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Abstract: In this paper, a novel hardware architecture for neuroevolution is presented, aiming to
enable the continuous adaptation of systems working in dynamic environments, by including the
training stage intrinsically in the computing edge. It is based on the block-based neural network
model, integrated with an evolutionary algorithm that optimizes the weights and the topology
of the network simultaneously. Differently to the state-of-the-art, the proposed implementation
makes use of advanced dynamic and partial reconfiguration features to reconfigure the network
during evolution and, if required, to adapt its size dynamically. This way, the number of logic
resources occupied by the network can be adapted by the evolutionary algorithm to the complexity
of the problem, the expected quality of the results, or other performance indicators. The proposed
architecture, implemented in a Xilinx Zynq-7020 System-on-a-Chip (SoC) FPGA device, reduces
the usage of DSPs and BRAMS while introducing a novel synchronization scheme that controls the
latency of the circuit. The proposed neuroevolvable architecture has been integrated with the OpenAI
toolkit to show how it can efficiently be applied to control problems, with a variable complexity and
dynamic behavior. The versatility of the solution is assessed by also targeting classification problems.

Keywords: neuroevolution; block-based neural network; dynamic and partial reconfiguration;
scalability; reinforcement learning

1. Introduction

Artificial Neural Networks (ANN) are computational models inspired by the structure and
physiology of the human brain, aiming to mimic their natural learning capabilities. ANNs excel
in complex tasks, such as computer vision, natural language processing or intelligent autonomous
systems, which are difficult to handle by using conventional rule-based programming languages.
In addition, biological evolution has inspired the development of evolutionary engineering methods
that exploit the benefits of Evolutionary Algorithms (EA) [1] as optimization and solution searching
tools. Evolutionary engineering techniques have been applied in areas such as robotics [2],
bioengineering [3], electrical engineering [4] or electromagnetism [5]. EAs have also been used
to design and adjust digital circuits, which is known as Evolvable Hardware (EH) [6].

Natural learning and biological evolution are not independent processes. Natural brains are
themselves products of natural selection. Similarly, EAs can be combined with ANNs to discover
computing structures featured with learning capacities. The combination of both bio-inspired fields
is known as neuroevolution [7]. It includes techniques to create neural network topologies, weights,
building blocks, hyperparameters and even learning algorithms. One of the pioneering algorithms in
neuroevolution is NeuroEvolution of Augmenting Topologies (NEAT). NEAT and their variants have
been applied to evolve topologies along with weights of small recurrent neural networks, showing
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outstanding performance in complex reinforcement learning tasks [8,9]. Other researchers have focused
on the evolution of deep neural network topologies and the optimizer hyperparameters, substituting
handcrafted design and re-design steps with automated methodologies [10]. Deep neuroevolution
requires intensive gradient-based training and evolution cycles, only appropriate to cloud facilities.

Differently to the state-of-the-art, a hardware-accelerated integrated solution for neuroevolution
is proposed in this paper. In addition to the design automation benefits inherent to neuroevolution
and the expected acceleration produced by hardware, implementing a neuroevolvable hardware
architecture allows training (and re-training) the neural network, in an edge computing device, during
its whole lifetime. This approach enables the continuous adaptation of systems working in dynamic
environments. Continuous adaptation is not possible in conventional ANNs that use gradient-based
backpropagation algorithms for training since the high computational demands associated with these
algorithms require cloud or GPU-based computing resources, not available in the edge. However, the
different nature of evolutionary algorithms makes possible the design of custom hardware accelerators
for learning weights and topologies to be used directly in the edge.

The proposed neuroevolvable hardware architecture is based on the Block-based Neural Network
(BbNN) template, initially conceived in [11]. A BbNN is a particular type of ANN, in which neurons
are arranged as a two-dimensional grid of Processing Elements (PEs). Each PE is connected to its
four nearest neighbors through four ports (north, south, east and west), which are configurable as
inputs or outputs. Internally, each PE features one, two or three artificial neurons, depending on its
configuration. The parallelism, regularity and high modularity of the BbNN model make it appropriate
to be implemented in hardware. In this paper, we propose using a System-on-a-Chip (SoC) FPGA, in
which a dual-core ARM processor and reconfigurable logic are combined in the same chip. The EA is
executed in the processor, while candidate BbNN solutions are evaluated in the programmable logic,
increasing the evaluation (and inference) throughput.

The size of the BbNN structure determines the complexity of the problems it can solve. It also has
a significant impact on training time. The more complex a problem is, the bigger the BbNN has to be.
However, bigger networks increase the design space to be explored during evolution, which may even
prevent its convergence. Since the optimal size for a given problem is unknown in advance, it may be
necessary to discover it by trial and error. In addition, when a network is applied to different problems
during different system operation stages, it is expected that its size could be changed. For these reasons,
the BbNN implementation we propose in this paper is dynamically scalable. Thus, the BbNN can be
scaled up and down in size at run-time during the training process, adapting the number of neurons
to the complexity of the task.

Dynamic scalability is achieved by using the Dynamic Partial Reconfiguration (DPR) technique,
which allows modifying part of the logic while the rest of the device continues working. The proposal
of this paper consists in composing the network at run-time by replicating the primary PE of the
network, taking benefit of its regularity. This strategy reduces the memory footprint and the time
required for scaling the network. It is enabled by the advanced reconfiguration capabilities provided by
the IMPRESS [12,13] reconfiguration tool. Moreover, advanced fine-grain reconfiguration features are
used in the proposed architecture to modify the parameters of the network during evolution, without
requiring a global configuration infrastructure reaching each PE. Differently, the device reconfiguration
port is used to modify the configuration parameters by writing the appropriate positions in the device
configuration memory. This approach also reduces configuration time and resource occupancy.

The run-time adaptation features provided by the proposed architecture are applied in this
work for controlling Cyber-Physical Systems (CPSs) working under dynamic conditions. Different
environments included in the OpenAI toolkit [14] are used to benchmark the performance of the
proposed architecture for control applications. The OpenAI toolkit defines control problems with
different complexities. In particular, we have selected the inverted pendulum and the mountain
car problems, as the test bench. When applied to control problems, the feedback provided by the
environment after applying the actions generated by the BbNN is used as a reward, guiding the
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evolutionary algorithm. This means that evolvable BbNNs can be considered a form of reinforcement
learning. We also prove how the proposed network can be applied in classification problems, such as
the XOR.

The original contributions of this paper can be summarized as follows:

• A scalable BbNN hardware architecture with reduced usage of DSPs and BRAMs. The proposed
architecture supports feedback loops, includes a novel synchronization mechanism and a
simplified implementation of the activation function.

• A novel approach for the network adaptation that exploits the advanced dynamic and partial
reconfiguration features offered by the IMPRESS tool to obtain dynamic scalability and an efficient
parameter and topology configuration during evolution.

• The integration of the proposed architecture, implemented on an SoC FPGA, with the OpenAI
toolkit, conforming a hardware-in-the-loop simulation platform. This platform shows the
applicability of the proposed neuroevolvable hardware architecture as a reinforcement learning
solution for control problems.

The rest of the paper is organized as follows: first, in Section 2, the basic operation principles and
previous works on BbNNs are presented. In Section 3, the different approaches existing in the literature
to implement dynamically scalable architectures are discussed. Then, Section 4 describes the proposed
implementation for the BbNN architecture, while Section 5 provides the evolutionary algorithm used
in this work. A description of how dynamic scalability and fine-grain reconfiguration are implemented
in the architecture is included in Section 6. Section 7 provides use cases and implementation results,
while conclusions and future work are tackled in Section 8.

2. Block-Based Neural Networks

In this section, the main background concepts related to Block-based Neural Networks and the
existing implementations in the literature are described.

2.1. Basic Principles

BbNNs are a type of ANN in which neurons are arranged as a two-dimensional array of n × m PEs,
as shown in Figure 1. The number of inputs of the architecture corresponds to the number of columns
(m) in the matrix. Outputs are obtained from the PEs in the last row, leaving unconnected those that
are not needed. Each PE is linked with its four closest neighbors, at the north, south, east and west
directions. PEs placed at the last column are connected to those in the first column, forming a cylinder.
Each PE has, therefore, four ports, which are configurable as inputs or outputs. Vertical links can be
configured upwards or downwards, and horizontal links can be configured to the right or the left.
Depending on the configuration of the ports, different types of processing elements are defined. Thus,
PEs with 1-, 2- or 3-inputs (i.e., 3-, 2- or 1-outputs) are possible, up to a total amount of fourteen PE
types, as shown in Figure 2. These types result from combining all the PE inputs with the outputs, with
the only limitation that every input must be connected to, at least, one output. PEs with all inputs or all
outputs are discarded to avoid inconsistencies within the network. Each processing element applies a
neuron operator in each port configured as an output. Neuron operators in BbNNs do not differ from
traditional units used in ANNs [11]. They perform a weighted addition of all the inputs and transmit
the result to the output node, after invoking an activation function [15]. The activation function is
non-linear, being the sigmoid or the hyperbolic tangent the most widely used. These functions are
applied to introduce non-linear relations in the network, needed to approximate functions that involve
non-linear relations between variables. Performing non-linear operations on hardware platforms, such
as FPGAs, entails a high logic resource utilization, especially in terms of DSPs or LUTs.
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Figure 1. Block-based Neural Network layout.

Figure 2. Processing Element (PE) schemes considered for the Block-based Neural Network.

Since the evolutionary algorithm can decide the direction of every link during the training stage,
internal loops may appear. Internal loops feature the network with memory capabilities, so data
from a previous state are combined with new data flowing through the network in subsequent time
instants. Some examples of feedback loops are shown in Figure 3. Feedbacks are essential when
solving time-dependent problems such as control or time series prediction. However, inner loops
create data-paths with different lengths, and so they complicate discovering when input data have
been completely processed. Knowing when the output data is valid requires synchronizing neuron
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activities. As it is exposed in Section 4, a synchronization mechanism based on tokens has been
implemented in this work.

Figure 3. Inner feedback loops of a Block-based Neural Network (BbNN) configuration.

Authors in [11] demonstrate mathematically that for structures with a maximum of five inputs,
the number of interconnections in a BbNN is higher than the corresponding value in a fully connected
network. Therefore, BbNNs can replace traditional neural networks with a similar number of inputs
while providing parallelism and scalability. Parallelism given by hardware acceleration enhances the
throughput of the system, while the high regularity of the BbNN layout facilitates its scalability.

2.2. Related Works

Moon and Kong conceived the BbNN model in 2001 [11], as an alternative to general neural
network models, specially designed to be implemented in reconfigurable hardware devices. Beyond the
architecture, they also proposed the use of genetic algorithms for optimizing the structure and weights
of the network. Following this initial work, various researchers have improved the architecture, the
optimization method and the applications of the BbNNs, as described next.

The works by Merchant et al. present significant contributions in terms of the BbNN
architectures [16,17]. They implemented a BbNN on an SoC FPGA device, that can be evolved
online. In particular, the authors selected a Xilinx Virtex-IIPro FPGA featured with two on-chip
PowerPC 405 processors. The EA, which is in charge of adapting the system when the operational
environment changes, is executed in the on-chip processor, while the configurable BbNN model runs in
the programmable logic. This approach is known as intrinsic evolution, since the EA directly changes
the final hardware, instead of evolving it offline, using a software model. In this implementation,
the Smart Block-based Neuron (SBbN) is proposed as the basic element of the BbNN. The SBbN is a
software-configurable neuron, in which the on-chip processor controls the operation of the neuron.
The authors present this approach as an alternative to include all the possible configurations of the
neuron simultaneously and then selecting the appropriate one with a multiplexer. Differently, in
this work, we propose a dynamically reconfigurable processing element, in which the modification
of its functionality is carried out by writing in the device configuration memory. A mechanism for
latency control using tokens, inspired by Petri networks, is also proposed in the works by Merchant.
The token synchronization of this work is slightly different since our proposal also implements accept
signals to avoid overwriting unconsumed data. In contrast to the solution proposed by Merchant, our
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architecture is fully pipelined, and it allows inner loops. These loops require a proper initialization of
the tokens to avoid deadlocks in the network, which is shown in Section 4.4.

A new variant of the BbNN model, known as the Extended Block-based Neuron Network
(EBbN), is presented in [18]. In contrast with classic BbNN implementations, the EBbN presents six
input/output ports instead of four. However, possible configurations are limited since the north and
south ports are always configured downwards. The two east and the two west ports can be configured
to provide both side horizontal data flow, right or left data flow, or they may not provide either
side data flow. The EBbN has a lower hardware overhead when compared with the SBbN. Authors
achieve this by using the internal resources more efficiently since resource redundancy within the PE is
eliminated. Pipeline registers are introduced to separate every row in the network. However, the EBbN
model cannot be applied on large networks since the critical path still becomes longer as the number
of stages increases. Differently, our approach is fully pipelined at all the outputs of each neuron
(i.e., at horizontal and vertical directions). This pipeline scheme achieves higher operating frequencies
than previous works, and hence the throughput of the proposed architecture is incremented.

Focusing on the implementation of the activation function, some works [16,19,20] present a
LUT-based approximation of its non-linear section, where discrete values of the function are stored.
This method achieves high accuracy but increases memory utilization unless all the PEs share a single
LUT-based function, which in turn, constitutes a bottleneck. An alternative to the LUT-based activation
function was presented in [21]. In that work, a sigmoid-like activation function is implemented as a
piecewise-quadratic (PWQ) function (i.e., as a function defined by multiple sub-functions).

There have also been contributions in terms of the training algorithms. Although most of
the BbNN-based systems are trained by using EAs, some works rely on alternative optimization
methods. In [22], the problem is posed as a set of linear equations solved with the linear least-squares
method. This approach provides good training accuracy for time-series prediction and nonlinear
system identification problems. Authors in [23] propose the use of a multi-population parallel genetic
algorithm (GA) targeting implementations on multi-threading CPUs.

Most of the implementations reported for the BbNN do not allow the inner feedback loops defined
in the original model. Only in works by Nambiar [21,23] and Kong [11,24], topologies with feedback
loops are addressed, showing how these feedback loops can lead to non deterministic results if all the
PE outputs are not registered. The authors tackled this issue by introducing latency as a parameter to
be controlled by the EA, encoded in the chromosome. In the present work, the uncertainties induced
by feedback loops are controlled with the token synchronization.

In previous works, the BbNN model has succeeded in solving tasks of different domains such as
classification, time series forecasting and control. In [25], it has been applied to ECG signal analysis and
classification, such as arrhythmia detection [26] or driver drowsiness detection [27]. Hypoglycemia
detection has been another use case of the BbNN related to the healthcare domain [28]. Time series
prediction [22,24] and dynamic parameter forecasting [23] show the BbNN capabilities to solve tasks
with temporal dependencies. This ability to solve problems where time is an intrinsic factor makes
BbNN a good option to deal with control problems, like mobile control problems [11] or dynamic
fuzzy control [29]. Real-time intrusion detection systems have also been developed in [30].

Apart from the works related to BbNNs, there are almost no hardware implementations of
neuroevolvable systems providing continuous learning in the state-of-the-art. One of the most relevant
works in this regard is the GenSys [31], an SoC prototype that includes an accelerator for the NEAT
algorithm and an inference engine that accelerates in hardware the neural networks described by the
evolutionary algorithm. At this regard, the work by A.Upegui on the evolution of spiking neural
networks using DPR on commercial FPGAs is also notable [32].

In a more general sense, different circuit topologies have been proposed in the state-of-the-art to be
used as part of evolvable hardware systems. Relevant examples are the Cartesian Genetic Programming
(CGP) [33] or Systolic Arrays (SA) [34]. Both of them are based on meshes of interconnected processing
elements that perform different functions from their inputs. In its standard form, the CGP corresponds
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to a computing graph that is directed and feed-forward. Therefore, a PE may only receive inputs from
either input data or the output of a PE in a previous column [33,35]. Connectivity is CGP is achieved
by adding large multiplexers at the input of each PE, which has a resource overhead that limits the
size of the structure. In turn, SAs do not have such a high connectivity overhead since their dataflow is
fixed and restricted to the closest neighbors of each PE.

3. Existing Approaches to Scalability

Scalable architectures offer significant advantages compared to fixed architectures. Their size can
be adapted to change the quality of the results, to operate with inputs of different width or to modify its
computation performance (e.g., adding more modules to exploit data parallelism). An architecture can
be scaled at design-time (e.g., using generics in HDL descriptions [36]), or it can be scaled dynamically
to deal with changing external conditions. Dynamic scalability requires using SRAM-based FPGAs,
with dynamic partial reconfiguration (DPR) capabilities. DPR makes it possible to adapt part of the
device fabric at run-time, while the rest of the system (i.e., the static part) remains uninterrupted.
There are two concepts that are important to understand in dynamically reconfigurable systems, which
are reconfigurable regions (RRs) and reconfigurable modules (RMs). The RMs are accelerators that
can be exchanged in the system at run-time. On the other hand, the RRs are regions of the FPGA that
have been reserved for allocating the RMs. This section introduces different approaches found in the
literature to implement dynamically scalable architectures.

The most direct way to implement scalable architectures is to synthesize offline different variants
of the same accelerator, with different sizes, and then to swap them in one Reconfigurable Region (RR)
of the FPGA. This approach has been used in [37] to generate a scalable family of two-dimensional
DCT (discrete cosine transform) hardware modules aiming at meeting time-varying constraints for
motion JPEG. A similar approach is used in [38] to vary the deblocking filter size to adapt it to different
constraints in H.264/AVC coding. In [39], the authors implement a CORDIC accelerator that can be
scaled at run-time to work with different data types when the required dynamic range and accuracy
change. A sharp drawback of this approach is that the whole RR remains occupied when the size of
the architecture decreases, so it can not be reused for other modules.

A more efficient alternative to achieve real footprint scalability is to create several RRs, as shown
in Figure 4a, and changing the size of the architecture by replicating modules in parallel. With this
approach, free RRs can be reused for other RMs. This approach has been used in [40] with four RRs to
allocate a scalable H.264/AVC deblocking filter. When the architecture can not be divided into different
RMs, it is possible to arrange contiguous RRs in slot or grid styles [41]. In these configurations, one RM
can be allocated in several RRs, as shown in Figure 4b. In this way, when the size of the architecture
increases, the RM can use more RRs. This approach has been used in [42] to generate an architecture
for DCT computation with three size levels that can be allocated in up to three contiguous slots.

The previous approaches can be used when the modules are connected directly to the static
system. However, they are not valid in two-dimensional mesh-type architectures (e.g., BbNNs or
systolic arrays) that have direct interconnections among neighboring processing elements. The most
natural solution to interconnect RMs is to use static resources crossing the boundaries of their RRs.
This approach is followed in [43], where the authors generate a triangular systolic array architecture
for computing the DCT. The systolic array can be scaled using different RRs that can allocate a whole
diagonal of PEs. The main drawback of this approach is that the communication among RRs is fixed,
and therefore, it is not very easy to reuse the RRs for other accelerators. The authors in [44] solve this
problem by using switching boxes that can be configured to adapt the interconnection among the PEs.

Using static but configurable interconnections among PEs offers excellent flexibility at the cost of
having a considerable resource overhead. It is possible to reduce this overhead by using reconfigurable
interfaces instead of a fixed infrastructure. A reconfigurable interface is composed of specific device
routing nodes located at the border of the PE; if a neighbor module uses a compatible set of nodes in
its interface, the communication between neighboring modules is enabled without requiring fixed
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interconnections. The authors in [34,45] used this approach to build a scalable systolic array for
evolvable hardware and a scalable wavefront array to implement a deblocking filter. In both cases,
the static system contains one RR that interfaces with the static system through specific nodes located
at the border of the RR. The RR does not have static resources, and therefore it can be deemed
as a grid-based RR that can allocate multiple PEs. In this way, the same RR can allocate several
architectures with different communication schemes. Authors relied on the academic tool Dreams [46]
to build these applications since commercial tools did not, and still do not provide these advanced
reconfiguration features.

Static system

RR
1

RR
2

RR
3

RR
4

RM 1 RM 2 RM 3 RM 4

(a)

Static
System

RR 1

RR 2

RR 3

RR 4

RR 5

RM 1

RM 2

(b)

Figure 4. (a) Scalable architecture using multiple isolated reconfigurable regions connected to the static
system. (b) Scalable architecture using multiple reconfigurable regions arranged in a slot style, where
one reconfigurable module (RM) can span multiple reconfigurable regions (RRs).

It must be noticed that every module of the architecture does not have a fixed position in the
device when its size changes. This fact limits the connection of the scalable architecture with the static
system. The solution provided by the authors is to use only one input/output module located in
one corner of the RR and to surround the architecture with communication and control modules that
communicate the outer blocks of the architecture with the input/output instance. When using this
approach, the RR can allocate several modules. One example could be connecting the static system
to the 4 corners of the RR and allocating two-dimensional architectures or monolithic reconfigurable
modules, as shown in Figure 5. In this case, the architectures can only grow at the expense of reducing
the size of the other modules.

Reconfigurable Region

Static

System

Static

System

Static

System

Static

System

PE

PE

PE

PE

I/O

PE

PE

PE

PE

PE

PE

PE

PE

PEPEPE

PEPEPE

PEPEPE

I/O

PEPEPE

Reconfigurable 
Module

Reconfigurable 
Module

PE PE PE

PE PE PE

PE PE PE

I/O

Figure 5. Scalable architectures using reconfigurable interconnections.
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4. Proposed Bbnn Architecture

This section describes the reconfigurable and scalable architecture proposed to implement BbNNs
in hardware. It aims to reduce the utilization of resources while keeping modularity and scalability.
First, we focus the discussion on the implementation of the processing elements used as the basic
building block for the BbNN. Then, the modules used for connecting the neurons and handling data
within the network are described.

Each PE in the BbNN computes a variable number of outputs (K) with a given number of inputs
(J) using the following expression:

yk = g

(
bk +

J

∑
j=1

wjkxj

)
, k = 1, 2, . . . K (1)

where:

• g: is the activation function of the neuron.
• xj: is the jth input of the neuron.
• wjk: is the is the connection weight between the jth input and the kth output.
• bk: is the bias applied to the kth output.
• yk: is the kth output of the neuron.

These arithmetic operations are proposed in the original model to be computed as floating-point
numbers, including the non-linear activation function. A set of numerical optimizations are proposed
first to provide an optimized hardware implementation.

4.1. Numerical Optimizations

We have studied first the most convenient fixed-point data representation and the approximation
of the activation function to be used in the proposed hardware implementation.

4.1.1. Numerical Range for Inputs and Parameters

The numerical range has a straightforward impact on the hardware resource utilization and
the size of the chromosomes used during training since the algorithm directly evolves these values.
Therefore, it also affects the size of the design space to be explored.

In this work, we have decided to use a range of (−4, 4). Experimentally, we have validated that
this range is appropriate to activate or deactivate the network nodes during training. This choice is
also coherent with the proposals existing in the literature. For instance, in [21], authors use the range
of [−3, +3]. Notice that in both cases, the number of bits required for the representation of the integer
part is the same. The complete fixed-point representation scheme is explained in the next section.

4.1.2. Fixed-Point Representation Scheme

A fixed-point representation has been chosen for the input data and all the intermediate
computations, aiming at reducing the logic resources required when compared to the floating-point
counterpart. We now describe the details of the selected representation, which is graphically shown in
Figure 6.

All the registers and data ports are implemented using 16 bits. Since the integer part requires
three bits to allocate the integer range of (−4, 4), 13 bits remain for the fractional part. This scheme is
used for inputs, weights and bias, but it is modified for the internal neuronal computations within a
PE. The maximum number of concurrent connections to a single PE output is 3, as shown in Figure 2.
It corresponds to a PE with a single output and three inputs, represented by Equation (2). Considering
that weights have been limited to the range (−4, 4), the range of values passed to the activation
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function is (−16, 16) as Equation (3) illustrates. The integer part of these values can be represented
with 4 bits, plus an extra bit for the sign.

output = g (x1w1 + x2w2 + x3w3 + b) (2)

max.output = g (1 × 4 + 1 × 4 + 1 × 4 + 4) = g(16) (3)

Instead of enlarging the accumulation registers inside the PE, we opt for redistributing the 16 bits
as follows. We dedicate now the 5 bits required for the integer part and the remaining 11 bits for the
fractional part. This decision reduces the flip-flops required for the implementation of each PE.Output
data from the activation function and input data to the PE are coded with the same fixed-point
representation. Figure 6 shows the data representation at each computation stage.

Figure 6. Fixed-point representation used in this work.

4.1.3. Approximation of the Activation Function

We use the sigmoid function as the activation function since it has proven in the literature to
provide good results when used in BbNNs [21,25]. Other well-known activation functions reported in
the neural network literature, such as the Rectified Linear Unit (ReLU), could also be appropriate from
the algorithmic point of view. However, we have discarded the functions that are not constrained to a
value range, which creates overflows and inconsistencies when dealing with fixed-point data types in
hardware implementations.

As mentioned in Section 2, some authors used an LUT-based approximation for the approximation
of the non-linear function, where discrete values of the sigmoid function are stored in pre-computed
look-up tables. Thus, computing the activation function is reduced to finding in the table the value
corresponding to the required point. However, this look-up table constitutes a bottleneck if multiple
PEs require simultaneous access to this table. In an architecture with massive parallelism like BbNNs,
sharing the activation function has a considerable impact on the processing throughput. As an
alternative, piecewise quadratic (PWQ) functions can approximate the sigmoid without the necessity
of LUTs. PWQ function technique implies performing multiplications, which require the usage of
DSP units.

Differently, the proposal of this work consists in splitting the function domain into sub-functions
whose operands can be represented as the addition of powers of 2, as shown in Equation (4).
The selection of the appropriate sub-function (i.e., the corresponding tranche of the function) is carried
out by evaluating the integer part (xint) of the function argument. In turn, the fractional part (x f rac) is
used to compute the output within each sub-function, by applying bit-shifting transformations.
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g(x) =



0, if xint < −4

x f rac

32
, if − 4 < xint < −3

x f rac

32
+

1
16

, if − 3 < xint < −2

x f rac

16
+

1
8

, if − 2 < xint < −1

x f rac

8
+

1
4
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(4)

In Figure 7, the comparison of the approximate sigmoid function and the real function is exposed.
Mean squared error between both functions in the non-linear section is 1.254 × 10−4. This error is only
calculated for the (−6, 6) range since out of this range the sigmoid function is practically linear.

Figure 7. Comparation of the approximate sigmoid function and the real function.

4.2. Proposed Processing Element Architecture

As shown in Figure 8a, the interface of the processing element includes the following signals:

• Input data: one input signal per PE side (xn, xe, xs, xw)
• Output data: one output signal per PE side (yn, ye, ys, yw).
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• Token signals: one token signal per input/output port. They are part of the synchronization
mechanism. They indicate that intermediate results are ready to be consumed. They are set to one
by the producer PE and set to zero by the consumer PE.

• Accept signals: one accept signal per input/output port. These signals avoid overwriting
unconsumed data. They are also part of the token-based synchronization scheme. Accept signals
are set to zero when the consumer has not consumed inputs or while it is triggered, and they are
set to one when the link has no data, and the consumer PE is idle.

(a)

(b)

Figure 8. Proposed structure for the BbNN processing element. (a) Shows the interface and internal
connections of one possible type of processing element (PE). (b) Exposes internal blocks of a generic PE.

Each PE is characterized by a set of parameters, represented as blue boxes in Figure 8b.
These parameters fully define the behavior of the PE, including the PE type, the weights and the
biases. They are implemented with LUTs that can be configured using the fine-grain reconfiguration
technique detailed in Section 6. This way, each PE of the BbNN is configured without the need for a
global configuration infrastructure. Thus, enhancing the scalability of the BbNN.

Apart from the PE parameters, each PE is composed of the following modules:

• Parameter selection block: it generates the signals that select the proper operands at the right
clock cycles depending on the values stored in the parameter selection registers (Xparam, Wparam,
Bparam and Yparam). These values are chosen from the PE type.

• MAC Unit: it performs all the calculations to generate the weighted sum during the
computation cycle.

• Computation cycle counter: this counter controls the computation cycle stage.
• Activation function: this block computes the approximation of the sigmoid function, as it was

described in the previous section.
• Synchronization logic: this logic checks the values of the token signals to trigger the computation

cycle. When the operations are executed, it generates the output ports tokens. This logic also
manages the accept signals.

Only one DSP per PE is needed, which is included in the MAC Unit. All the calculations of the
neuron block are performed throughout seven clock cycles. The DSP is used sequentially during these
clock cycles performing multiply and accumulate (MAC) operations with the appropriate operands.
During the computation cycle, the Parameter Selection Block generates selection signals to indicate
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which input, weight, bias value and output is required at each cycle. This selection depends on
the coded sequence stored in the fine-grain reconfigurable LUTs of the Parameter Selection Block.
These values constitute the internal configuration of the PE. Once the weighted sum of a neuron’s
output is ready, its value is passed to the activation function block to generate the final output value.
Table 1 illustrates how each parameter of the neuron is encoded.

Table 1. Signal coding for parameter selection.

SelX Input SelW Weight SelB Bias SelY Output

00 Xn 00 W1 0 B0 0001 Yn
01 Xe 01 W2 1 B1 0010 Ye
10 Xs 10 W3 - - 0100 Ys
11 Xw 11 W4 - - 1000 Yw
- - - - - - 0000 Reset acc.

The operations carried out in the seven clock-cycles are shown with an example in Figure 9. In the
first clock cycle, the triggering condition of the PE is checked, and the values stored in the accumulator
from previous clock cycles are reset. If the triggering condition is fulfilled, the PE parameters are read
sequentially and decoded on the subsequent clock cycles. This decoding uses the values in Table 1 to
generate the selection signals for each operand and the proper output at each clock cycle. Each neuron
type has an unique codification for each selection signal (SelX, SelY, SelB and SelY).

Figure 9. Values of the selection parameter register for the subscribed neuron type and read sequence.

Not all PE types require the seven clock cycles to compute the output. This value is defined by the
worst case, which corresponds to a PE with the maximum number of outputs (i.e., 1-input/3-outputs).
As the DSP is used sequentially, the accumulated results must be reset before computing a different PE
output. With three outputs, two clock cycles are needed per output: one clock cycle to multiply the
input and the corresponding weight, and an extra clock cycle to reset the accumulator. Therefore, six
clock cycles are used as computation cycles, besides the additional clock cycle needed to check the
triggering condition. In any case, the clock cycles not required by a given PE are lost, since all the PEs
are synchronized every seven clock cycles.
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4.3. From the Basic PE to the Block-Based Neural Network IP

The proposed BbNN has been integrated into an Intellectual Property (IP) core, as shown in
Figure 10. The main component of the IP is the BbNN itself. At design-time, the BbNN is a dummy
block reserved in a reconfigurable region. This reconfigurable region is then used to allocate PEs
at run-time to compose a BbNN of a given size. The composition of the BbNN is carried out by
reconfiguring individual PEs into the reconfigurable region. Each PE has compatible interfaces to
neighboring PEs so that they connect directly without predefined static interconnections. Composing
the BbNN in this modular way allows scaling its size efficiently by adding or removing PEs.

Input front

Reconfigurable Region

Output front

Memory
Bank

GFSM

Registers

Global signals

BbNN IP

AXI LITE

AXI FULL

INT

Figure 10. Block-based Neural Network Intellectual Property (IP) with fine-grain reconfigurable
elements in each PE.

Once the BbNN has been composed, it can be configured using a technique called fine-grain
reconfiguration that has been used in state of the art to reconfigure specific elements of an FPGA
(e.g., LUTs) [47,48]. In the proposed BbNN each PE parameter (e.g., weights, biases) is implemented
using LUTs whose output values can be modified by adapting the LUTs truth table using fine-grain
reconfiguration. The IP also contains specific logic to provide the inputs to the BbNN via fine-grain
reconfiguration. This way, a direct connection between the BbNN and the static system is not required,
which enhances the scalability of the network. However, output signals are connected through the
southern border of the reconfigurable region, independently of the size of the network. A memory bank
accessible by the processor using an AXI interface has been included to store the outputs temporarily.

In summary, the proposed BbNN implementation relies on dynamic partial reconfiguration to
(1) compose the BbNN on the fly by stitching together individual neuron blocks, (2) change the
configuration of each neuron in the training phase and (3) providing the input values to the network.
Details regarding the scalability and the configuration of the BbNN are described in Section 6.

The processor is also connected to the BbNN IP through an AXI lite interface that can be used to
modify the BbNN configuration registers. These registers can be used to enable or disable the BbNN,
asserting that a new input has been provided to the network or to select which network outputs are
used. The General Finite State Machine (GSFM) controller is the component that reads the registers
written by the user and writes the necessary control signals to the BbNN. These signals are connected
to every PE of the network. To allow scalability, these signals use specific routing resources of the
FPGA reserved to clocks and other global signals. Once the BbNN generates a set of valid outputs,
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the GSFM asserts an interrupt signal to indicate that the processor can read the output values and
generate a new input signal.

4.4. Management of Latency and Datapath Imbalance

All the PE outputs include a pipeline register to keep the critical path of the circuit constant
regardless of the BbNN configuration. Therefore, the latency of the network depends on the length of
the paths between the inputs and outputs. By latency, we mean the number of cycles needed to process
all the BbNN inputs until a valid output is generated. Since the dataflow is fully configurable, this
latency is variable. This circumstance is shown in Figure 11, where two BbNN configurations with the
same size and selected output, but different dataflows, are represented. Configuration in Figure 11a
has a latency of 10 cycles, and configuration Figure 11b has a latency value of 18 cycles.

(a) (b)

Figure 11. Configurations with the same dimensions and selected output but different latency.
(a) shows a configuration with a 10 latency cycles; meanwhile (b) exposes a configuration with 18
latency cycles.

The dependency of the datapath length with the network configuration might also cause the
computing imbalance at the PE level. If two paths arriving the same PE have different lengths, valid
data will arrive at the PE at different control steps. In this work, the network latency and the datapath
imbalance are controlled with a synchronization scheme based on tokens and accept signals. When an
output from a neuron is ready to be used, a token is set at the pertinent link. PEs are only triggered if all
the tokens at their input nodes are activated. Accept signals avoid overwriting a link with unconsumed
data. This approach may cause deadlocks during the first calculation cycle if the BbNN configuration
under test has feedback loops. Neurons influenced by feedback loop wait for other neurons in the loop
to produce an output, leading to a deadlock. This scenario is avoided by setting to one the tokens in
the upward vertical links by default at the first calculation cycle.

5. Proposed Evolutionary Algorithm

This section presents the EA used as the optimization mechanism in the proposed BbNN. EAs have
been selected for driving the training of the network since they require fewer memory resources and a
lower numerical precision when compared with other alternatives, including gradient-based methods.
This makes them suitable for their intrinsic implementation in the SoC. The EA runs on the processor
of the system, and its goal is to optimize data structures called chromosomes. These chromosomes
encode complete configurations of the network, including weights, biases and port directions for
every PE. BbNN codification within the chromosome structure is exposed in Figure 12. The size of
the chromosome depends on the BbNN size. Larger networks require larger chromosomes since
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the EA uses a direct encoding. Weights and biases of each PE are represented with 16-bits per
parameter (see Figure 12a). Dataflow configuration of the whole network is encoded with two bitstrings:
E_param for East ports and N_param for North ports. Two bits per PE are needed to configure the
dataflow. Figure 12b shows an example of the dataflow configuration generated by this combination
of parameters. Therefore, each PE adds 98 bits to the chromosome size. A problem-dependent fitness
score is assigned to every chromosome during the evaluation stage. This value is stored in each
chromosome with a float variable. Each chromosome also has an associated age, whose functionality
is explained next in this section, stored as an integer variable.

(a)

(b)

Figure 12. BbNN configuration encoded in the chromosome structure. (a) presents the representation
of the chromosome structure. (b) exposes and example of dataflow configuration from bits in E_param
and N_param.

The proposed algorithm is detailed in Algorithm 1. The algorithm takes as many iterations
(generations) as needed to achieve a fitness score that exceeds the value defined as the target. The initial
population of chromosomes is created randomly (line 1). At every generation, a mutation operator
is applied over the whole population of chromosomes with different mutation rates (line 6). Thus,
producing copies of the chromosomes with altered data. These copies are the offspring. The portion of
altered data injected by the mutation operator is given by the mutation rate, which in the proposed
algorithm decays in chromosomes with high fitness values. Therefore, good chromosomes suffer
lighter mutations. Decaying the mutation rate enhances the performance of the algorithm since
aggressive mutations on the dataflow may worsen the behavior of chromosomes with a high fitness
value. In turn, chromosomes with undesired performance are removed from the population with two
mechanisms: extinction and age threshold.

Each chromosome has an associated age. This value is incremented if any offspring chromosome
improves the performance of the original one (line 12). A chromosome is removed if its age is over
the maximum age, defined as an algorithm parameter (lines 13–15). This mechanism prevents the
stalling of the evolutionary algorithm. After some generations, the extinction operator is applied
over chromosomes with the lowest fitness values (lines 19–22). This strategy constitutes a kind of
elitism: only the best chromosome is protected from extinction. Extinction is the second mechanism to
prevent the algorithm from stalling while it increases the diversity of the population, thus avoiding
to fall into local minimum points. All operators of the proposed EA are configurable with the
parameters represented in Table 2. The values of these parameters have been set empirically to enhance
the convergence of the EA. Another mechanism to prevent the stalling of the EA is the dynamic
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scalability of the network. If fitness value remains constant for several generations, the EA scales up
the architecture by adding a row to the network.

The design of the fitness function is crucial for accomplishing a successful evolution process.
This function must be adapted to the problem by the designer. In classification problems, the goal
of the function is to assign a high score to chromosomes that result in higher classification accuracy.
Meanwhile, in control problems, the fitness function is designed to assign high scores to those
chromosomes which behavior achieves the requirements for the physical problem to be considered as
solved. The design of each fitness function for each of the use cases described in this work is detailed
in Section 7.

Algorithm 1: Evolutionary algorithm

1 Initialization(population);
2 bestFitness = evaluate(population);
3 generations = 0;
4 while bestFitness < targetFitness do
5 for chromosome in population do
6 offspring = mutation(chromosome);
7 bestFitnessMut = evaluate(offspring);
8 if bestFitnessMut > (chromosome.fitness) then
9 replaceChromosome(chromosome, offspring);

10 chromosome.age = 0;
11 else
12 chromosome.age++;
13 if chromosome.age > maxAge then
14 remove(chromosome);
15 end
16 end
17 end
18 selectBest(population);
19 if subgenerations > ExtinctionFreq then
20 extinction(population);
21 subgenerations = 0;
22 else
23 subgenerations++;
24 end
25 generations++;
26 end

Table 2. Parameters of the Evolutionary Algorithm.

Parameter Type Value Functionality

TargetFitness Float (0, 1.0) Application dependant Desired fitness
Pop-size Int 15 Number of chromosomes in the population
N-offspring Int 10 Number of mutated copies from one chromosome
MaxAge Int 7 Maximum number of stalled generations
ExtinctionFreq Int 5 Generations between extinctions
MutationRate Float (0, 1.0) 0.3 Percentage of data altered in the mutation
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6. A New Approach to Build a Scalable Bbnn

Enhancing the BbNN model with dynamic scalability allows handling the size of the network
as a parameter to be optimized at run-time, instead of being fixed at design-time. This way, the
optimization algorithm can find the appropriate size, as a trade-off between the size of the design space
under exploration and the capability of the architecture to undertake complex problems. Dynamic
scalability is also useful in applications in which changing the network size leads to different quality
levels. In these applications, it is possible to adapt the size of the BbNN according to different run-time
constraints, such as energy consumption, quality of results or available logic resources in the FPGA.

Its modular design and the distributed nature of its control make the BbNN an excellent candidate
to be implemented in a grid-based RR, using specific reconfigurable interfaces. The proposed
implementation is possible thanks to the use of the advanced reconfiguration features provided by the
IMPRESS reconfiguration tool [12,13]. IMPRESS is an open-source (https://des-cei.github.io/tools/
impress) design tool developed by the authors targeting the implementation of reconfigurable systems.
IMPRESS has been designed with a particular focus on implementing scalable two-dimensional
mesh architectures (i.e., overlays). Some features of IMPRESS that are of significant importance to
build scalable overlays are the following: direct reconfigurable-to-reconfigurable interfaces, module
(i.e., bitstream) relocation, the implementation of multiple RMs in the same clock region and decoupling
the implementation of the static system and the reconfigurable modules. All these features allow the
reconfiguration of multiple individual PEs in a single RR to compose at run-time a BbNN of any given
size. Another feature of IMPRESS that is of great importance to implement scalable BbNNs is the
possibility to instantiate LUT-based constants inside reconfigurable modules. This feature, known
as fine-grain reconfiguration, allows changing these logic constants by reconfiguring a single device
frame that spans one clock region column. A frame is the minimum reconfigurable unit of an FPGA.
Fine-grain reconfiguration accelerates the reconfiguration of logic constants distributed throughout
the device fabric. LUT-based reconfigurable components can be used to access the inside of a RR
without needing a direct link to the static system. In the case of BbNNs, the purpose of fine-grain
reconfiguration is twofold. First, it allows changing the configuration of the PEs without using any
global bus interface. It also enhances scalability as it is possible to provide inputs to the network
without using external communication modules that add overhead to the system.

The following is a description of the process of building a scalable BbNN with the aid of IMPRESS.
First, it is necessary to generate the static system with a single RR that contains the interface of
the output BbNN blocks. The interface of the RR can be easily defined by selecting which border
(e.g., south) is used, and then IMPRESS automatically selects which routing nodes are used as interface
points. Figure 13a shows an example of an empty RR with a south interface. The next step is
implementing the reconfigurable PE. IMPRESS allows relocating reconfigurable modules in different
RRs, whenever they have the same resource footprint (i.e., regions with the same resource distribution).
Once all the modules have been implemented, it is possible to compose a BbNN of arbitrary size at
run-time by reconfiguring individual blocks, as shown in Figure 13b. Notice that contrary to the Xilinx
reconfiguration flow where each RM has to be allocated in a unique RR, IMPRESS can allocate inside a
single RR multiple RMs that are interconnected to each other through reconfigurable interfaces.

During the run-time training of the BbNN, it is necessary to configure each PE of the BbNN to
modify the weights, biases and the neuron type configuration. Fine-grain reconfiguration needs to be
fast enough to be usable in the training phase of the BbNN, where a large number of potential candidate
configurations have to be evaluated. To reduce the reconfiguration time, IMPRESS automatically
groups all the LUT-based constants in the same column of device resources so that all the constants
can be reconfigured by modifying a minimum amount of frames. This feature makes fine-grain
reconfiguration fast enough to be used in the training phase of the BbNN. Fine-grain reconfiguration
can also be used to enhance scalability. As explained before, the works presented in [34,45] surrounded
the scalable architectures with communication and control modules that passed the input/output
signals to the corresponding modules. This strategy can lead to considerable resource overhead for

https://des-cei.github.io/tools/impress
https://des-cei.github.io/tools/impress
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small overlays. This overhead is avoided in this work by providing the inputs to the BbNN with
fine-grain reconfiguration. Figure 13c shows an example of a scalable BbNN with fine-grain constants
grouped in columns to modify the BbNN configuration and the input modules.

As we have seen, the BbNN relies on two different reconfigurations techniques. The first one
is used to allocate RMs inside the RR to change the size of the BbNN. The BbNN size is usually
selected before launching the application. However, the EA can change it at run-time if the fitness
value is stalled after a given number of generations, as shown in the experimental results. The second
technique is the fine-grain reconfiguration, which is used to provide the inputs of the BbNN and also
to configure the BbNN parameters during the training phase.

Reconfigurable Region

(a)

Reconfigurable Region

Input

PE

Input Input

PEPE

PE PE PE

PE PE PE

(b)

Reconfigurable Region

(c)

Figure 13. (a) Empty reconfigurable region. (b) reconfigurable region with 3 × 3 BbNN.
(c) reconfigurable region with 4 × 4 BbNN showing LUT-based constants grouped in columns.

One difficulty that arises when building scalable BbNNs with reconfigurable interfaces and fine-grain
reconfiguration is how to connect the edges of the network. This means, to close the structure as a
cylinder, which is a convenient feature to increase the connectivity between input variables. The proposed
implementation connects the edges by routing the signals through the interior of the BbNN, as shown
in Figure 14. This approach increases the heterogeneity of the PEs. Instead of using the same RM,
this solution requires three different RMs depending on the location (i.e., center or edge of the BbNN),
which hinders PE relocation. Moreover, bypass signals crossing the BbNN form a combinatorial path
which size increases with the size of the BbNN. When building larger BbNNs, these routes can become the
critical path, thus limiting the maximum system frequency. In the cases where the maximum frequency
limit is achieved, it is possible to connect dummy blocks (i.e., blocks that output a constant value) at the
edges of the BbNN. While this solution does not connect the edges of the BbNN, it has the advantage that
it keeps the frequency of the system independent of the BbNN size.

West
PE

Bypass
PE

Bypass 
PE

East
PE

Figure 14. Connecting the external edges of the BbNN using reconfigurable interconnections.
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Figure 15a shows the implementation of the BbNN static system in a Xilinx Zynq xc7z020clg400-1
SoC, including the area reserved for the RR. The RR can be populated at run-time with PEs to compose
a BbNN with up to 3 × 5 neurons. Figure 15b shows the implementation of the different neurons and
input modules and how they can be arranged at run-time to compose a 1 × 5 BbNN. It is important
to remark that the BbNN is rotated compared to the one shown in Figure 15c. In this case, the data
flow goes from the west to the east. This modification allows placing all the input modules in the same
column, aligning all the fine-grain reconfigurable inputs in the same frame. Thus, speeding-up the
reconfiguration process. The main drawback of rotating the BbNN is that it hinders the relocation of
the neurons in the column. PEs in the bottom and top columns have a different interface to those in
the middle of the column, and therefore their partial bitstreams are not compatible with relocation.

(a)

Input 2

Input 1

Input 3

Input 4

Input 5 PE15

PE14

PE13

PE12

PE11

(b)

Figure 15. (a) Shows a BbNN static system implementation that can allocate up to 3 × 5 PEs. (b) Shows
how neuron blocks can be arranged inside the reconfigurable region at run-time to form a 1 × 5 BbNN.

IMPRESS incorporates a library to manage the reconfiguration of mesh-type architectures.
This library includes a bidimensional variable that represents the current configuration of the
architecture. Each element in this variable has two parameters. The first one is a pointer to a
reconfigurable module in the library. The second one is the location where the reconfigurable module is
allocated in the device. When any of these parameters are changed, IMPRESS automatically initiates the
reconfiguration process to allocate the specified reconfigurable module in the desired FPGA location.

Moreover, IMPRESS includes a run-time hardware reconfiguration engine specialized for
fine-grain reconfiguration. The reconfiguration engine receives the configuration of the constants, and
it automatically reconfigures the FPGA with the required configuration.
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7. Results

This section illustrates the performance of the system in terms of logic resource utilization, the
reconfiguration time and the capability to resolve different problems in two different domains, which
are classification and control tasks.

7.1. Logic Resource Utilization and Reconfiguration Times

Table 3 contains the resource utilization of the static system and each PE in the BbNN
implementation shown in Figure 15. The static system includes the BbNN controller, the fine-grain
reconfiguration engine and an empty RR where the BbNN PE blocks can be allocated at run-time.
Table 3 also shows the resources used by each individual processing element. Each PE uses 473 LUTS,
163 flip-flops and 1 DSP. As the PE can be implemented in different reconfigurable regions, there are
small variations in the percentage of used resources among RRs. The size of the partial bitstreams also
depends on the region where the PE is implemented. The PE bitstream size varies from 21.8 kB to
26.9 kB, depending on the reconfigurable region where the PE is implemented, while the input module
bitstream size is 5.8 kB.

As shown in Figure 14, the PE can adopt three different configurations, which have to be
implemented as three different RMs. To implement each possible BbNN size, we have to analyze
all the possible locations where the RMs can be allocated. The bypass RMs can only be allocated in
the inner regions of the RR. However, the edge RMs (e.g., west and east PEs) can be placed in every
region except the opposite edge regions (i.e., a west RM cannot be allocated on the east side of the
RR). When using the Xilinx reconfiguration flow, it is necessary to generate one partial bitstream
for each RM location, which would result in 33 (12 × 2 for edge RMs and 9 for the bypass RM)
different partial bitstreams to generate all possible combinations. However, generating all the possible
combinations is avoided by the flexibility benefits provided by IMPRESS, which allows relocating one
partial bitstream to compatible regions (i.e., regions that have the same resource distribution). In the
BbNN implementation shown in Figure 15, the total number of partial bitstreams needed to generate
all the possible combinations is reduced to 9.

Table 3. Resource utilization of the BbNN implemented on a Zynq XC7Z020.

Resource Type Static System Individual PE

LUTs 7966 473 (95.84%) *
FFs 7939 163 (16.98%) *

DSPs 0 1 (25%) *
BRAMs 2 0

* Percentage of the resources available in the RR used by the PE.

Table 4 shows a comparison of the proposed PE implementation and existing proposals in the
state-of-the-art in terms of logic resources. The proposed architecture presents the lowest footprint
in memory elements and DSPs. This is achieved by the proposed implementation for the sigmoid
function and the strategy proposed to reuse the single DSP over different clock cycles. The downside
of the dynamic scalability and flexibility of the proposed architecture is reflected in the high utilization
of logic elements. This logic overhead is a consequence of the online training feature. One downside
of dynamic partial reconfiguration is that other circuits cannot use the unused resources of the
reconfigurable region where the PE is implemented. Table 3 shows that in our PE proposal, the LUTs
are the bottleneck and leave several FFs, DSP and BRAMs unused.
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Table 4. Resource utilization per individual PE in comparison with other works in the state-of-the-art.

Work Platform Logic
Elements *

Memory
Elements

DSP
Elements

Activation
Function

Proposed architecture Zynq XC7Z020 473 163 FFs 1 Sigmoid-no DSP
Nambiar [21] Stratix III 231 276 FFs 2 Tanh-piecewise
Jewajinda [49] Virtex V 263 341 FFs 1 Sigmoid-LUT based
Merchant [19] Virtex-II Pro 338 4BRAM 1 Sigmoid-LUT based

Lee and Hamagami [18] ** Stratix IV 186 40 FFs 8 Linear

* Logic element implementation depends on the selected platform: 4-inputs LUTs (Virtex-II Pro), 6-inputs
(Zynq XC7Z020, Stratix III, Virtex V) LUTs or 8-inputs (Stratix IV). ** Only resource consumption for 8 × 16
BbNN size provided. Approximate metrics per PE.

Table 5 shows the breakdown of the time spent in each operation stage, both during the training
and the inference phases. The time the BbNN needs to process a set of inputs depends on the latency.
In a 3 × 3 BbNN, the maximum latency is 9. As each PE needs 7 clock cycles to compute its outputs,
the BbNN takes a maximum of 63 clock cycles to make the computation, which results in 0.63 µs at
100 MHz. The transference of inputs to the BbNN is carried out using the fine-grain reconfiguration
engine, and it takes 6.1 µs. In turn, the outputs are read with the AXI interface in 4.3 µs. Therefore, the
maximum throughput in the inference phase is 90.66 Kilo Operations per second (KOPS). By operation,
we mean to process a new set of inputs completely to obtain the desired output from the BbNN. In the
training phase, it is also necessary to configure the BbNN. The configuration of each parameter of
the BbNN also relies on the fine-grain reconfiguration, and it takes 41.7 µs. In the training phase,
it is also necessary to take into account the time required by the software to calculate the fitness
and to generate the chromosomes, which is application dependant. The computing times for fitness
computation are reported next for each use case. All the design operates at 100 MHz, except the
fine-grain reconfiguration engine that works at 175 MHz. While the ICAP configuration port has a
nominal value of 100 MHz, it has been demonstrated in [50] that it is possible to overclock it at higher
frequencies without behavior malfunction. This overclocking aims at reducing the total time needed to
reconfigure the BbNN during evolution.

Table 5. Time breakdown for a 3 × 3 BbNN.

Task Inference Training

BbNN computation <0.63 µs <0.63 µs
Input data transference 6.1 µs 6.1 µs

Output data transference 4.3 µs 4.3 µs
BbNN configuration - 41.7 µs
Fitness computation - Application dependant

Throughput 90.66 KOPS Application dependant

Table 6 shows how the BbNN size impacts the time spent in each stage. Reconfiguration times
shown in the table are a consequence of how IMPRESS carries out the fine-grain reconfiguration
process, which is described next. First, when the evolutionary algorithm commands to change one
parameter in an RM, IMPRESS has to search the device column where the parameter is placed and
then modify the column configuration accordingly. Once the user has changed all the parameters, the
new configuration values are sent to the reconfiguration engine, a hardware component in charge
of reconfiguring the selected columns with the new configuration data. The time spent on this first
stage depends on the number of parameters that have to be changed. In contrast, the second phase
only depends on the number of columns that have to be reconfigured. In the implementation shown
in Figure 15a, the number of frames that have to be reconfigured increases with the BbNN depth.
Therefore, the BbNN configuration time of a 3 × 3 BbNN increases significantly compared to a
1 × 3 BbNN. However, when increasing the width of the BbNN, the number of frames that have to
be reconfigured is kept constant, thus resulting in a more efficient reconfiguration process. Table 6
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shows that increasing the size from a 3 × 3 to a 3 × 5 BbNN results in a more efficient reconfiguration
time, especially in the case of the input data that only increases 0.5 µs. The increment in the BbNN
configuration time is higher because more parameters have to be changed in the first phase of the
reconfiguration process.

Table 6 also shows the comparison between using fine-grain reconfiguration (working at 175 MHz)
and using an AXI lite interface in a non-reconfigurable BbNN operating at 100 MHz. Using fine-grain
reconfiguration to configure the BbNN parameters is more efficient than using an AXI lite interface for
all the three different sizes. In contrast, the best option to transfer the input data to the BbNN depends
on the number of inputs. Fine-grain reconfiguration is convenient when there are five inputs, while
the AXI lite interface is the preferred option when the BbNN only contains three inputs.

Table 6. Performance comparison for different BbNN sizes.

BbNN Size BbNN Computation
(µs)

Input Data (µs) Output Data (µs) BbNN Configuration (µs)

Fine-Grain AXI Fine-Grain AXI Fine-Grain AXI

1 × 3 BbNN <0.21 µs 6.1 4.5 - 4.3 15.8 19.7
3 × 3 BbNN <0.63 µs 6.1 4.5 - 4.3 41.7 58.9
3 × 5 BbNN <1.05 µs 6.6 7.7 - 7 56 94.1

7.2. Case Studies

This section provides three different case studies showing how the neuroevolvable hardware
system can be adapted to different problems. All the results provided are the average of 100 training
processes. The EA finishes if a candidate configuration achieves the goal fitness or 1000 generations
are exceeded. At each generation, 150 candidate configurations (i.e., chromosomes) are evaluated.

We expose here one classification problem and two control problems. In the classification problem,
each chromosome is evaluated with all samples in the dictionary. In control problems, a new set of
initial states is evaluated at each generation to avoid inconsistent solutions.

7.2.1. Classification Domain: the Xor Problem

The XOR problem involves two inputs and one output, all 1-bit width. The goal is to evolve
the BbNN, so it behaves like a logic XOR gate. If two inputs have the same value, the output is zero.
Otherwise, the output must be one.

This problem is solved by using the truth table of the XOR gate as the reference. The selected
output of the BbNN is compared with the reference result for each input data pair. The fitness function
used to evaluate each configuration is based on the mean squared error of the BbNN output and the
reference (see Equation (5)). Both values are float data type. The fitness function expresses the accuracy
of the chromosome to approximate the output values to the binary values of the XOR truth table.
A fitness over 0.9 corresponds to a mean squared error below 10% for the four cases in the XOR truth
table. This problem is considered solved if the achieved fitness is over 0.9.

XOR f itness = 1 −
(

1
4

4

∑
i=1

(yi − yreal)
2

)
(5)

Fitness computation for this problem takes 21 µs, and it is executed once per sample in the batch.
The batch contains four samples, so the fitness is computed four times per chromosome. Figure 16
shows the fitness progression along the evolution process and Figure 17 the selected configuration for
a 2 × 2 network that solves the problem. It should be noted that the links connecting the edges of the
network are used by the solution (i.e., the structure is closed as a cylinder). Figure 18 and Table 7 show
the influence of the BbNN size in training. Experimental results showed that the minimum BbNN that
can solve this task is a 2 × 2 BbNN. BbNNs with more than 2 × 2 elements facilitate the evolution
towards a solution evaluating fewer configurations.
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The four graphs in Figure 18 show the influence of the BbNN size on the convergence of the
XOR problem. For each size, the generations needed by the EA to solve the problem are registered.
Each graph covers up to 1000 generations. Beyond this value, the execution of the EA is considered as
non-convergent. From these measurements, it can be concluded that the more convenient BbNN size
for XOR proves to be 4 × 2 BbNN since it has the lowest rate of non-convergent executions and the
highest rates of executions below 100 generations. This BbNN size has the lowest number of evaluated
chromosomes and generations on average, as exposed in Table 7.

Figure 16. Progression of the fitness value during the XOR training for a 2 × 2 BbNN.

Figure 17. Solution for the XOR problem.

Table 7. Influence of the BbNN size on the training process for the XOR problem. Average stats from
100 convergent training processes.

Performance Indicator 2 × 2 BbNN 3 × 2 BbNN 4 × 2 BbNN 5 × 2 BbNN

Best fitness 0.95 0.97 0.98 0.95
Average tested configurations 19,954 13,434 13,036 20,090

Average generations 133 91 87 140

If the complexity of the classification problem is unknown at run-time, the dynamic scalability
of the BbNN may take an essential role in the search for solutions. This situation is shown for the
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XOR problem in Figure 19. The system starts by searching for a solution with a 1 × 2 BbNN structure.
After a period with the fitness stalled completely, the system dynamically adds a new row of PEs to the
BbNN (at generation 211, in Figure 19). After a few iterations with the new size, the neuroevolutionary
system is able to find a solution. The EA does not support population where chromosomes encode
BbNN of different sizes, but it can recompose a new BbNN architecture and reset the evolution process
if the fitness does not show any improvement.

(a) (b)

(c) (d)

Figure 18. Influence of the BbNN size in the convergence of the algorithm for XOR problem. Each graph
exposes the data from 100 executions of the EA. The generations needed to achieve a solution are
segmented in intervals, from 0 to 1000 generations. Executions over 1000 generations are stopped.
Convergence of different BbNN sizes is analyzed: 2 × 2 BbNN (a), 3 × 2 BbNN (b), 4 × 2 BbNN (c)
and 5 × 2 BbNN (d).

Figure 19. Resolution of the XOR problem using the dynamic scalability feature. At generation 211 the
Evolutionary Algorithm (EA) increases the BbNN size and resets evolution. At generation 249 the EA
converges towards a solution.
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7.2.2. Control Domain: Mountain Car

The Mountain Car is a standard control problem. It involves a car whose starting position is at
the bottom of a valley. The car must reach the top of the hill at the right. The engine of the car is not
powerful enough to reach the goal position by accelerating up the slope. Therefore, the car needs to
gain momentum to reach it by oscillating from left to right.

A simulation environment for the Mountain Car problem is included in the Gym OpenAI [14]
toolkit (Figure 20). The observation space of the environment has two variables: the position of the
car and the speed. Both variables are float type that are transformed to the fixed-point representation
before being processed by the network. Three possible actions can be performed on the car: push left,
push right or do not push. The force of the engine is constant.

Figure 20. OpenAI Mountain Car environment and coordinate system used to determine the position
of the car. The hills are generated with the sin(3x) function.

The BbNN is evolved to find a controller for this problem directly by interacting with the
environment. The Zynq-7020 SoC FPGA device in which the neuroevolvable hardware system
runs has been integrated as a hardware-in-the-loop platform with the OpenAI simulator running
on a PC. The evaluation of each candidate circuit is called an episode. Each episode finishes when
the car reaches the goal position, or after 200 control actions (steps). This value has been obtained
experimentally after observing that beyond this number of actions, the likelihood that an unsuccessful
candidate circuit reaches the final position decreases.

A specific fitness function has been developed for this environment, which is shown in
Equation (6). This fitness function rewards circuits able to drive the car close to the desired position
with the fewest possible number of steps. Position of the car is its X coordinate according to Figure 20.
It can vary in the range (−1.2, 0.5), the fitness expression presents three possible scenarios:

• Fitness score in the range (−0.12, 0): the steps component in the fitness function is equal to zero
since the circuit performs 200 control actions without any success. The car is far from the goal
position at the end of the episode.

• Fitness score in the range (0, 0.05): the steps component is also null because all control actions
were consumed, but the circuit can drive up the car near the desired position.

• Fitness score over 0.05: circuits scored in this range can drive the car to the goal position in
less than 200 steps. The fewer control actions needed, the higher the score is. We consider that
achieving the top of the hill with 150 steps can be considered good behavior. This corresponds to a
fitness score over 0.4, which is set as the threshold to consider a problem as solved.
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Fitness computation for this problem takes 41 µs. Fitness is computed once at the end of each
episode and hence once per chromosome. An example of the evolution of fitness in an episode is
shown in Figure 21.

Table 8 exposes the influence of the BbNN size on the training process. We only consider topologies
with two columns since this is the number of observable variables in the environment. The number
of rows varies from 2 to 4. First, we can see that all the considered BbNNs can solve the problem,
even with a single row. However, the size has a direct effect on the performance of the EA. Small
network architectures need fewer generations to solve the problem since chromosomes have fewer
parameters to be optimized. A 1 × 2 BbNN needs 323 generations on average to converge to a solution;
meanwhile, 2 × 2 BbNN increases the number of generations needed. Although networks over 1 × 2
size need more generations to be optimized, they enhance the quality of the solution. A 2 × 2 BbNN
achieves a good compromise between the best fitness and evaluated circuits.

Figure 22 provides the convergence of the EA for different BbNN sizes similar to the previous
problem. In this case, the smallest BbNN architecture ensures the convergence of the 81% executions
below 100 generations and has a low rate of non-convergent executions. Moreover, this BbNN size
presents the lowest average generations in Table 8. Therefore, 1 × 2 BbNN is the most suitable size in
this case.

f itness =
(

1 − steps
200

)
+

f inalPosition
10

(6)

Figure 21. Example of progression of the fitness value during the Mountain Car training for 2 × 2 BbNN.

Table 8. Influence of the BbNN size on the training process for Mountain Car problem. Average stats
from 100 training processes.

Performance Indicator 1 × 2 BbNN 2 × 2 BbNN 3 × 2 BbNN 4 × 2 BbNN

Best fitness 0.41 0.46 0.45 0.43
Average tested configurations 323 1.156 3.899 984

Average generations 3 8 26 7
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(a) (b)

(c) (d)

Figure 22. Influence of the BbNN size in the convergence of the algorithm for Mountain Car problem.
Each graph exposes the data from 100 executions of the EA. The generations needed to achieve a
solution are segmented in intervals, from 0 to 1000 generations. Executions over 1000 generations
are stopped. Convergence of different BbNN sizes is analyzed: 1 × 2 BbNN (a), 2 × 2 BbNN (b),
3 × 2 BbNN (c) and 4 × 2 BbNN (d).

7.2.3. Control Domain: Cart Pole

Cart Pole or Inverted pendulum is a staple problem in the control domain. The center of mass
of the pendulum is above its pivot point. Therefore, the pendulum is unstable if no control actions
are performed on it. OpenAI also provides a python-based simulation environment for this problem,
whose graphical representation is shown in Figure 23.

Figure 23. Cart Pole environment.

Four variables are observed in the environment: the position and speed of the cart, the angle of
the pole and the speed at the end of the pole. All of them are float type variables with different ranges.
The system must keep the pole in a balanced position. Two actions can be performed on the simulation
environment: push the cart left or right.

In this case, an episode finishes if the angle of the pole is over 12◦ or the position of the cart
exceeds the scenario boundaries. In those cases, the pole is considered to be unbalanced. After each
control action on the pole, a partial error value is calculated. This value represents the instability of the
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pole after the control action. The partial error involves the four parameters of the observation space
and their maximum value, as shown in Equation (7). If the pole falls, global fitness is calculated as the
addition of all partial error. Not performed steps are scored with the highest partial error value, as
shown in Equation (8):

partialerrorj =
1
4

1
200

(
4

∑
i=1

xi
maxi

2
)

(7)

f itness = 1 −
(

200

∑
j=1

partialerrorj +
200 − steps

200

)
(8)

where:

• xi: is the ith parameter in the observation space.
• maxi: is the maximum value in the range of ith parameter in the observation space.
• partialerrorj: represents the instability of the pole after the jth control action.

Fitness function showed in Equation (8) is designed to assign high scores to those chromosomes
that complete 200 control actions in balance and low partial error. Fitness computation for this problem
takes 46 µs. Fitness is computed after each control action since it involves an accumulation of the
partial error. The ultimate fitness would be 1 in case the pole last for 200 control actions in a balanced
and static position. However, two chromosomes able to balance the pole during 200 control actions can
have different fitness scores since every partial error value depends on the value of the four variables of
the observation space. The problem is solved if a fitness value over 0.95 is achieved. An example of the
progression of fitness during a Cart Pole training experiment for 3 × 4 BbNN is shown in Figure 24.

Figure 24. Example of progression of the fitness value during the Cart Pole training for 3 × 4 BbNN.

The minimum BbNN width for this problem is four: one column for each variable in the
observation space. The minimum network size compatible with this control problem is, therefore,
1 × 4 BbNN. Networks with an additional row to 2 × 4 BbNN broaden the design space exploration,
and the EA evaluates more configurations to encounter a solution. Additional rows on the architecture
have the same effect. Table 9 and graphs in Figure 25 exposes the influence of the BbNN size on
the training process. These data have been gathered similarly to former case studies. In this case,
increasing the size of the network leads to higher rates of non-convergent executions. Therefore,
the most suitable size for this problem is 1 × 4 BbNN, which has the lowest rate of non-convergent
executions (Figure 25) and the lowest average generations needed to solve the problem (Table 9).
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Table 9. Influence of the BbNN size on the training process for Cart Pole problem. Average stats from
100 training processes.

Performance Indicator 1 × 4 BbNN 2 × 4 BbNN 3 × 4 BbNN 4 × 4 BbNN

Best fitness 0.977 0.973 0.970 0.978
Average tested configurations 518 2101 8651 2051

Average generations 4 14 58 14

(a) (b)

(c) (d)

Figure 25. Influence of the BbNN size in the convergence of the algorithm for Cart Pole problem. Each
graph exposes the data from 100 executions of the EA. The generations needed to achieve a solution
are segmented in intervals, from 0 to 1000 generations. Executions over 1000 generations are stopped.
Convergence of different BbNN sizes is analyzed: 1 × 4 BbNN (a), 2 × 4 BbNN (b), 3 × 4 BbNN (c)
and 4 × 4 BbNN (d).

Figure 24 contains the fitness progression of 3 × 4 BbNN during the training process of the Cart
Pole problem. The initial unbalanced condition of the pole is different from each generation. Therefore,
the same BbNN configuration varies its fitness value depending on the initial state. Figure 26 presents
a solution to this problem in which the evolutionary algorithm has created two feedback loops.
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Figure 26. BbNN solution for Cart Pole problem.

7.3. Online Adaptation for Control in Dynamic Environments

As proof of the online adaptation capability of the proposed system, two examples based on the
previous control problems are provided. Both online training examples are tackled following the same
approach. First, the system is trained under normal conditions, and once it is capable of controlling
the problem for at least 10 generations, physical parameters are changed. This change hampers the
capability of the trained BbNN to solve the initial problem. Table 10 exhibits the initial conditions for
each problem and their modified values.

Table 10. Initial and modified conditions for online training.

Problem Parameter Normal Value Modified Value

Cart Pole
Gravity 9.8 m/s 20.0 m/s

Pole length 0.5 m 0.1 m
Cart mass 1.0 Kg 1.5 Kg

Mountain Car Engine power 0.001 0.0008

Some of these modifications to the problem conditions emulate changing the environment.
For instance, the modified value of the engine power of the car in the Mountain Car problem emulates
a loss of power in the engine. Other changes emulate conditions that harden the problem resolution.
For instance, an increment of the gravity over the pole seems unrealistic but creates a handicap for the
problem resolution.

Both control problems exhibit similar behavior. After the change in the conditions, a drop in the
fitness can be observed. The re-training stage has better average fitness than the first training stage.
This means that the system has prior knowledge about the problem, creating a nice basis to solve it
when harder conditions appear. Figures 27 and 28 show the evolution of the fitness when conditions
change for both control problems.
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Figure 27. Cart Pole training and re-train for 3 × 4 BbNN.

Figure 28. Mountain Car training and re-train for 2 × 2 BbNN.

8. Conclusions and Future Work

In this paper, we propose a dynamically scalable hardware implementation of the Block-based
Neural Network model, which, under the control of an evolutionary algorithm, enables
continuous system adaptation. The proposed neuroevolvable hardware system integrates advanced
reconfiguration features that allow to (1) compose the BbNN at run-time by stitching together
individual PEs and (2) providing the inputs and changing each PE configuration with reduced
reconfiguration times. The result is a scalable BbNN whose size can be adapted to the computational
demands required by a given application. Experimental results show how scalability allows changing
the number of logic resources occupied by the network depending on the complexity of the problem
or the expected quality of the results. The proposed system has been implemented in an SoC FPGA
and integrated using a hardware-in-the-loop scheme with the OpenAI toolkit to show its efficiency in
reinforcement learning problems, such as the cart pole and the mountain car problem.

Regarding resource utilization, each PE uses 473 LUTs, 163 FFs and 1 DSP. Compared to other
state-of-the-art solutions, our proposal uses more LUTs but reduces the number of FFs or DSPs.
Fine-grain reconfiguration has been proven to be a valid solution to train the BbNN online as all the
parameters of a 3 × 3 BbNN can be reconfigured in just 41.7 µs. In real applications, it is not necessary
to change all the parameters at the same time, which further reduces the total time needed to configure
the network. The inputs of the network are also provided using fine-grain reconfiguration in 6.1 µs
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while the outputs are transferred using an AXI full interface in 4.3 µs. The time needed to compute the
fitness is application-dependent and ranges from 21 µs to 46 µs for the use cases provided in this paper.

Further research will be carried out to extend the reinforcement learning capabilities of the
proposed solution in more complex scenarios and other applications. Different variants of the
evolutionary algorithm will also be explored to increase the capacity of the system to deal with
more complex problems. Moreover, the evolutionary algorithm will be modified to use the size of the
BbNN as an additional parameter subject to evolution, which will allow selecting the most appropriate
BbNN size for a given application without user intervention. The fixed-point data encoding of the
network can be an obstacle when solving complex problems. Therefore, more precise encoding
schemes, like dynamic fixed-point or wider bit width of registers, will be studied. This improvement
in data representation may cause an increment in FPGA resource consumption. Other optimization
algorithms, such as gradient descend based or multi-threaded EAs will be analyzed, as an alternative
to EAs.
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