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Abstract: In this paper we examine an
emerging dataflow architecture and algorithms
from the perspective of experimental algorith-
mics. We first briefly present both areas, and
then we focus on the experimental process as is
applied to the dataflow algorithms. We discuss
the main experimental principles and goals and
their application to the experimentation with
dataflow algorithms. Our discussion is also fo-
cused on the algorithm as a test subject and
the corresponding topics such as semantic gaps
between various views on algorithms. Finally,
we present some important issues when im-
plementing dataflow algorithms, namely imple-
mentation efficiency and generality.

Index Terms: guidelines, issues, experi-
ments, algorithmics, dataflow, architecture, ef-
ficiency, generality

1. Introduction

Experimental algorithmics is a discipline
that focuses on experiments with algo-

rithms as well as the theory behind them
[10, 13]. It studies algorithms as laboratory
subjects via various experimental techniques
such as control of parameters and isolation of
components.

As such it joins the best from both theo-
retical and empirical fields, and, also tries to
overcome their main weaknesses. In particular,
the main criticism of the theoretical approach is
that it often employs simplistic models of com-
putation. The predictions based on resulting
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complexity analysis of the algorithms may be
fallacious in practice. The main weakness of
the empirical approach is that the experimen-
tal results are often not comparable since the
various computer architectures differ substan-
tially and contain too many intricacies. In order
to deal with these challenges, experimental al-
gorithmics utilizes realistic models of computa-
tions as well as a careful planning and execution
of the experiments.

There are several reasons for the use of ex-
perimental insights according to [10, 14]. For
example, experiments may fill in the gaps be-
tween simplifying assumptions necessary to the
theory and the realities of practical experience,
characterize the differences among the worst-
case, an average-case, and a typical-case per-
formance, suggest new theorems, guide rele-
vant proof strategies, and extend theoretical
analysis to more realistic inputs and models of
computations.

In this paper we focus on the experiments
within Maxeler’s dataflow environment. There
are many books and papers in the literature fo-
cusing in general on experiments [6, 10, 13], but
none of them, to the best of our knowledge, dis-
cusses it from the dataflow perspective, which
is the main goal of our paper. However, one
may also find useful papers discussing experi-
ments with the focus on parallel algorithms [1]
or on Big Data [16].

In what follows we first give a brief overview
of the dataflow architecture as implemented by
the Maxeler company. In the rest of the pa-
per we focus on techniques and guidelines on
how to successfully perform experiments. First,
we present a general overview by discussing ex-
perimental process, principles, and goals in the
context of a dataflow experimentation. Then
we focus on the algorithm as a test subject,



where we discuss also its semantic hierarchy,
and issues of efficiency and generality of the
implementation. Finally, the last section con-
cludes the paper and gives a brief discussion on
other related topics.

1.1 Dataflow Architecture

Here we briefly describe the dataflow architec-
ture as implemented by the Maxeler. As op-
posed to the control-flow architecture, where
the operations to be executed by the processor
are delegated by the sequence of the instruc-
tions, in the data-flow architecture, the opera-
tion is executed when its operands are available.
Hence, one of the main dataflow programming
challenges is to organize the data in such a way
that it is readily available and processed by the
data-flow processor.

In general, Maxeler’s dataflow architecture
consists of a set of dataflow engines. Each
engine executes one or more kernels, i.e., self-
contained computing modules with specified in-
put and output. The execution of kernels is
controlled from the control-flow computer, and
a dataflow engines may be viewed at as a co-
processors.

Consequently, the algorithm designer must
carefully think about the separation of work be-
tween the control-flow and the dataflow part.
Considering the former, her job is to imple-
ment the code (usually in the C programming
language) which controls the whole computa-
tion process, e.g., to read the input from the
user, to pre-process the data, to send the data
to the dataflow engine, to execute the dataflow
computation, to transfer the results back to the
memory of the control-flow part, and finally, to
print the results to the user.

Considering the dataflow part, her job is
to implement each kernel (in the MaxJ pro-
gramming language similar to Java), which can
be viewed at as a construction of the dataflow
graph, where nodes corresponds to operations
and edges connect inputs and outputs of par-
ticular operations. Additionally, the implemen-
tor must also provide an implementation of
the so-called manager part, which configures
dataflow engine, i.e., specifies the interface to
interact with the control-flow part, connects

the data streams and interconnects the imple-
mented kernels.

There are two main parallelization mecha-
nisms available in the dataflow engines. The
first is in the pipeline, which is hidden behind
each dataflow operation, and the second is the
parallelization via pipes, which is like execut-
ing several kernels of the same type at once,
each with its own element from the input data
stream. Other acceleration mechanism consists
of using the large memory available for each
dataflow unit or using the fast memory, which
is part of each kernel.

2. Conducting Experiments

In this section we first give a few reasons for
performing experiments, then we present an
overall perspective of the experimental process,
next we discuss important experimental prin-
ciples in a dataflow setting, followed by some
examples of experimental goals for dataflow al-
gorithms.

In what follows we always assume that at
least one of the algorithms examined in the ex-
periments is utilizing the dataflow architecture;
such utilization may be partial, the rest of the
algorithm may be control-flow based.

The purpose and motivation behind exper-
imental evaluation of dataflow algorithms may
be justified with several reasons; to name just
a few:

• as a proof of concept that a problem can
be solved in practice by a dataflow algo-
rithm,

• to improve upon the state of the art al-
gorithm for solving a problem,

• to compare different dataflow program-
ming techniques.

2.1 Experimental Process

When conducting the experiments, the desig-
ner of experiments, i.e., the experimenter, cus-
tomarily follows a process, which is depicted in
Figure 1. It consists of two phases, i.e., plan-
ning and execution of an experiment. The first
phase begins with formulation of the goals of
the experiment, and is followed by definition



of measures and factors of influence, prepara-
tion of tests and setting up the experimental
tools. Afterwards, the experiment is executed
and the obtained results are analyzed. Finally,
the results, if beneficial, are reported. See also
[10, 14] for more detailed discussion on this
topic.
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Figure 1: Experimental process

Usually the main experiments (also known
as workhorse experiments) are preceded by a
preliminary study, which is of exploratory na-
ture. It enables the experimenter to plan the
experiment by checking basic assumptions and
learning about the test environment. This pro-
cess is not strictly linear, and some steps may
be customized, repeated, and/or omitted.

2.2 Experimental Principles

Several general experimental principles need to
be followed when planning any experiment. In
what follows we enlist these principles and dis-
cuss their particularities regarding the dataflow
environment considerations.

Reproducibility. Retaking the same experi-
ment should produce similar results. The per-
formance of control-flow algorithms is often
susceptible to environmental or noise param-
eters, which cannot be explicitly manipulated.
For example, the load of computer system, the
behavior of operating system. Often the perfor-
mance depends on the actual data in the input,
e.g., insertion sort or quicksort, which may taint
the results.

In contrast, the performance of dataflow al-
gorithms is more predictable. The system ex-
ecutes one process at a time. Additionally,
dataflow kernels cannot contain branch instruc-

tions, and their execution takes exactly the
same number of clock ticks.

Correctness. Indicators obtained from the
experiment must accurately reflect the proper-
ties being studied. Performance indicators that
are less influenced by external or noisy factors
should be used.

In the dataflow experimentation running
time, space and power consumption are often
measured. The last one is the hardest to mea-
sure accurately.

Validity. Conclusions drawn from the exper-
imental results are based on the correct inter-
pretations of data.

The dataflow architecture has many speci-
fics that must be taken into account when an-
alyzing data. For example, a root cause for
not achieving desired speedups may be in low
throughput of the fetched input data from the
host or in low parallelism. In the former case,
one may increase throughput by pre-fetching
the data into the large memory, and in the lat-
ter one increase the number of pipes.

Generality. Analysis of the results and con-
clusions should apply broadly. The experiment
should be carefully designed by choosing proper
performance measures as well as producing ex-
planatory test scenarios.

The experimenter should be able to deduce
which dataflow techniques have a positive effect
on the selected measures. Test scenarios should
allow for the control of parameters and isolation
of components by focusing on one artifact at
one time.

Efficiency. To produce correct results with-
out wasting time and other resources, i.e., max-
imize information gained per unit of experimen-
tal effort.

Dataflow programs are known to have long
compile times. Hence, the use of simulator to
check correctness and obtain preliminary results
– before performing the workhorse experiments
– is a must. Additionally, the test program must
be flexible enough to support testing in various
experimental settings. To achieve this usually



the best is to support test configuration via a
command line arguments.

Newsworthiness. To produce interesting re-
sults and conclusions. The designer of the ex-
periment should look forward to create an ex-
periment which is worth performing in order to
provide new insights into the problem and/or
the algorithm. Notice that, this is important
in academic, i.e., to publish the results, as well
as industrial setting, i.e., to create better prod-
ucts.

2.3 Experimental Goals

The first planning step, which is necessary for
good experimental research, is to define experi-
mental goals. The experimenter needs to think
about and define the motivation for the exper-
iments, questions needing answers, statements
needed to be verified, and newsworthiness of
the experiment.

Obviously, the common goal of all papers
presenting an experimentally successful imple-
mentation of a dataflow algorithm satisfy the
goal of showing suitability of a particular al-
gorithm for the dataflow architecture. Besides
that, several additional goals are usually pur-
sued within the paper. Here we give several
examples of goals from the literature on exper-
iments with dataflow algorithms.

• To compare performance of an algorithm
for a dataflow architecture to the state-
of-the-art (sequential) control flow algo-
rithms, e.g., bitonic sort vs. quicksort [9],
fast Fourier transform [11].

• To compare performance of an algorithm
for a dataflow architecture to the al-
gorithm on other parallel architectures,
such as general purpose graphics process-
ing units (GPGPU), e.g., FPGA, GPGPU
[15], multi-core [5, 19].

• To compare performance (and resource
consumption) of both control flow and
dataflow version of the same algorithm,
e.g., simplex algorithm [18], fast Fourier
transform [11].

• To rank different variants of a dataflow
algorithm, e.g., main memory vs.
dataflow large memory, number of pipes
[18].

• To show the relevance of an algorithm for
a specific application, e.g., seismic imag-
ing [15], solving dense linear programs
[18], stereo matching [7], credit deriva-
tives [19].

• To evaluate an estimation model for
dataflow resource consumption [15].

• To determine energy efficiency and com-
pare power consumption [15].

• To compare performance for a standard
rack unit (1U) compute nodes [19].

• Qualitative comparison [5].

3. Algorithm as a Test Subject

Before the experiments are actually performed,
the experimenter must determine the test sub-
ject, which, in our case, is the algorithm (and
accompanying data structures) in its broad in-
terpretation.

In general, there are two options concerning
the preparation of the test subject: it may be
a real application or a dedicated test program
[10]. The former usually exhibits many diffi-
culties comparing to the latter. For example,
it may be hard to obtain accurate results mea-
suring the algorithm since the application may
contain additional code unrelated to the algo-
rithm. On the other hand, the test program
interface is designed to support experiments,
measure performance, and print statistics.

In practice, to perform the experiments,
a test program is most often used and the
dataflow experimentation is no exception. The
test program on the dataflow architecture con-
sists of two parts: the CPU code and the
dataflow code (containing one or more kernels
and their manager). The former implements
the main program and controls the process by
utilizing the dataflow part at least once, and
the latter implements the critical parts of the
algorithm that are expected to be accelerated.



3.1 Semantic Hierarchy

Observe that the experiment is actually not per-
formed with the algorithm but with the process
running on a particular platform and created
from the corresponding implementation.

idea

specification

implementation

executable

process

algorithm design

programming

compiling

execution

A
b
s
t
r
a
c
t
i
o
n

Figure 2: Semantic hierarchy of the algorithm
as a test subject.

See Figure 2 for an overview of the seman-
tic hierarchy relating to the algorithm as a test
subject. When solving a computational prob-
lem, there are many ways to represent the al-
gorithm for solving the problem and each offer-
ing distinct level of abstraction. First, usually
an idea for an algorithm is explored, which is,
if applicable, then transformed through many
levels of abstraction, i.e., from formal specifica-
tion (e.g., pseudo-code), implementation (e.g.,
source code), and executable (e.g., machine
code), to the last level containing the executing
process.

As the dataflow model of computation is a
very specific one, there are a few peculiarities to
observe. At the top level of semantic hierarchy
one may explore the following ideas [12]:

• appropriate algorithmic modifications

• exploiting pipelining concepts

• appropriate input data choreography

• exploiting FPGA possibility for arbitrary
floating-point precision

Notice that the top two levels basically corre-
spond to algorithm design, which is already well

explored in the literature on classical (control-
flow) algorithms [4]. Often, the main challenge
is not in designing a new algorithm but in find-
ing an existing control-flow algorithm suitable
to be used as a basis for the dataflow algorithm.
See [8, 17, 12] for more on this topic as well as
[3] for systematic approach on generating new
ideas.

3.2 Implementation Efficiency

An important aspect of the correctness principle
in the experimental process is to ensure fairness
of comparison to all engaging algorithms. In
particular, besides obtaining efficient dataflow
implementation, one must also be careful when
implementing a control-flow algorithm or any
other competing algorithm.

As discussed in [6] this aspect is somewhat
controversial: at first the aim for efficiency
seems to be obvious (at least for the algorithm
to be exemplified), but efficiency often requires
a non-negligible effort of a skilled programmer.
When implementing competing algorithms, of-
ten other factors influence the implementation
process; e.g., lack of their documentation or
their high complexity. Hence, algorithms ex-
amined by the experimental evaluation should
have publicly available implementations. This
increases trust in the results and analysis of the
experiment and also makes any further experi-
mental research easier. In such cases it is ad-
visable to take the original implementation.

On the other hand, one must be careful not
to dig too much into the efficiency issues and
perform too much code tuning, which is best
summarized with the following Johnson’s prin-
ciple: ”Use Reasonably Efficient Implementa-
tions” [6].

Code tuning. In the remainder of this sec-
tion we present and discuss several examples of
the above code optimization issues. To start
with a simple example, concerning the level of
compiler optimization, one should use the same
level in all algorithms tested, e.g., enable the -
O3 option in C compiler.

Observe also, that even a few simple opti-
mizations can greatly improve a particular im-
plementation. As an illustrative example, see



Figure 3 showing comparison of running times
for several implementations of the classical sim-
plex algorithm for solving linear programs. The
worst implementation, denoted with cpu-cache,
is accessing the data in a cache unfriendly man-
ner; the second worst, cpu-div is not particu-
larly careful with the use of floating-point divi-
sion operations, whereas the best implementa-
tion (cpu) is optimized by moving the divisions
out of the body loop and pre-calculating the
inverse of the pivot.

Figure 3: Comparison of (in-)efficient imple-
mentations

Straightforward implementions of textbook
algorithms often produce programs which are
not useful in practice. A significant amount of
engineering needs to be put into a particular
algorithm before its implementation is consid-
ered efficient. A classical example of this is the
well-known Quicksort algorithm and its care-
fully optimized implementation in the standard
C library [2].

3.3 Implementation Generality

Besides efficiency, generality of the implemen-
tation is another concern of the correctness
principle. By generality we mean the algorithm
(or to be more concrete, its implementation and
respective compiled code) is able to solve (in
principle) all instances (limited only with the
available memory and possibly other resources)
of the corresponding problem.

Parametrization of kernel construction.
Usually, from this perspective, control-flow im-
plementations are prone to be as general as pos-
sible. On the other hand, dataflow implemen-
tations are sometimes usable only on a specific

subset of problem instances. One of the reasons
behind this is that the construction of dataflow
kernels is often parameterized, with the con-
structor parameters describing the allowed sub-
set of problem instances. To avoid confusion,
notice the difference between the kernel con-
struction parameter (e.g., specified as an argu-
ment of the kernel constructor) and the input
parameter of the kernel (e.g., read by io.input(·)
function).

For the ease of explanation let us consider
the size of an input as the kernel construction
parameter. When such kernel is compiled, it
produces a dataflow graph which is able to be
run only for the instances of the specified size.
A straightforward example of such specificity
would be an implementation of fast Fourier
transform described in [11] or bitonic sort [9].
In order to solve instances of different size, a
new kernel has to be compiled.

An example of a general implementation
can be found in [18]. Here, any input up to a
given size (determined by the available FPGA
resources) can be solved. Notice that, there is
still a kernel construction parameter, but here
it specifies only the upper bound on the input
size.

Alignment constraints. Another interesting
aspect of fairness are also alignment con-
straints, arising when implementing algorithms
for the dataflow architecture, i.e., the size of
input data streams must be divisible by a par-
ticular architecture-dependent number. In con-
trast, such constraints are usually not present
in a control flow architecture, but may be inher-
ently present in some algorithms such as [11].
Now, the designer of experiments is faced with
several dilemmas about the test data such as:

• Should it be constrained to fit the
dataflow architecture?

• Should it be transformed with the respect
to the alignment constraints?

• Should it be transformed before the ac-
tual experiment or on-the-fly?

• Should the transformation time be con-
sidered as a part of the performance mea-
sure?



Our answer would be that the implemen-
tation should be as general as possible and to
clearly and correctly show the behavior of the
algorithm. When the alignment transformation
is complex and apparently influence the results,
then we firmly believe that it must be done
and also considered when measuring the per-
formance. The decision may depend on the ap-
plication of the algorithm: if misaligned inputs
are not appearing in practice or are the con-
straint of the algorithm, than this issue might
be ignored.

4. Conclusion

Concerning the experimental process presented
in Figure 1 we mostly discussed the process in
general, its main principles and guidelines as
well as the algorithm as a test subject with a
focus on implementation efficiency and gener-
ality. Additionally, we presented the first step
of the process, i.e., formulation of experimental
goals.

There are many issues of experimental al-
gorithmics with a focus on experiments with
algorithms for the dataflow architecture that
we did not dwell into. Concerning planning
of experiments and performances measures we
completely leave out an important discussion
on performance measures and their indicators
which are used in dataflow experimentation, to
name a few: wall-clock running time, energy
efficiency, robustness, and scalability.

Another important part of planning for ex-
perimentation is the definition of parameters
and factors influencing the experiment. Accord-
ing to the experimental algorithmics terminol-
ogy, a parameter is a property affecting perfor-
mance indicators, it is assigned a value, which
is usually called level. A factor is a parameter
that is explicitly manipulated in the experiment.

There are many kinds of parameters. For
example, algorithmic parameters are concerned
with affecting the behavior of the algorithm.
In the dataflow perspective such parameters
are: size of fast memory to reserve, number
of pipes, precision of integer numbers repre-
sentation, precision of floating-point numbers
representation, clock frequency, etc.

Another important issue is generation of

test instances and specifics to the dataflow set-
ting. An important observation to be discussed
is also that the running time of dataflow algo-
rithms is often independent on the actual data
in the input instance, i.e., it depends only on
the instance size. And, finally, the experiment
execution, analyzing results and reporting them
is also an issue to be discussed from a dataflow
perspective.
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Milutinović and the guys at Maxeler, Serbia.

References

[1] David A Bader, Bernard ME Moret, and Peter
Sanders. Algorithm engineering for parallel compu-
tation. In Experimental algorithmics, pages 1–23.
Springer, 2002.

[2] Jon L. Bentley and M. Douglas McIlroy. Engineer-
ing a sort function. Software: Practice and Expe-
rience, 23(11):1249–1265, 1993.
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