
 

 

Abstract: This paper presents one 
implementation of Neural Networks using the 
DataFlow paradigm. One of the main problems in 
real-engineering applications is time complexity, 
Neural Networks, . in applications using BigData 
training sets have, as a consequence essentially 
slow execution. Most of Neural Network 
simulations perform on conventional ControlFlow 
microprocessors, which do not completely utilize 
parallel processing. In this paper, we will introduce 
DataFlow paradigm, which is an alternative 
paradigm for parallel processing. It relies on 
Feynman paradigm and is based on FPGA 
technology.  We will present one implementation 
of Perceptron algorithm. Proposed implementation 
executes 6 times faster relative to a single core 
CPU. 

 
Index Terms: DataFlow, Neural Networks, 

Perceptron algorithm, BigData, FPGA  

 

1. INTRODUCTION 

HIS paper deals with a DataFlow 
implementation of the Single Layer 

Perceptron algorithm. The iterative nature of the 
algorithm is suitable for implementing DataFlow 
accelerators. The DataFlow paradigm presents 
an alternative paradigm for parallel processing. 
We will compare ControlFlow and DataFlow 
implementations together with paradigms in 
aspects such as speed, power dissipation, and 
physical size. The results show that the DataFlow 
implementation gives a better performance in all 
the aspects. 

According to the Moore’s law, the conventional 
ControlFlow paradigm increases processing 
power by increasing clock rate. With increasing 
clock rate, power dissipation is also increases. 
This is one of the biggest weaknesses of the 
ControlFlow paradigm.  

Neural Networks are commonly used in 
applications that perform some kind of predictions 
like image recognition, speech recognition, data 
mining, etc. These applications are often  
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integrated in large systems that demand each 
their part to be executed as fast as  
possible. This is crucial in real-time applications 
where execution delay is not acceptable. In these 
applications, Neural Networks use a great 
amount of unstructured data during the training 
process.  

2. DATAFLOW PARADIGM 

In the traditional ControlFlow paradigm, source 
code is transformed into a list of instructions and 
then loaded into memory, as shown in Fig. 1. 

 

Fig. 1. ControlFlow paradigm 

The processor executes instructions and 
periodically reads and writes data from and into 
the memory. Fetching data from memory or 
writing data into memory is a slow operation by 
itself. In order to reduce memory access time, 
memory hierarchy contains several levels of 
caching, where the closest level to the processor 
has the shortest access time. Although cache 
strategy reduces memory access time, there are 
situations when requested data is not loaded into 
cache. Thus, such data has to be fetched from 
the lower levels within memory hierarchy, which is 
an expensive operation and induces processor 
idling. In addition, in a multiprogramming 
environment, the processor often changes the 
execution context, which demands certain time to 
set up. 

In the DataFlow paradigm, data streams from 
memory into the DataFlow engine where it is 
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forwarded from one arithmetic unit to another. 
DataFlow engine (DFE) contains a great number 
of basic arithmetic units, which are reconfigurable 
in appropriate order. Each arithmetic unit can 
compute only one simple arithmetic operation that 
enables one to combine many cores in one 
DataFlow engine, as shown in Fig. 2. The typical 
execution process is that the DataFlow core units 
are configured at the time of “compilation” so the 
data actually flows through the pipeline of 
arithmetic units, all the way to the output.  

 

Fig. 2. DataFlow paradigm 

 
ControlFlow presents “computing in time” 

because operations are computed at different 
moments in time in the same functional units. On 
the opposite, DataFlow presents “computing in 
space” because computations are performed 
simultaneously in arithmetic units placed 
dimensionally on an FPGA chip [8]. 

3. DATAFLOW ADVANTAGES 

The DataFlow paradigm is showing advantages 
in BigData applications with limited space and 
power resources and in applications where size 
and power dissipation are just as important as the 
speed. In the ControlFlow paradigm, which is 
based on the von Neumann architecture, the 
compilation goes to the machine code level. In 
the DataFlow paradigm, which is relied on Field 
Programmable Gate Array (FPGA) technology, 
the compilation goes much below the machine 
code level, to the level of wires, gates, and 
transistors [1]. This approach yields significant 
acceleration and better performance, but requires 
different programming paradigm, which is not 
trivial. Namely, achieved acceleration requires 
appropriate architecture design for a specific 
problem. 

The DataFlow paradigm migrates the execution 
of loops from software to hardware. In the best-
case scenario, loop execution time can be 
reduced almost to zero. How close to zero, it 
depends on the level of data reusability inside the 

migrated loops. 

According to the research [2], DataFlow 
compared to ControlFlow has three important 
advantages: speed, power dissipation, and size. 
Maxeler’s custom solutions achieve a speed up 
from 20 to 200 times over the ControlFlow’s 
state-of-the-art technology, as well as the power 
dissipation reduction of up to 80% and space 
saving of over 95% regarded to normal 
datacenter space. 

In order to achieve all of the benefits stated 
above, the three following conditions have to be 
met: 

BigData – Due to technique of data processing 
in the DataFlow architecture, ExaScale speeds 
can be achieved only in BigData applications. 

Amdahl’s law – Related to Amdahl’s law [3], 
any application can be divided into its serial and 
parallel parts. As parallel parts consist of loops, 
and due to the fact that the DataFlow paradigm 
migrates loops from software to hardware, it is 
crucial that the parallel parts take 95% of the 
application’s processing time. Remarkable 
acceleration can be achieved if the serial part 
continues to run on the ControlFlow paradigm 
(and takes less than 5% of the processing time), 
and the parallel part is migrated to the DataFlow 
accelerator. 

Level of data reusability – Acceleration 
depends on the level of data reusability inside the 
migrated loops. Streaming data into a DataFlow 
accelerator is relatively time consuming 
operation, and it is not beneficial to stream data if 
the level of reusability is not at a sufficient level. 
Only a high level of data reusability can 
outperform negative influence of the slow 
interconnecting bus. 

In applications where computation time is 
critical, the numbers representation technique is 
very important. Providing that the results are 
obtained with acceptable accuracy, the 
performance can be drastically increased by 
reducing number precision and subsequently 
reducing allocated hardware resources. In the 
ControlFlow paradigm, CPUs perform floating-
point operations with 32-bit or 64-bit precision, 
because variable bit-width calculations are not 
supported. On the opposite, the FPGA enables 
custom number representation (variable number 
of bits) and reducing bit-width can greatly 
increase performance in floating-point operations 
[4]. 

The best supercomputers in the world are 
ranked using the Top500 list [5]. A DataFlow 
supercomputer consumes less power, less 
space, and the same algorithm takes less 
computation time compared to systems driven by 
a fast clock, but they are not listed on Top500 list. 



 

Most Top500 machines reach high efficiency if 
they run the Linpack benchmark. Despite such 
high rankings, the same machines reach 
significantly worse performance if they run real 
engineering applications. Standard benchmarks 
do not involve BigData problems so they favor 
ControlFlow supercomputers to DataFlow 
supercomputers. They use the ranking system 
based on Linpack, which is a very simple 
benchmark program. Benchmarks should not 
concentrate only on one issue like speed, size, or 
power dissipation; it should concentrate on all 
three issues together, measuring more than just 
flops. If Top500 ranking was based on all of the 
above-mentioned issues, DataFlow 
supercomputers would definitely outperform 
ControlFlow ones [6,7]. 

4. NEURAL NETWORKS 

The main inspiration for the ANN was actually a 
biological neuron. Our brain is made up of little 
units, called neurons, which can receive and send 
electrical signals. The rate of the electrical signal 
shows how activated the neuron is. One neuron is 
connected with other neurons. Each neuron fires 
a signal of a different rate, depending on the 
neuron’s activation value. The output of the 
neuron depends on the signal rates of input 
connections and their weight values. These 
signals are spread between the neurons, and 
they keep on sending them through the whole 
brain. In the brain, learning depends on the 
connections between neurons and the strength of 
the connections, which have the ability to adapt 
over time. The ANN is a simplified mathematical 
model inspired by the biological neural network of 
the brain. 

5. PERCEPTRON ALGORITHM 

In machine learning, single layer Perceptron 
algorithm is a binary classifier that can decide 
whether an input belongs to one class or another.  

 
 

 

Fig. 3. Mathematical representation of a neuron 

It can separate only two linearly separable 
classes. Thanks to its simple structure, it is used 
as a basis in many applications. 

Perceptron presents simplified neuron in the 
human brain. Each neuron has n inputs and one 
output, as shown in Fig. 3. For every input, there 
is a corresponding weight. To calculate the output 
of a neuron, every input is multiplied by its 
corresponding weight. 

The following equation presents an activation 
function of a neural network. The activation 
function is linear and the output of the network is 
either +1 or -1, depending on the input. The 
algorithm allows online learning, which means 
that the training process can start without having 
the entire input available. 

 

Fig. 4 presents one ControlFlow 
implementation of the Single Layer Perceptron 
algorithm in C. In this implementation, the training 
set consists of points from Descarte’s coordinate 
system. Each element belonging to the training 
set contains an x and a y coordinate, and an 
appropriate class to which the input pattern 
belongs. The predictive class can take values of -
1 or +1, depending on the position of the point in 
Decarte’s coordinate system. 

 

Fig. 4. Implementation of Perceptron algorithm on 
ControlFlow paradigm 

6. DATAFLOW IMPLEMENTATION 
In the proposed implementation, the training 

set consists of two arrays that represent  and  
coordinates, and one array that represents class 
for each coordinate. In each iteration, the 
algorithm uses the same set of coordinates. 
Sending data from CPU to DFE is relatively time 
expensive operation, so these three arrays are 
transferred to DFE using mapped ROM memory 
[2]. 



 

The CPU implementation of the algorithm is not 
suitable for direct mapping to the DataFlow 
architecture because the training process itself is 
rather sequential. Each iteration depends on the 
previous iteration, and during one iteration, only 
one coordinate could be processed.  

Fig. 5 presents appropriate modification of the 
algorithm, which is suitable for execution on the 
DataFlow architecture. The input vector is marked 
with C and the activation function is represented 
as f(x) which calculates the class of the 
corresponding input. In the CPU implementation, 
each iteration uses weights from the previous 
iteration. The proposed DataFlow based solution 
introduces parallel processing of the input vector.  

 

Fig. 5. Adjustment of algorithm for DataFlow paradigm 

Each point is processed independently using 
the global weight from the previous iteration, 
which is equal to zero in the first iteration. 
Coordinates from the training set are processed 
simultaneously. After parallel processing, the 
global weight is calculated by adding individual 
weights which are calculated separately. This 
weight is actually the global weight for the next 
iteration. This approach noticeably improves 
execution time compared to the ControlFlow 
implementation. 

7. PERFORMANCE EVALUATION 

For the best performance, it is very important to 
minimize the execution time of non-parallel part of 
algorithm. In the proposed solution, computing 
the global weight is a non-parallel part of the 
algorithm, and the goal is to execute this part as 
fast as possible. On the DataFlow accelerator, 
arithmetic operations take certain time to 
compute the result, and during this period, the 
accelerator is idle. Additional acceleration is 
possible if the number precision is reduced. In the 
implemented solution, the fixed-point 
representation is used for number representation 
instead of floating-point representation in order to 
improve the execution time of arithmetic 
operations.  

The performance evaluation compares 
DataFlow and ControlFlow paradigm. As 
expected, for small amount of data, ControlFlow 
paradigm performs better than DataFlow 
paradigm. The significant speed up is achieved 
by the DataFlow paradigm when larger training 
sets are used. The maximum number of 
iterations is a constant value because it does not 
affect the performance. The tests were performed 
using MAX4 Isca @ 200MHz card as DataFlow 
accelerator and Intel(R) i5-3350P CPU @ 
3.10GHz as ControlFlow representative.  

The DataFlow accelerator achieves speed up 
of about 6.75 times over the ControlFlow 
computer. 

In addition to achieved speed up, the power 
dissipation is also reduced. Although the power 
consumption is higher with employing the 
accelerator, the execution time is much smaller 
and thus the power dissipation is 4.6 times lower 
than without using the DataFlow accelerator. This 
saving is a great advantage in situations where 
the neural network is constantly learning. 

 
TABLE I: POWER DISSIPATION 

 Without 
Accelerator 

With 
Accelerator 

Idle 55.5W 78.5W 

Workload 88.1W 129.1W 

Execution time 221.44s 32.78s 
Spent energy 5.4Wh 1.1Wh 

One of the main problems in the proposed 
solution is the ability of allocating resources on 
FPGA card. For large amount of data, one FPGA 
card has not enough space to meet the DataFlow 
graph. As a consequence, the performances are 
obtained by averaging and proportionally 
calculating accurate computed results. 

8. CONCLUSION 

In this paper we present one implementation of 
neural network learning algorithm using DataFlow 
paradigm, which is based on reconfigurable 
FPGA chip. Performances are analyzed in three 
aspects. The first aspect is the speed and the 
algorithm is accelerated 6 times using Maxeler 
DataFlow card compared to the ControlFlow 
state-of-the-art technology powered by Intel CPU. 
The second aspect is the power dissipation which 
is reduced about 5 times in comparison to CPU 
based implementation. The third aspect is the 
physical space. The DataFlow supercomputer 
takes about 20 times less space than the 
ControlFlow supercomputer. 

We can conclude that neural networks learning 
algorithms are suitable for implementing on 
DataFlow accelerators, especially if the learning 
process is long. Most of the neural networks 



 

learning algorithms, which have the similar 
structure as the proposed solution, can be 
improved in the same way. Obtaining better 
performances can accomplish serious 
improvements in applications that are based on 
or use neural networks. 

The DataFlow paradigm presents a new 
paradigm that is suitable for ExaScale 
applications. Improvements such as running 
more than one Kernel on the Maxeler card in 
parallel, creating reconfigurable FPGA chips 
without recompiling hardware or any innovation in 
FPGA technology would definitely upgrade the 
DataFlow paradigm.  
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