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a b s t r a c t

The current trend in development of parallel programming models is to combine different
well established models into a single programming model in order to support efficient
implementation of a wide range of real world applications. The dataflow model has
particularly managed to recapture the interest of the research community due to its ability
to express parallelism efficiently. Thus, a number of recently proposed hybrid parallel pro-
gramming models combine dataflow and traditional shared memory models. Their findings
have influenced the introduction of task dependency in the OpenMP 4.0 standard.

This article presents DaSH – the first comprehensive benchmark suite for hybrid
dataflow and shared memory programming models. DaSH features 11 benchmarks, each
representing one of the Berkeley dwarfs that capture patterns of communication and com-
putation common to a wide range of emerging applications. DaSH also includes sequential
and shared-memory implementations based on OpenMP and Intel TBB to facilitate easy
comparison between hybrid dataflow implementations and traditional shared memory
implementations based on work-sharing and/or tasks. Finally, we use DaSH to evaluate
three different hybrid dataflow models, identify their advantages and shortcomings, and
motivate further research on their characteristics.

� 2015 Elsevier B.V. All rights reserved.

1. Introduction

Current multicore processors are, for the most part, built on top of the shared memory architecture. However, despite the
constant evolution of shared memory models and the rich support for programming shared memory systems, some of the
problems remain. One of the major issues with this architecture is the cost of synchronization that often prevents shared-
memory programs from scaling to high core counts. Solutions to this problem usually require significant programmer effort.
This has caused a renewed interest into dataflow due to its ability to express parallelism efficiently.

The main characteristic of the dataflow model [1,2] is that execution of an operation is constrained only by the availability
of its input data. Following a single assignment rule, the dataflow model is able to extract all the parallelism inherent in a
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program. Yet, there are many applications, such as a reservation system or chess, for which the state is a fundamental part of
the problem. Expressing these problems in a dataflow model is possible, but often inefficient.

Due to diversity of algorithms and applications, it is therefore unlikely that a single programming model can support effi-
cient implementation of the whole application spectrum [3]. Thus, a number of recent proposals aim to combine different
well established models into a single programming model that can support a wider range of computation and communica-
tion patterns. OmpSs [4], Atomic Dataflow (ADF) [5] and Intel Threading Building Blocks (TBB) [6] are some of the models
that have recognized the potential of extending the shared memory model with support for dataflow. While each of these
models uses its custom set of applications to prove the concept and demonstrate its potential, there is a necessity for an
extensive benchmarks suite that will feature not only applications that lend themselves well to dataflow, but also those
for which some other parallel programming paradigm, such as work-sharing or tasking, may be more suitable. To the best
of our knowledge, no such benchmark suite exists at the moment.

As its main contribution, this article presents DaSH the first comprehensive benchmark suite for hybrid dataflow and
shared memory programming models. While developing DaSH, we have followed the approach from Berkeley that has iden-
tified a set of 13 dwarfs that capture patterns of communication and computation common to a wide range of emerging
applications [3]. Accordingly, each DaSH benchmark represents an application from a single Berkeley dwarf. Currently,
DaSH features 11 benchmarks. For each benchmark, we provide sequential implementation, two shared memory imple-
mentations based on work-sharing and/or tasking (one that uses OpenMP and the other that uses TBB) and three dataflow
implementations realized using the OmpSs, ADF and Intel TBB Flow Graph hybrid dataflow models.

Our second contribution is the evaluation of these three hybrid dataflow models that demonstrates the usefulness of
DaSH for the research of these models. In particular, we show that:

� Hybrid dataflow models support a straightforward implementation of certain types of irregular algorithms by allowing
the developer to naturally represent the algorithm, which results in better programmability and/or performance. For
example, the dataflow implementation of the sparse LU factorization performs 27% better than the corresponding shared
memory implementations.
� The main strength of these models is the ability to eliminate unnecessary barriers and thus expose more parallelism. Most

of the performance gain when using these models is a result of the increased parallelism and decreased thread idle time.
In addition, we have identified applications for which dataflow provides barrier-free implementation even when the
algorithm inherently depends on barriers.
� There are important differences between the three hybrid dataflow models that we evaluate, both in terms of pro-

grammability and performance. We identify some of their shortcomings and suggest possible improvements.

2. Hybrid dataflow models

This section provides an overview of hybrid parallel programming models that combine dataflow and shared memory
programming. In general, these models are based on execution of tasks that are scheduled, according to the dataflow
principles, when their input dependencies are satisfied. Typically, a programmer explicitly defines input and/or output
dependencies for each task. This information is then used by the runtime system to construct a task dependency graph that
governs the execution of a program. As tasks execute, they produce data on which other program tasks depend on. Once all
input dependencies for a given task are satisfied, the task becomes enabled and can be scheduled for execution. Tasks are
executed by worker threads and scheduling is typically based on work-stealing.

Contrary to a pure dataflow model, which assumes side-effect free execution of dataflow tasks, a hybrid dataflow model
can benefit from the underlying shared memory architecture by allowing dataflow tasks to share data. Particularly, in a pure
dataflow model, each time the data is updated a new copy is produced. Inherently, the problem occurs when the updated
data is some complex structure, such as an array, which effectively makes updates expensive. Hybrid dataflow model can
avoid this problem by treating such complex data as a shared state and updating it in place. Naturally, accessing shared state
may require synchronization. In this work we employ transactional memory (TM) [7] for the shared state synchronization
because it integrates seamlessly into the dataflow model. In particular, both abstractions exhibit isolation property: dataflow
in terms of execution of data dependent tasks and transactional memory in terms of concurrent accesses to the shared state
by different sharers.

In this work, we are use OmpSs [4], the ADF model [5] and the Flow Graph extension of the Intel TBB framework [6] to
implement the DaSH benchmark suite and establish its practicality for evaluation of hybrid dataflow models. Hence, we
continue this section with an overview of these three models.

2.1. OmpSs

OmpSs extends OpenMP with a support for asynchronous parallelism that is based on execution of data-dependent tasks.
Specifically, OpenMP task directive is extended with three additional clauses – in, out and inout – that a programmer may
use to explicitly declare data dependencies for a task. When a new task is created, the runtime system matches its in and
out dependencies against dependencies of all existing tasks. If the match is found, the new task becomes a successor of the
corresponding tasks. This process creates a task dependency graph at runtime. Tasks are scheduled for execution as soon as
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all off their predecessor in the graph have finished, or at creation, if they have no predecessors. The task construct is further
extended with the concurrent clause that allows a number of instances of the task to execute simultaneously. If necessary,
a programmer must ensure that additional synchronization is used inside a task.

2.2. Intel TBB Flow Graph

Starting from version 4.0, Intel Threading Building Blocks (TBB) framework [6] includes Flow Graph extension that
enables construction of task dependency graphs. The Flow Graph consists of three primary components: a graph object,
nodes, and edges. The graph object provides methods to run the graph and to wait for its completion. Nodes generate, buffer,
or transform messages and data. In particular, functional nodes execute user code. Buffering nodes implement different
forms of data buffering. The rest of the nodes support various forms of control and communication, such as split, join, broad-
cast etc. Concurrency of functional nodes can be explicitly controlled, which means that a number of instances of the same
node can be executed in parallel if multiple data items exist on the node’s input port. Edges connect the nodes and represent
channels through which nodes communicate and exchange data. In a nutshell, programmers explicitly create nodes and
edges that express computations and dependencies between these computations.

2.3. Atomic dataflow model

The basic building blocks in the ADF model are ADF tasks that are defined using the adf_task pragma directive with a set
of clauses. The trigger_set clause defines input dependencies for a task that are used by the runtime system to construct a
task dependency graph that governs the execution of a program. The instances clause instructs the runtime to create a
number of instances of the same task. The until clause specifies the exit condition for a task. The execute clause termi-
nates a task after a given number of task invocations. The pin clause is used to bind a task to a given thread. Finally, the
relaxed clause instructs the runtime to switch off the implicit TM synchronization of the task body. Conceptually, an
ADF task operates as a macro dataflow actor that processes one set of data, produces output data and then waits for a
new matching set of input data. The main thread uses the adf_start and the adf_taskwait pragma directives to initiate
dataflow execution and to wait for its completion.

2.4. The differences between models

The main difference between these three models is the type of the dependency graph that the model relies on: OmpSs
constructs a task dependency graph, while the other two models build a data dependency graph. In the next section, we will
show how this choice may affect the programmability of a given model. Further, OmpSs builds a graph dynamically while the
tasks are being created, whereas the ADF model and the TBB Flow Graph framework build their graphs statically, before the
start of the dataflow execution. However, in these two models, tasks are being reused as many times as their input depen-
dencies are satisfied. On the contrary, in OmpSs each task executes only once, after which it is discarded, thus maintaining
similar semantics with OpenMP tasks.

The models also differ in a programming interface through which they allow a user to express dependencies. Listings 1–3
illustrate the use of dataflow constructs of these three models for the implementation of multiple producer – multiple con-
sumer problem. OmpSs uses task directive data directionality clauses to instruct the runtime how to automatically connect
tasks in existing task graph – Listing 1. In the ADF model, a programmer expresses dependencies using dataflow
tokens – Listing 2. These are special variables that carry data between graph nodes (tasks). The runtime system uses input
task dependency information, defined using the trigger_set clause with a list of tokens, to construct a dependency graph
automatically. This relieves a programmer from the burden of explicitly connecting all the nodes. On the contrary, using TBB
Flow Graph framework, a programmer has to construct entire graph explicitly by connecting the output port of a given node
with an input port of a consumer node – Listing 3. The TBB framework provides make_edge template function for this
purpose. Thus, both the nodes and the edges must be defined explicitly.

3. The DaSH benchmark suite

The value of a programming model is usually judged on its generality: how well a range of different problems can be
expressed and how well they execute on a range of different architectures. This type of task can not be properly fulfilled
unless the evaluation is general enough, and since currently there are no benchmark suites that cover a wide-enough range
of problems, we have implemented the first comprehensive benchmark suite for hybrid datafow models – DaSH.

While developing DaSH, we have followed the approach from Berkeley that has identified a set of 13 dwarfs that capture
patterns of communication and computation common to a wide range of emerging applications [3]. Dwarfs are algorithmic
methods that constitute equivalence classes where membership in a class is defined by similarity in computation and data
movement. Since breadth is one of the most important characteristics of any benchmarks suite, our decision was to develop
DaSH by implementing a single application from each dwarf category. Currently, DaSH consists of 11 benchmarks. For each
benchmark, DaSH provides sequential implementation, two shared memory implementations based on work-sharing and/or
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tasking (one that uses OpenMP and the other that uses TBB) and three dataflow implementations realized using the ADF,
OmpSs [4,8] and Intel TBB Flow Graph [6] hybrid dataflow models. Two dwarfs are not supported. Combinatorial logic dwarf
describes problems that exploit bit-level parallelism by performing simple operations on very large amounts of data
(computing checksums or CRCs). Since the execution is heavily dominated by the time to read the data, the benefits of
parallelization are quite limited and so is the usefulness of this dwarf for programming model evaluation. We are currently
working on the last missing dwarf, Graph traversal, that we plan to include in DaSH in a near future.

Next, we describe characteristics and provide extensive evaluation of each DaSH benchmark. All benchmarks are compiled
using the gcc compiler version 4.7.2 that supports transactional memory (we have used default GCC-TM runtime config-
uration), except OmpSs implementations that are compiled using Mercurium compiler version 1.99 [9]. We also had to adapt
the gcc implementation of the STL containers that we use in DaSH (vector, list and map) to avoid a negative performance
impact of serialized transaction execution. DaSH provides two synchronization macros, DASH SYNC BEGINðmutexÞ and
DASH SYNC ENDðmutexÞ, which can be configured to use either transactional memory or mutex locks. In our experiments,
we use transactional memory, if not explicitly stated otherwise.

The experiments were conducted on the workstation with two 6-Core 64-bit Intel Xeon CPU X5650 Westmere processors
running at 2.67 GHz. Each processor unit has 12 MB L3 cache memory. In addition, the cores are two way SMT-capable,
giving a total number of 24 hardware threads. The machine is running Scientific Linux 6.2 (Carbon). For each experiment
we report the average result of ten executions.

3.1. Branch and bound

This dwarf represents a general type of algorithms for finding optimal solutions of various global optimization problems.
Branch and bound algorithms typically apply a divide and conquer approach: the search space is divided into smaller sub-
regions (branching), and bounds are found on all solutions contained in each subregion under consideration. When bounds
on a large subregion show that it contains only inferior solutions, the entire subregion can be discarded without further
examination, which is the main strength of the branch and bound approach.

Listing 1. OmpSs implementation of multiple producer–multiple consumer problem.

Listing 2. ADF implementation of multiple producer–multiple consumer problem.

Listing 3. Intel TBB Flow Graph framework implementation of multiple producer–multiple consumer problem.
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The DaSH benchmark for this dwarf implements a branch and bound algorithm to solve the Traveling Salesman Problem
(TSP). Given a number of cities and distances between each pair of cities, this algorithm tries to find the shortest round-trip
route that visits each city exactly once and then returns to the starting city. In DaSH, the TSP problem is solved by solving
equivalent assignment problem (AP) that provides lower bounds for the solution of the TSP problem. Specifically, an assign-
ment problem is less restrictive than the TSP problem, since the route for an assignment problem can contain multiple
cycles, whereas the TSP can have only one. As a result, the total distance for the TSP will always be equal to or greater than
the total distance for the corresponding AP. The solution is based on two lists: one with solved assignment problems, and the
other with newly generated problems derived from branching previously solved APs. Branching is done by imposing a set of
mutually exclusive constraints on the AP. The algorithm iterates through the problem list, prunes suboptimal problems and
solves the rest until the list is empty. Synchronization is necessary to protect list operations and currently found optimal
solution in parallel implementations.

Shared memory implementations first create a dedicated task for each problem from the current problem list. When the
worker threads finish executing all these tasks, they reach the task barrier. Next, a single thread removes the first problem
from the list of solved problems and uses it to generate new subproblems that may lead to an optimal solution, and then
restarts the parallel section. This continues until both problem lists are empty.

The OmpSs implementation is similar to the OpenMP implementation because this is the most straightforward approach
to the problem using this model. The ADF and TBB Flow Graph implementations try to avoid barriers by relying on a
Generator task that is enabled each time a problem is solved by some Solve task. The Generator task takes the problems from
the start of the solved problem list, generates new problems and stores them into the problem list, and then creates a num-
ber of output tokens that carry pointers to the most promising problems from the problem list. These tokens then enable
new executions of the Solve tasks. The limit on how many tokens will be generated by the Generator task can be controlled
by a command line parameter. However, as this parameter gets larger the algorithm does more branching than bounding,
which leads to a greedy solution and decreases the performance. Hence, dataflow implementations reduce to a form similar
to the fork-join parallelism.

Since the key is to minimize the problem space by minimizing branching, the Generator task from our dataflow
implementations works the best when only one or two new problems are generated for each task invocation. Thus, dataflow
implementations work in a similar way as task-based shared memory implementations, which can be seen in Figs. 1 and 2
that show the scalability of parallel implementations of this benchmark. The figures shows that the parallel implementations
have comparable scalability, especially for the large data set, which means that dataflow implementations provide equally
good support for the implementation of this dwarf as their shared memory counterparts.

3.2. Dense linear algebra

This dwarf corresponds to dense vector and matrix operations, which are often characterized with unit-stride memory
accesses to read data from rows and strided accesses to read data from columns. For Level 3 (matrix/matrix) operations,
the best performance is typically achieved using block algorithms that result in better load balance and provide more
opportunities for overlapping computation and communication.

The DaSH benchmark that represents this dwarf is the implementation of the block Cholesky decomposition. The algo-
rithm decomposes a positive-definite matrix A into the product of a lower triangular matrix and its conjugate transpose,
A = LLT. Block operations are performed by calling corresponding CLAPACK functions: spotrf that computes the Cholesky fac-
torization of a block, and ssyrk, strsm and sgemm that solve a matrix equation or perform one of the rank k operations on
blocks.

The OpenMP solution in Listing 4 is implemented using a combination of work-sharing and tasks and, in each iteration,
relies on two barriers that separate operations in order to produce a correct result. Fig. 3 illustrates the existing parallelism
in different steps of execution. At the start of each iteration, a single thread performs spotrf operation on a diagonal

Fig. 1. Traveling Salesman Problem. Scalability with the small input.
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block – Fig. 3(a) and (d), while other threads are idle. Next, strsm operations in the corresponding column are executed in
parallel – Fig. 3(b) and (e). Then, a single thread spawns a single ssyrk task and a number of sgemm tasks for the blocks bellow
the diagonal – Fig. 3(c) and (f). These tasks can be performed in parallel; however a single thread has to perform ssyrk
operation. The alternative is to use synchronization.

The dataflow approach provides a more elegant solution that follows the nature of the algorithm. Listing 5 shows the ADF
implementation and Fig. 4 illustrates the idea. First, we do not need to maintain barriers. Rather, we can orchestrate the

Fig. 2. Traveling Salesman Problem. Scalability with the large input.

Listing 4. OpenMP implementation of the Cholesky decomposition.

Fig. 3. An example execution of the OpenMP Cholesky decomposition.
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execution based on data dependencies between block operations. Initially, we produce the ssyrk[0] token that enables the
spotrf[0,0] task, and sgemm[j,0] tokens for all blocks from column 0 – Fig. 3(a). When the spotrf[0,0] task finishes its execution,
it produces the spotrf[0] token that enables all strsm tasks from column 0 – Fig. 3(b). As these tasks execute, they produce
strsm[j] tokens. Token strsm[j] enables the ssyrk[j,j] task, while all strsm[j] tokens enable all sgemm tasks from the part of
the matrix bellow diagonal, excluding column 0 – Fig. 3(c). Task ssyrk[1,1] then produces token ssyrk[1], while sgemm[1,i]
tasks produce corresponding tokens that initiate the same sequence of operations for the next iteration – Fig. 3(d).

Evidently, this approach allows more tasks to overlap and thus results in better concurrency. For example, in the OpenMP
solution the ssyrk[4,4] block has to wait for all previous iterations before it starts the execution, processing all blocks from
rows 3 and 4 and previous four columns. Instead, in the ADF implementation, as soon as strsm[j,3] and strsm[j,4] tasks are
finished ssyrk[4,4] task can process these two blocks. Similar reasoning applies to sgemm tasks. Fig. 5 shows the trace of

Listing 5. ADF implementation of the Cholesky decomposition.

Fig. 4. An example execution of the ADF Cholesky decomposition.
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the program execution with 5x5 blocks, obtained using the Paraver performance analysis tool-chain [10] that demonstrates
the difference in the execution between models. We have added the annotations to identify each of the tasks.

Fig. 6 shows the performance sensitivity analysis of parallel implementations of Cholesky decomposition. The size of the
input is determined by two parameters: the number of blocks b in a b � b block matrix, and the size of the block. For exam-
ple, 12 blocks with size 64 represent the smallest matrix used in this analysis, which size is 768 � 768 elements. The sequen-
tial execution with this input takes 64.2 ms, whereas the sequential execution of the largest matrix with 60 blocks of size 256
takes 592.6 s. For the smallest number of blocks, 12, the OpenMP implementation performs the best because there are only
12 iterations of the outer loop, which means that barriers have less influence on the performance than when the number of
blocks is larger. The overall performance of all parallel implementations is lower than for the larger input sizes because
partitioning the matrix into 12 � 12 blocks does not provide enough parallelism to keep all 24 threads busy. As soon as
the number of blocks is doubled, parallel performance increases and dataflow implementations start to outperform shared
memory implementations moderately, but consistently.

Fig. 7 shows the sensitivity analysis when the size of the matrix is fixed to 6144 � 6144. The number of blocks is varied
from 12 to 96, adjusting the block size accordingly. Since the Y axes shows the best execution time obtained with each imple-
mentation, the lower value is better. Thus, the best performance provide the experiments in which the blocks size is set to
64, regardless of the increase in the number of tasks due to a larger number of blocks. Also, for the largest block size of 512,
the shared memory implementations perform the best as a consequence of dividing the matrix to only 12 � 12 blocks, which
limits the parallelism. However, as the number of blocks increases, the dataflow implementations consistently provide better
performance.

Finally, Figs. 8 and 9 show the scalability of parallel implementations for the small and large input, respectively. The small
input represents 3072 � 3072 matrix, organized in 24 � 24 blocks with size of 128 � 128 elements, while the large input
represents 7680 � 7680 matrix, organized in 60 � 60 blocks with size of 128 � 128 elements. Both diagrams show that
all implementations scale almost identically until the number of threads reaches 12, when the tbb_flow implementation
has somewhat lower performance. Moreover, in the experiments with 24 threads that simultaneously share 12 cores, the
shared memory implementations do not show any improvement, whereas the dataflow implementations successfully utilize
simultaneous multithreading.

Fig. 5. Execution trace of the ADF Cholesky decomposition of the 5x5 block matrix.

Fig. 6. Performance sensitivity analysis of parallel Cholesky decomposition implementations.
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3.3. Dynamic programming

Dynamic programming is used in a variety of problems, such as technology mapping in integrated circuit design, longest
common subsequence matching of DNA strands and various optimization problems. The essence of this dwarf is that the
solution of a problem is based on solving simpler overlapping subproblems. Data dependencies are created between levels
of subproblems since an optimal solution to a larger problem depends on an optimal solution to its subproblems. Therefore,
these algorithms can be solved naturally using dataflow.

Often, subproblems can be grouped into blocks to increase computational granularity. The same method is applied in a
solution of the unbounded Knapsack problem that represents this dwarf in DaSH. Given a set of items, each with a weight wi

and a value v i, and a bag with capacity C, the objective is to choose a subset of the items whose total weight is no greater
than the bag capacity while maximizing the profit. The unbounded Knapsack problem places no upper bound on the number
of copies of each kind of item and can be formulated as:

Fig. 7. Performance sensitivity analysis of parallel Cholesky decomposition implementations with fixed matrix size of 6144 � 6144 elements.

Fig. 8. Cholesky decomposition. Scalability with the small input.

Fig. 9. Cholesky decomposition. Scalability with the large input.
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Maximize
Xn

i¼1

v ixi subject to
Xn

i¼1

wixi 6 C

Dynamic programming can be used to heuristically solve this problem in pseudo-polynomial time [11]. The solution is
based on a two dimensional matrix M with n rows that represent the items and C columns that represent the knapsack
capacities. The algorithm goes through matrix M row by row. For every item xi, the maximum number of items of type xi

that can be loaded given a knapsack with capacity C is computed as bC=wic. A choice for the number of units of product
xi to load in the knapsack is notated as u. Given a choice of u units for product xi, a possible value for entry ðxi;CÞ is calculated
adding the previously found maximum value in row xi�1 and column C � ðwi � uÞ to the value from loading u units of item xi,
that is u � v i. After repeating this computation for all possible values of u; ðu ¼ 0 . . . bC=wicÞ, the maximum of these values is
stored in entry ðxi;CÞ.

Fig. 10(a) illustrates the dependency between entries of matrix M, which shows that the most straightforward approach is
to calculate the values of entries in a single raw before processing the next raw of the matrix. Thus, shared memory
implementations are based on work-sharing. A single row is processed in parallel, after which there is an implicit barrier
that separates the processing of successive rows.

Dataflow implementations avoid barriers by partitioning each row to nthreads partitions and creating the same number of
tasks to process these partitions, where nthreads is the number of threads in execution. Obviously, coarsening the workload
from a single matrix element to a block of elements makes tracking dependencies on per-element basis impractical. Thus, we
apply a simplified dependency approach illustrated in Fig. 10(b), which effectively resembles a wavefront processing of row
partitions. Dependency structure is such that each partition, say p½i; j�, can be processed only after partitions p½i� 1; j� and
p½i; j� 1� have been processed. Although the dataflow approach slightly increases the complexity of the code, it provides
better programmability by avoiding the global synchronization.

Fig. 11 shows the performance sensitivity analysis of parallel implementations of the unbounded Knapsack problem. Two
parameters of the input examples are varied in this analysis: the number of items and the knapsack capacity. The figure
shows that varying the number of items does not affect the performance, whereas increasing the capacity of the knapsack
emphasizes the advantages of parallelization. Dataflow solutions consistently outperform shared memory implementations
for all combinations of the input parameters, except in the case of the OmpSs implementation that has very poor

Fig. 10. Data dependencies in unbounded Knapsack problem.

Fig. 11. Dynamic programming: performance sensitivity analysis of parallel implementations.
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performance. However, such performance does not reflect the inability of the OmpSs model to support this application effi-
ciently; rather the problem is that the current version of the Mercurium compiler produces suboptimal code for this bench-
mark, even when compiling the sequential version that has no OmpSs directives.

Figs. 12 and 13 show the scalability of parallel implementations for two input sizes using the sequential implementation
as a baseline. As we can see, the dataflow implementations have better scalability than the shared memory implementations
for all thread counts. Also, the performance of the ADF implementation improves with the size of the input due to the use of
the pin clause that enables us to bind partitions to threads, thus improving the cache behavior of this implementation.

3.4. Finite state machine

This dwarf represents a system whose behavior is defined by states and transitions between states based on given inputs
and events. Parallelism is often difficult to utilize. However, some state machines can be decomposed into multiple
simultaneously active state machines. One such example is a deterministic finite state machine for a text pattern search,
which is the problem solved by the DaSH benchmark for this dwarf. The states are integer values from 0 to N, where N is
the length of the pattern. The algorithm builds a state transition matrix in which each character has one of the N possible
states, based on the search pattern. This transition matrix is used during the text traversal to change the current state of
pattern matching machine. When the machine reaches the final state, the index of a new pattern occurrence is recorded
and the machine is reset. The result of the algorithm is the list of indexes in the text where the pattern has been found.

Shared memory solutions are implemented using tasks, since we need to adjust partition boundaries after they have been
already created to assure that words are not split by these boundaries. Each task searches a part of the text by calling the
SearchText function. Synchronization is necessary when a thread has to update the global list of occurrence indexes.
Dataflow solutions are reduced to fork-join parallelism since each partition can be processed independently from other par-
titions. Thus, there is no difference in programmability of shared memory implementations and dataflow implementations.

Fig. 14 shows how the speedup of parallel implementations changes in correlation with the number of tasks per thread
(i.e the number of partitions of the input text). As expected, the speedup decreases when the number of tasks reaches a
threshold, after which the overhead of task handling starts to affect the performance. In the case of the large 3 GB input file
that we use in this analysis, the performance starts to drop when more than 1k partitions are assigned to each thread. All
parallel implementations perform almost identically, except the OmpSs implementation that achieves the best overall

Fig. 12. Dynamic programming scalability: small input – 3k items, 3k capacity.

Fig. 13. Dynamic programming scalability: input – 24k items, 24k capacity.
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speedup when the input is partitioned to a small number of partitions. Profiling shows that the OmpSs implementation
results with almost two times less L1 and L3 cache misses compared to the other parallel implementations when a single
partition per thread is used, while the other hardware events have similar values across all implementations.

Fig. 15 presents a sensitivity analysis of parallel implementations when varying the size of the input. We can see that the
performance of all implementations is stable across a wide range of input sizes. In the case of the smallest input of 100 MB,
all implementations except the OmpSs version have somewhat lower performance than for the larger inputs, because the
cache behavior of the sequential version in this case does not affect the performance as much as in other cases.

Overall, since all parallel implementations of this benchmark implement a simple task-based fork-join parallelism, we can
conclude that all models provide equally good support for the implementation of the text pattern search problem using the
finite state machine approach. Although the OmpSs implementation performs better than other implementations, this does
not mean that dataflow model is superior for this application. Rather, it is the result of better OmpSs runtime support that
results in better cache behavior than in the case of other parallel models. Moreover, all implementations perform
consistently across a wide range of input sizes, and a simple partitioning that assigns a single partition of the input text
to each thread provides the best results.

Finally, Figs. 16 and 17 show the scalability of parallel implementations for the small and large input, respectively. The
small input represents a 1 GB file for which sequential implementations takes 2.5 s to execute, while the large input
represents a 8 GB file for which the sequential execution time is 20 s.

3.5. Graphical models

This dwarf describes a group of algorithms based on a graph in which nodes represent variables and edges represent con-
ditional probabilities (dependencies). Examples include Bayesian networks, Hidden Markov Models and neural networks.
These applications typically involve many levels of indirection, and a relatively small amount of computation. The DaSH
benchmark for this dwarf implements the Viterbi algorithm for the Hidden Markov model. The goal of the algorithm is to
find the most likely sequence of states that can explain given observations. The algorithm iterates through a sequence of
observations and for each state it calculates the most probable preceding state. Thus, we need to calculate all state
probabilities for one observation before we can move to the other, which necessitates a barrier.

Fig. 14. Speedup in correlation with different number of tasks per thread.

Fig. 15. Performance of parallel implementations with different input sizes.
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Fig. 18 illustrates how the execution proceeds in the OpenMP implementation of this benchmark. The solution is based on
a matrix of state probabilities where the number of rows is equal to the length of the observation sequence. Shared memory
implementations are based on work-sharing, where each row of matrix is partitioned to a number of partitions equal to the
number of worker threads. Before the execution proceeds to the next row, threads synchronize on an implicit barrier, as
required by the algorithm.

Still, using dataflow it is possible to avoid this barrier. Fig. 19 illustrates the idea. Specifically, we partition each row to n
partitions, where n is the number of worker threads, and build dependency graph so that each partition from the observation
step t is processed by a dedicated task ComputeTask½t�½j�, where j corresponds to the position of the partition in the row. Each
ComputeTask½t�½j� has an input dependency on ComputeToken½t � 1� that is produced by all Compute tasks from the previous
observation step. Importantly, ComputeTask½t�½j� should produce output data if and only if it has executed n times, once for
each partition of states from the previous observation step. Specifically, each task maintains a private counter that is
increased after each task invocation and reset after n iterations, when the corresponding ComputeToken is generated (the
same functionality could be handled by an extension to the ADF task; however, the current implementation does not support

Fig. 16. Finite state machine. Scalability with the small input (1 GB).

Fig. 17. Finite state machine. Scalability with the large input (8 GB).

Fig. 18. An example execution of the work-sharing Viterbi algorithm.
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such extension). When ComputeTask½t�½j� produces the output data, it enables the execution of all ComputeTask½t þ 1�½k�, for
k ¼ 1 . . . n.

Therefore, this benchmark shows an example when dataflow can be useful even if barriers are essential to the algorithm.
However, this approach is not feasible using OmpSs because the model builds the task dependency graph instead of the data
dependency graph. For example, assume that task T1 has an output dependency on data X and that task T2 has an input depen-
dency on X. Even if T1 finishes the execution without touching data X, the runtime system assumes that the task has pro-
duced a new value for X and thus enables the consumer task T2. For that reason, the OmpSs implementation is basically
the same work-sharing implementation as in the case of the shared memory version, only implemented using tasks.

Fig. 20 shows the performance sensitivity analysis of parallel implementations of Viterbi algorithm. The size of the input
is determined by two parameters: the number of states and the length of the observation sequence. In this analysis, the
length of the observation sequence is fixed to 100 and only the number of states is varied. The figure shows no significant
difference in the performance of parallel implementations for the smallest input, except in the case of OpenMP imple-
mentation. For other state counts, the performance increases and dataflow implementations consistently outperform the
shared memory version almost by a factor of two. Partly, this is the due to increased parallelism of these implementations
as a result of overlapping the execution of tasks from different steps (rows) and partly due to the better cache behavior. In
particular, profiling shows that dataflow implementations have five times less L3 cache references, although all imple-
mentations result in almost identical number of L3 cache misses. Such a difference in the number of L3 cache references
can be explained by the fact that in dataflow implementations, each task operates only on two row partitions, one from
the current step and one from the previous step, while in the work-sharing implementations each task operates on the
row partition from the current step and the entire row from the previous step of execution.

Fig. 21 shows the maximum speedup of parallel implementations when the number of states is fixed to 768 (small input)
while varying the length of the observation sequence and the number of observations. As we can see, both parameters have
no effect on performance. Thus, for this benchmark, the only parameter that affects the performance is the number of states.

Finally, Figs. 22 and 23 show the scalability of parallel implementations for the small input with 768 states and the large
input with 6144 states, respectively. The dataflow implementations (with the exception of the OmpSs implementation
which is a pure shared memory implementation based on tasks) show better scalability for all thread counts, reaching
super-linear speedups due to better cache performance.

Fig. 19. An example execution of the dataflow Viterbi algorithm.

Fig. 20. Performance sensitivity analysis of parallel implementations of Viterbi algorithm.
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3.6. MapReduce

This dwarf characterizes the repeated independent execution of a function and the aggregation of the results at the end of
the execution, such as in the MapReduce programming model [12]. Nearly no communication is required between processes.
A map function processes a key/value pair to generate a set of intermediate key/value pairs, and then a reduce function
merges all intermediate values associated with the same intermediate key. To demonstrate this dwarf, we use an algorithm
that processes a text file and maps all distinct words with the number of their occurrences in the text.

Work-sharing cannot be directly applied for this algorithm because partition boundaries have to be properly adjusted to
accommodate partitions whose boundaries break the words. Thus, shared-memory implementations are based on tasks. In
addition, although there is a straightforward dependency between the Map and Reduce functions, our experiments have
shown that in a shared memory system, given an arbitrary partition, the Reduce function needs to be executed immediately
after the Map function to preserve cache locality. Therefore, our dataflow implementations functionally resemble the
fork-join parallelism of shared memory implementations.

Fig. 21. Performance sensitivity analysis of parallel implementations of Viterbi algorithm with fixed matrix size of 6144 � 6144 elements.

Fig. 22. Viterbi algorithm. Scalability with the small input.

Fig. 23. Viterbi algorithm. Scalability with the large input.
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