, multiple farm
threads can concurrently access to the queue. Execution order of each
task is determined by the Task generator.

• Scheduler: The scheduler is in charge of distributing the tasks among
the different workers. This scheduler contains a task queue that stores
the pending tasks and assigns them to a free worker in the pool of
threads. In this paper, we have implemented a FIFO scheduler but,
following the flexibility ideals of GrPPI, it can be modified using other
scheduling policies by modifying a single argument on the policy con-
struction. For instance, the FIFO scheduler can be extended using
multiple task queues, one per NUMA-node in the platform to improve
data locality by prioritizing the execution of tasks on the correspond-
ing queue to that threads that are running on a given NUMA-node.
Listing 3 shows an example of constructing a parallel execution task
policy using the proposed FIFO scheduler.

Listing 3: Task back-end construction.

1 parallel_execution_task ex{fifo_scheduler {}};

• Data manager: The data manager is in charge of receiving the data
items and storing them onto main memory providing a data location
ID. This way, the worker thread can access easily to the data related
to the task that is executing. In this version, we only make use of main
memory storage but it can be extended in a future version to support
the use of long-term storage.

• Task generator: The task generator is in charge of generating the ini-
tial tasks of a given parallel pattern. We distinguish two data sources:
i) data source: data are available and the number of elements is known
prior pattern execution, e.g. in a container, where the different data
items can be also accessed in a parallel way, and ii) stream source: the
number of elements is not known and requires an initial sequential ac-
cess to the data items. Then, depending on the source type, all tasks
are generated at the beginning of the pattern execution (data source) or
they are generated as soon as the data items become available (stream
source). It is important to highlight that the task granularity is user-
defined, considering the data item size read from the source (generator
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function). The current implementation does not support failure recov-
ery of tasks, since it is currently designed for shared memory systems,
and therefore, its behaviour is similar to other solutions such as Intel
TBB or OpenMP. In the future, we plan to support this functionality in
a similar way to Big Data frameworks such as Apache Spark or Apache
Flink, in where tasks are re-scheduled in presence of failures.

Algorithm 1 Task generation algorithm.

Id = 0
if Generator = Data Source then

for all DataItem ∈ Data Source do
Task = {DataItem.location, Id}
Scheduler.produce task(Task)
Id+ +

end for
end if
if Generator = Stream Source then

while (DataItem = Stream Source.read()) 6= Empty do
Task = {DataItem.location, Id}
Scheduler.produce task(Task)
Id+ +

end while
end if
Scheduler.communicate end()

Algorithm 1 describes the GrPPI task generation process depending on
the data source type. As observed, in the case of a data source, where the data
are available and the number of items is known prior to pattern execution,
the generator creates a task per data element contained in the data source
and send them to the scheduler as they appear. Otherwise, if the number of
data items is unknown, i.e. data are read from a data stream, the generation
task produces a task per data item that is acquired from the data source and
it sends them to the scheduler. In any case, the scheduler will process all
tasks until the end of the stream is reached (in case of a stream source) or
all tasks are finished (data source). Finally, after creating the last task, the
generator will indicate to the scheduler that it will not generate more tasks
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and it can finalize its execution as soon as all the pending tasks complete
their execution.

Figure 2: GrPPI task back-end schema.

Figure 2 represents the general schema of the proposed task back-end
using a data stream as data source. As observed in the figure, each time
a new data item arrives at the input stream, the task generation stores the
read data onto the main memory through the data manager. Afterwards,
the data manager returns an ID to identify the data location and the task
generator produces a task which is stored into a task queue. Simultaneously,
the workers ask to the scheduler for new tasks. When a worker obtains a
given task, it accesses to the data manager and obtains the data using the
data location of the task. Finally, if the finished task is not a sink, the
worker stores the resulting data through the data manager and generates the
next task, otherwise, it notifies the scheduler that the data item has been
consumed and asks for a new task.

4. Use case: diffusion magnetic resonance imaging toolkit

Diffusion magnetic resonance imaging is a non-invasive technique capa-
ble of quantifying the diffusion process of water molecules in living biological
tissues. Its main application is the study of the local geometry and wiring
pattern of the human brain white matter. A large number of neuroscience
research studies and clinical applications have been conducted in the last
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decade [7]. Many of these studies are based on different intra-voxel (volu-
metric pixel) models of molecular diffusion, which in turn, require different
sampling schemes to collect the data and fitting algorithms.

In order to facilitate the widespread use of the molecular diffusion tech-
nique, in a previous work [8], we have developed a novel toolkit called
pHARDI and a porting of the Matlab application to high-performance C++
codes: CPU/GPU-accelerated spherical deconvolution of diffusion MRI data.
The purpose of pHARDI2 is twofold: (1) to provide in a single toolkit an
extensive and diverse set of reconstruction methods for different sampling
protocols, and (2) to accelerate the reconstruction process by means of high
quality linear algebra libraries. The toolkit has a layer-based design allow-
ing to parallelize the computations via multiple accelerators in a wide range
of devices, including co-processors, multi-core CPU, and GPU devices. In-
cluding new methods in pHARDI is facilitated by the modular design of the
toolbox. Experimental evaluation showed that pHARDI attains, on average,
a speed-up of 8× over equivalent Matlab implementations.

Figure 3 shows the five stages in which the pHARDI implementation is
structured:

• Stage 1: an initial transformation from 4D volume represented in NIfTI
[9] to a matrix format.

• Stage 2: this stage reduces the computation by applying a mask over
the white matter region of the brain. After that, resulting voxels (3D
volumetric pixels) are transformed into a matrix, which considers the
directions of each track. The size of this matrix determines the com-
putational cost for future tasks.

• Stage 3: it is the most time consuming part. This stage reconstructs
each slice of the volume in all the directions provided in the input files.

• Stage 4: this stage aggregates the partial results (i.e., slices) into a final
reconstructed volume. Each slice can be included in the final volume
without interference (embarrassing parallelism).

• Stage 5: this final step is in charge of transforming the resulting matrix
into a final NIfTI representation.

2Available at https://github.com/arcosuc3m/phardi
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Figure 3: Parallel patterns identified in pHARDI.

Stages 2, 3 and 4 can be represented as a pipeline worflow, in which each
stage of the pipeline pattern can be executed independently. Additionally,
Stage 3 can be accelerated using a farm pattern as it is computationally more
expensive than the others. Figure 3 also shows how Stage 3 is executed in
parallel by multiple tasks using the Farm parallel pattern. In this work, we
demonstrate the advantage of stream processing for both data and task-based
parallelism using a multi-staged algorithm by using GrPPI.

In case of task-based parallelism, the chosen granularity corresponds with
each slide of the brain. We assume that this granularity level enables a better
performance and also reduces the necessary lines of code for using GrPPI.
Each slide represent an independent piece of work.

With the aim of showing the changes done to migrate a version from
OpenMP to aGrPPI-based implementation, we compare the modified source
code in the following link3. As can be seen, the main for loop is migrated to
a pipeline pattern, which orchestrates the execution of Stages 2, 3 and 4.

5. Experimental evaluation

The evaluation has been carried out by running the pHARDI MRI use
case on a machine consisting of two multi-core Intel Xeon E5-2630 v3 pro-
cessor with a total of 8 physical cores running at 2.40GHz, hyper-threading
activated, equipped with 128GB of RAM, and executing Linux Ubuntu 18.10

3https://github.com/arcosuc3m/phardi/commit/ed4229c2a9f39750ddf96119d909053211643e5f#

diff-25108bf27823f3ed747c76deef718afe
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x64. The compiler used is GCC 7.0. After that, the source code has been
compiled using both -O3 and -DNDEBUG flags. In all the cases, we show the
metrics for an execution with up to 64 threads. The source code of the
modified version of pHARDI using GrPPI is publicly available4.

In order to validate the obtained output, in each iteration we printed and
compared the SNR (signal-noise ratio) metric of each slide with the baseline
solution.

5.1. Dataset selection

We run the toolkit using a real diffusion MRI dataset5 acquired from
healthy subjects. Specifically, whole-brain HARDI data were acquired in a
3T Philips Achieva scanner (Sant Pau Hospital, Barcelona) with a 8-channel
head coil along 100 different gradient directions on the sphere in q-space with
constant b = 2000 s/mm2. Additionally, 1b = 0 volume was acquired with in-
plane resolution of 2.0×2.0 mm2 and slice thickness of 2 mm. The acquisition
was carried out without undersampling in the k-space (i.e., R = 1). We use
two dataset to evaluate the behaviour of our programming framework: 1)
small dataset composed by 101 volumes of 128 × 128 × 60 voxels/pixels,
resulting in a file of 117 MiB; 2) large dataset composed by 288 volumes of
145× 174× 145 voxels/pixels, resulting in a file of 5 GiB. We have executed
pHARDI with those datasets with the aim of studying the impact of the
problem size.

5.2. Performance metrics analysis

This section summarizes the performance metrics analysis carried out
for the pHARDI application toolkit using the small dataset. In this section
multiple comparative metrics are shown. We compare the sequential baseline
implementation with a manual accelerated version implemented by us using
OpenMP (OpenMP in tables) and GrPPI under different back ends, such as
sequential (SEQ), OpenMP (OMP), Intel TBB (TBB), C++ native threads
(THR), Task-based, and FastFlow (FastFlow).

We have employed perf [10] for collecting both execution time and hard-
ware performance counters. Table 1 summarizes the metrics collected for
this work with a small description.

4pHARDI using GrPPI can be found at https://github.com/arcosuc3m/phardi.git
under branch ’gppi’

5https://doi.org/10.5281/zenodo.1194253

12



Table 1: Performance and hardware counters employed is this study.

Metric Description

PPRTI Elapsed real (wall clock) time used by the process.

PPSTI Total number of CPU-seconds used by the system.

PPUTI Total number of CPU-seconds that the process used
directly in user mode.

PPMRS Maximum resident memory of the process.

PPVCS Number voluntary context switches.

PPICS Number involuntary context-switches.

PPCRF Number of cache references.

PPCMS Number of cache misses.

5.2.1. Execution time

We observe from the metrics related to execution time that GrPPI ver-
sions are as competitive as the OpenMP-based version. Besides, there are
also project-based speed metrics such as PPRTI, PPSTI and PPUTI, which
were measured with time utility from the Linux platform. The results ob-
tained from 20 measurements were averaged (the method was the same for
every other run-time metrics as well). The final values of the metrics are
shown in Figure 4.

PPRTI clearly indicates a reduction in execution time for the parallel part
of the code as well as for the whole application. PPSTI and PPUTI refer to
the total time consumed by the process. We also highlight the obtained value
for TBB-based back end, which is motivated by the fact that Intel TBB is
task based and its scheduler maps those tasks to available hardware threads
with a work stealing policy.

5.2.2. Memory usage

In Table 2 we compare the total memory consumption of the pHARDI
application toolkit under different back ends and OpenMP. We noticed that
the parallelized versions need roughly the same amount of resources compared
to the baseline version, according to the process maximum resident set size.
This means that parallelization does not really influence memory usage for
this use case.
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Figure 4: Metrics related to the execution time. M represents manual parallelization
while A represents that parallelization has been carried out in an automatic way by using
GrPPI.

Table 2: Metrics related to the RAM usage.

Implementation 128× 128× 60× 101 voxels
type PPMRS [Kilobytes]

baseline 3,181,896
OpenMP (M) 2,917,100
GrPPI + SEQ (A) 1,876,960
GrPPI + OMP (A) 3,763,740
GrPPI + TBB (A) 3,092,020
GrPPI + THR (A) 3,741,500
GrPPI + THR No order (A) 3,734,364
GrPPI + Task-based (A) 3,120,440
GrPPI + FastFlow (A) 4,467,348
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The less memory consuming version is the pipelined sequential version
based on GrPPI. This is motivated by the fact that this version does not
require queues for forwarding data between stages. We also conclude that
the most memory consuming approach is GrPPI on top of FastFlow. The
implementation of the back end of FastFlow requires more temporal copies
than the other back ends. We have to highlight the efficient memory man-
agement implemented in Intel TBB, which is provided by Intel TBB scalable
allocator (tbbmalloc) [11]. It is also important to note that the proposed
task-based back end implemented in GrPPI obtain a similar memory con-
sumption compared with Intel TBB. This is due to the memory saved in the
pool of threads of the task-based back end.

5.2.3. Context switching

The results related to context switching show that parallelization causes
an increase in PPVCS and PPICS metrics as it was expected (see Table 3).
As shown, the solution with large amount of context switches is the baseline
version of the applications, being two orders of magnitude larger.

Table 3: Metrics related to context switching. The table shows the number of voluntary
(PPVCS) and involuntary (PPICS) context switches.

Implementation 128× 128× 60× 101 voxels
type PPVCS PPICS

baseline 2,178,064 4,115,107
OpenMP (M) 12,690 104,981
GrPPI + SEQ (A) 1,678 246,959
GrPPI + OMP (A) 4,488 286,909
GrPPI + TBB (A) 10,979 332,388
GrPPI + THR (A) 6,570 294,722
GrPPI + Task-based (A) 6,900 412,007
GrPPI + THR No order (A) 6,818 468,235
GrPPI + FastFlow (A) 9,258 367,618

We can observe from the table that GrPPI reduces significantly the
amount of context switching. This fact can affect positively the execution of
parallel applications in cloud-based environment, where multiple applications
can coexist in the same physical node (i.e., virtual environments).
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5.2.4. Cache and instructions

We measured cache performance and instructions per cycle as summarized
in Table 4.

Table 4: Metrics related to cache performance. The table shows the number of cache
references and the number of cache misses, respectively.

Implementation 128× 128× 60× 101 voxels
type PPCRF PPCMS

baseline 5,836 1,948
OpenMP (M) 11,816 4,027
GrPPI + SEQ (A) 10,635 2,826
GrPPI + OMP (A) 12,395 4,309
GrPPI + TBB (A) 8,472 3,275
GrPPI + THR (A) 12,291 4,285
GrPPI + THR No order (A) 12,317 4,306
GrPPI + Task-based (A) 9,894 4,295
GrPPI + FastFlow (A) 8,170 3,197

Given the results, we remark that GrPPI-based versions increase the
number of cache misses (PPCMS) metric. However, given the number of
cores employed, it is not a significant amount, even in presence of thread
oversubscription.

5.3. Performance analysis

In this subsection, we evaluate the overall execution time and speed-up
reached by a refactorized version of the ported implementation of pHARDI.
It is important to mention that in case of Intel TBB and FastFlow, we have
turned off the unneeded cores at system level 6. However, it is difficult to
predict the interference between both pipeline and farms threads.

6echo 0 > /sys/devices/system/cpu/cpu0/online
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Figure 5: Performance evaluation over five GrPPI’s back ends and a manually imple-
mented version of pHARDI using OpenMP. Small dataset composed by 101 volumes of
128× 128× 60 voxels.
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Figure 6: Performance evaluation over five GrPPI’s back ends and a manually imple-
mented version of pHARDI using OpenMP. Large dataset composed by 288 volumes of
145× 174× 145 voxels.

Figures 5 and 6 plot the total execution time of pHARDI, comparing
different back ends of GrPPI and OpenMP, over a small and big dataset,
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respectively. We evaluate an increasing number of farm threads of Stage
3 of the pipeline. We can observe that GrPPI scales with an increasing
number of threads, reaching its minimum execution time with 16 threads.
This number corresponds with the number of physical cores of the employed
machine.

Equations 1, 2 and 3 depict the theoretical sequential and parallel exe-
cution times. N corresponds with the number of volumes. K represents the
number of active cores involved in the parallel execution. t1 to t5 correspond
with the stage in the defined pipeline in terms of computation time.

Given the limitations of transforming NIfTI-based data, Stages 1 and 5
run sequentially in both sequential and parallel implementations. Due to the
use of the pipeline parallel pattern, we have experimentally characterized the
execution times of Stages 2 and 4 and we conclude that those stages can be
ignored.

TSEQ = t1 +N × (t2 + t3 + t4) + t5 (1)

T ′SEQ = t1 + t5 +N ×max(t2 + t3 + t4) ' t1 + t5 +N × t3 (2)

TPAR = t1 + t5 +N ×max(t2 +
t3
K

+ t4) ' t1 + t5 +
N

K
× t3 (3)

S =
t1 + t5 +N × t3
t1 + t5 + N

K
× t3

(4)

Figures 7 and 8 plot the achieved speed-up of pHARDI under different
back ends compared with the baseline implementation based on sequential
C++. The figure shows the theoretical speed-up calculated by using Equa-
tion 4. We highlight that most of the back ends outperform the theoretical
maximum speed-up. This is mainly due to the cache behavior under the
parallelized scenario. GrPPI’s back ends are not affected by the increment
of concurrent threads, maintaining the values of metrics like number of L17

data cache misses. Furthermore, the increase of hit ratio in L2 and L3 in the
cache motivates the performance over the theoretical speed-up (black line).
We also notice that the obtained speed-up increases with the problem size,
reaching an acceleration near to 15× over the baseline version. This is due

7CPU cache is divided into three main “Levels”, L1, L2, and L3. The hierarchy here
is again according to the speed, and thus, the size of the cache.
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to the utilization factor of the cores during Stages 2, 3 and 4 of the executed
pipeline (as represented in Figure 3).

We can observe that the reached speed-up of the OpenMP version is close
to the theoretical metric. We also observe that both OpenMP and GrPPI-
based versions outperform this theoretical bound due to a higher hit rate (in
both L2 and L3 cache levels). However, when we employ more threads than
physical cores, this phenomenon disappears due to NUMA locally effects [12].
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Figure 7: Performance evaluation a small dataset over six GrPPI’s back ends of pHARDI
and its speed-up compared with the baseline solution. Small dataset.
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Figure 8: Performance evaluation of a large dataset over six GrPPI’s back ends of
pHARDI and its speed-up compared with the baseline solution.

In a nutshell, we conclude that the pattern implementations offered by
GrPPI help improving both productivity and maintainability of DaSP par-
allel applications while obtaining the same performance as using directly the
supported programming frameworks.

6. Related work

In this section, we show some of the most relevant works published that
are related to our work.

6.1. Parallel Patterns

Due to the complexity of parallel programming, the advantages of using
design patterns for the development of parallel applications were soon iden-
tified [13, 14, 15], so as their importance as parallelism enablers [16, 17, 18].
As a result, numerous efforts of parallel patterns targeted to modern archi-
tectures for developing data stream applications have been proposed. These
efforts can be classified into the two following categories: i) data stream
processing engines and ii) pattern-based parallel programming frameworks.
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In recent years, many engines for shared-memory and distributed Auto-
nomic Solutions for Parallel and Distributed Data Stream have been de-
veloped, such as Storm [19], Apache Spark [20], Apache Flink [21] and
StreamIt [22]. Basically, applications implemented using these engines are
represented as directed flow graphs, where nodes represent operators and
the edges the stream flow. According to how the operators, or nodes in
the graph, and the edges are defined, different and complex operations for
filtering, splitting, and joining streams can be performed. Another exam-
ple of streamed-data computing is Dispel [23]. Dispel is a strongly-typed
imperative programming language used to construct logical descriptions of
streamed-data workflows to be executed on distributed architectures. We
differ from Dispel in that we use the existing C++ language, which is widely
used in the industrial and scientific community, instead of a custom DSL.
Additionally, Dispel addresses parallel platforms based on distributed mem-
ory architectures. Finally, a similar approach to the proposed in this paper
is the presented by Pop et al. [24], which present a stream-computing exten-
sion to OpenMP. This approach takes advantage of OpenMP-based pragma
notations to expose data, task, and pipeline parallelism. This solution or-
chestrates the execution on parallel sections defining the input/output de-
pendencies of each parallel block. In terms of syntax, this OpenMP extension
employs input and output clauses while GrPPI employs C++ callable enti-
ties or lambdas, in which both input and output items correspond with the
function parameters. As GrPPI includes a OpenMP back-end, this exten-
sion could be employed, significantly improving the performance. As far as
authors know, this approach is not publicly available.

On the other hand, a number of parallel-pattern interfaces have emerged
oriented to multi-core processors and heterogeneous architectures. Thread-
ing Building Blocks (TBB) [25] offers a generic interface that includes stream
parallelism. However, GrPPI //////////requires provides more powerful type deduc-
tion capabilities which allows for simpler user code. Additionally, TBB
requires linking with a specific library while GrPPI is a header only li-
brary. FastFlow [26] provides a more classic object oriented interface with
less generic programming capabilities. Additionally, its implementation is
thread oriented instead of allowing task parallelism as TBB or GrPPI allow.
RaftLib [27] is specifically focused on parallel stream processing however its
programming interface requires that application programmers define their
own types that need to combine both generic programming and dynamic
polymorphism making it some cases that user code is hard for the average
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programmer. In contrast GrPPI does not usually require the application
programmer to define their own types and making use of simple lambda ex-
pressions is enough. Kanga [28] also provides an object oriented interface
requiring more application code to express parallelism. One approach to ad-
dress heterogeneity is SkePU [29]. However, two important limitations of
SkePU are the need of a custom source to source precompiler and the addi-
tional constraints on the code that can be used in a computational kernel.
In contrast, GrPPI is capable to handle any source code that is C++14
compliant. The Münster Skeleton Library (Muesli) [30] and CnC [31] both
address distributed environments. While this is a future direction of GrPPI,
it is currently focused on shared memory architectures.

Simultaneously, standardized interfaces are being progressively developed.
This is the case of ISO C++ Standard Parallel STL published as technical
specification [32] and now part of C++17 [33]. Similar implementations to
the parallel STL can also be found as third-party libraries, as HPX [34].

6.2. MRI reconstruction techniques

Neuroscience research studies and clinical applications using MRI have
become very popular in the last decade, including a wide range of applications
such us brain tumor [35], autism [36], or Alzheimer [37].

Many of these studies are based on different intra-voxel models of molec-
ular diffusion, which in turn, require different sampling schemes to collect
the data (i.e., Diffusion Tensor Imaging (DTI) [38], High Angular Resolu-
tion Diffusion Imaging (HARDI) and Diffusion Spectrum Imaging Imaging
(DSI)) and different fitting algorithms. There are several intra-voxel recon-
struction methods like Constrained Spherical Deconvolution (CSD) (39) and
those evaluated in (40), as well as fiber tracking algorithms to delineate the
brain’s white matter tracts (41). In order to facilitate the widespread use
of this technique, various software solutions have been developed, such as
MRtrix [42], FS [43], Dipy [7], and BrainVISA-Diffuse [44].

The implementation of those methods strongly benefits from paralleliza-
tion and usage of accelerators to speed-up the reconstruction. Techniques
have been presented in several works using different techniques such as auto-
matic regularization [45] or GPUS [46, 47]. However, most of those applica-
tions were written from scratch to solve a specific algorithm or problem. In a
previous work [48], we presented a preliminary prototype of pHARDI, an ac-
celerated reconstruction toolkit to estimate the white matter fiber geometry
from diffusion MRI data.
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7. Conclusion

Stream processing frameworks are currently a trend in the data process-
ing field. An evidence of this fact is the growing number of solutions in both
industry and academia. In this paper, we have presented an extension of
the GrPPI programming framework for supporting both streaming data and
task parallelism. We have shown the benefits, not only in performance but
also in productivity, of using the GrPPI generic API in a real world medi-
cal image processing application. Our approach enables the use of multiple
backend in a single implementation. The evaluation results demonstrate the
acceleration obtained after applying automatic refactoring techniques, clearly
outperforming the baseline version. GrPPI allows to provide scale-in using
the available cores and memory into the computing nodes transparently to
the users. This has allowed us to accelerate the processing time by a factor
around 15×.

Although GRPPI covers a large number of node-level backends, we are
working on portable execution on GPGPU platforms, such as CUDA. We
are also currently working in a distributed version of GrPPI that will sup-
port parallel patterns with horizontal scalability. This will allow to deploy
pipelines in distributed memory systems and SPMD in a easy way. We aim
to extend GrPPI to support distributed memory architectures by using a
MPI+X model, which will take advantage of large scale systems.
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