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Abstract: This paper demonstrates, that input patterns can be encoded in the synaptic weights
by local Hebbian delay-learning of spiking neurons (SN), where, after learning, the firing time of
an output neuron reflects the distance of the evaluated pattern to its learned input pattern thus
realizing a kind of RBF behavior. Furthermore, the paper shows, that temporal spike-time coding
and Hebbian learning is a viable means for unsupervised computation in a network of SN, as the
network is capable of clustering realistic data. Then, two versions - with and without embedded
micro-controllers - of a SNN are implemented for the aforementioned task.

Keywords: Embedded systems, Hardware/software co-design, Spiking neural networks,
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1. Introduction

The neuron models involved in Spiking Neural Networks (SNNs) are typically more
complex than in conventional rate-coded artificial neural networks and the information
passed between these neurons is expressed as temporally separated discrete events or
spikes. SNNs and Pulse-Coded Neural Networks can generate behaviors and reproduce
coding schemes closely analogous to biological neural systems. On the other hand,
these types of neural models may present important advantages in terms of digital
hardware implementation, due to the fact, that timing delay coding offers considerable
resource utilization gains and it is more robust than the analog implementation [1], [2].
An interesting proposition related to the possible applications of networks of spiking
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neurons has been published in the paper [1], where the authors showed, that a randomly
connected network of spiking neurons can efficiently implement a temporal filter.

Learning rules, similar to those used in sigmoidal neural networks, can be devised to
suit spiking neural networks, as well, for example a back-propagation-like rule
presented in [2], named Spike-prop. There are also other interesting applications in the
literature, that are proposing the use of spiking neural networks as a Bayesian interface,
for instance in [3], [4] and [5].

The first implementation presented in this paper has been designed so that all the
neurons and their components are instantiated as a separate module in the Xilinx
Spartan-3 FPGA, circuit chosen as the hardware platform. This yielded a completely
parallel hardware SNN architecture, with 24 input neurons, 72 synapses and 3 output
neurons.

The second implementation partly sacrifices the fully parallel nature of the design,
by embedding soft-core micro-controller modules (Xilinx PicoBlaze). The assembly
written code running on these parts, replacing the network input computing logic
(encoding the input values into delayed spikes - input neurons) and optionally the soma
(cell body) modules of the spiking neurons. By doing so, the SNN’s epoch computation
time has increased slightly, but some 5% has been gained in terms of slice utilization
and available BlockRAM modules. Furthermore, this yielded the possibility of
enhancing the precision of the input variable spike coding as well as the clustering
capability of the SNN. Implementing a three input network will also be possible.

2. Unsupervised classification of clusters using spiking neural networks

Inspired by the local receptive fields of natural neurons, the input values of the
implemented SNNs have been encoded by overlapped and graded sensitivity profiles.
This multiple encoding assures, that clusters will be classified flexibly. This approach is
vital in unsupervised algorithms, since the scaling information is a-priori unknown.

Extending the network to multiple layers it can be demonstrated, that the sequential
nature of pulsing neurons can be exploited to validate the correct classification of
overlapping clusters. It is known, that in a multilayer Radial Bases Function (RBF)
neural network, the neurons of the first layer are focused on cluster components. The
design of this model ensures that the firing times of its output pulses depend on the
synchronism and the occurring time of the synchrony of the input pulses. The
synchronism in turns can be optimized by coordinating the relationship between the
pattern of the input pulses and the synaptic delay pattern.

Most applications of pulsed and conventional neural networks are implemented
using software simulator. Moreover, the computations in the aforementioned SNN are
also quite complex for hardware implementation. This limits one of the most important
advantages of neural networks, the massive parallelism. This paper presents the design
of hardware circuits for the proposed neural network using field programmable gate
arrays (FPGAs). As FPGAs are digital systems, the advantages of digital technique like
robustness to noise and design flexibility are naturally effective.
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2.1. Implementing a pulsed neural network with spike delays

The architecture is feed-forward, using leaky integrate-and-fire neurons. The

connections of the network are composed of a set of k& synapses, each with a wlljf-

weight and a d* delay (Fig. I). An input pulse from neuron / generates a set of post-
synaptic weighted potentials (PSP, a function that models the impact of an input pulse
on the target neuron as a temporal function). The magnitude of the synaptic weight
determines the height of the PSP. In each time step, these PSP values are added to form
a membrane potential at the target neuron. Given that this sum exceeds a predefined
threshold @, the J output neuron will generate an axonal spike [12], [13].

l P —
1 * n‘g"

Fig. 1. The theoretical concept of the implemented neural network

In order to achieve unsupervised learning, the weights are tuned according to a
temporal version of the Hebb algorithm. If a PSP precedes closely the arrival of an
axonal activation pulse, then the weight is increased, because it is considered to be of
high efficacy in increasing the membrane potential of the post-synaptic neuron. Other
synapses, which receive input spikes at greater relative temporal distance from the
axonal spike, will have their weights decreased, reflecting their reduced addition to the

post-synaptic membrane potential. For a weight with a delay d* from neuron I to
neuron J , the a proper formula would be

2
Awk =nL(At)=n(1- b)eXpl(At’%} +b, M

according to [2] (Fig. 2). The weights are protected against overflow and underflow
events. The input values are encoded into delayed spikes emitted by the input neurons.
Each input neuron is allowed to emit a single spike during the encoding time frame.
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2.2. Encoding integer input values into spike delays

After studying [6], [7] and [8], several schemes, using multiple domain receptive
fields have been investigated in order to extend the encoding precision and capacity,
distributing an input variable through multiple input neurons. Distribution codes, where
the input variables are encoded with integrated and overlapping functions, can often be
found as efficient methods to represent real values. In these studies, the activation
function of an input neuron is modeled as a receptive field that determines the activation
rate. Translating this paradigm into relative activation moments is relatively simple: an
optimally stimulated neuron will fire at time ¢=0 [time step nr.], while an activation
time stamp of up to ¢ =15 [time step nr.] is assigned to neurons with weaker stimulation
(Fig. 2).

1 2 3 4 5 6 |7 8 9 10 11 12

a

Fig. 2. The method of encoding the input variables into delayed spikes

In order to encode multidimensional data in the manner presented above, a choice
has to be made regarding the dimension of the neuron’s receptive fields. The least
expansive way to do this, in terms of number of neurons needed, is to encode each input
with 1-D, independent receptive fields. Since the focus of this paper is on
multidimensional classification, this encoding is most convenient, because it is linear
with regard to the number of needful neurons per dimension and it is, also, adaptable
allowing the dimension encoding with higher precision, without excessive neural costs.

3. Implementing the input neurons - encoding the input variables
into spike delays

Several versions of encoding algorithm have been experimented, considering the
reconfigurable resources available in FPGA chips (Xilinx Spartan 3 XC3S1000, Spartan
3E XC3S1200E) of the utilized development boards. In order to make the best use of
the reconfigurable logic blocks, specifically, to free up as many logic cells as possible
for the implementation of spiking neurons, different approaches have been tested, to
store the values of the RBF functions of the input neurons in BlockRAM modules.
These modules are available in several configurations, with different widths for the
address and data buses. The total of 54Kbytes available in these BlockRAMs is divided
into 24 components. The designer’s dilemma is to decide how to use these resources,
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sacrificing - even if only partially - the pure parallel nature of the implementation or to
exploit more BlockRAMs then it would actually be necessary to store the targeted data
[14], [15], [16]. The number of input neurons as well as the size of the input space has
also been varied, during experiments, in order to find the most suitable configuration.

As Fig. 3 presents (generated by a C program), the functions of the receptive fields
of the input neurons are not Gaussian, but triangular, to simplify the hardware
implementation. The x-axis in Fig. 3 holds the input values given to the network, values
that are positive integer numbers between 0 and 192. Each value of this interval is
distributed to a few input neurons (min. 2 - max. 4), depending on the number of
receptive fields that it activates. The larger the value generated by the activated
receptive fields (twelve input neurons used in this project) the sooner the respective
input neuron will emit a pre-synaptic spike, meaning, that the temporal delay between
the moment of input value arrival and spike emission will be accordingly shorter.
Obviously, there are many possibilities to vary the overlapping areas between the
receptive fields, thus modifying the number of input neurons that will activate for a
given input value in order to encode that value. It is important to notice, that each input
neuron will activate only for a reduced number of input values with a properly delayed
spike. These values might be calculated in-circuit, but it would consume precious
resources and computing power. Therefore, it has been decided to pre-compute these
values using a C program and then to store them in the BlockRAM modules of the
FPGA circuit. Using this program it is easy to vary the overlapping areas of the
receptive fields as well as the number of input neurons used. On the other hand, the
program generates the VHDL code for the BlockRAM initialization. The optimal
utilization of the BlockRAM modules would have been achieved if the delay values of
several input receptive fields had been stored in the same memory component.
However, this would have lead to the impossibility of simultaneous access to all these
memories. Therefore, a choice has been made to use more BlockRAMs, configured as
1024 words of 4 bits (RAMB 16 S4 Xilinx Spartan3 primitive) that act as a static,
synchronous memory.

=

Delay values [timesteps]
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Input values, in application specific units, ex.[Hz]

Fig. 3. Triangular receptive field functions used in the hardware implemented input neurons

This method has an important flaw, since it consumes all 24 BRAM modules
available in the used Xilinx Spartan 3 XC3S1000 FPGA circuit, for the 12 input
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neurons of each input of the neural network, with a memory utilization of about 3%. To
solve this problem, a dual-port BRAM component has been used (RAMBI16_S36_S36),
that has a nine bits wide address bus and a 32 bit data bus, with a capacity of 512x12
bits. The dual-port architecture allows for two different memory locations to be
accessed for reading simultaneously, hence by connecting in parallel two modules of
this type, a 64-bit word can be accessed. This has been used, to read from these two
memory modules, a 4-bit value for each of the 16 activation functions of the 16 input
neurons. These values will determine the moment when the input neurons will emit an
output spike, relative to the moment of appearance of the new input value to be encoded
(steps O to 15 of each time frame). The values given as addresses to the memories
(Fig. 4) are actually the input values of the SNN (offset incurred for port B).

==

Fig. 4. The structure of the input coding unit

In order to facilitate the proper stimulation of the output neurons an alternative
method has been devised, that guarantees, that more (three or four) input neurons will
activate for a certain input values. Therefore, the values of the 16 triangular functions
have been re-computed, increasing the overlapping sections. This would have increased
the length of the time frame, change impossible to implement, since the BRAM’s were
already 100% filled with data. Scaling the new values (originally 0 to 35) to the given
time frame size of 15, proved to be the easiest solution, that yielded the data in Fig. 5.

15 16 put
Neuron nr.

Delay values [timesteps)
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Input values, in application specific units, ex.[Hz]

Fig. 5. Triangular functions of the encoding receptive fields, with scaled delay values for 16
pseudo-RBF-Spiking input neurons and an input space of 256x256 points (X axis)
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4. The FPGA implemented pulsing neural network

The hybrid, pseudo-RBF-spiking neural network (psSNN) has been implemented
with two inputs, describing an input space of 256x256=65536 points (Fig. 6). The aim
of the implementation is to identify the points that form a cluster surrounding the
trained focus-points. After learning, each of the three output neurons will tend to
activate when the input values define a point in the input space that belongs to a cluster.

Fig. 7 presents the block diagram of the implemented psSNN.

Input 1
"p Cluster focus points
1921
}
0 192|nput 0

Fig. 6. The input space of the solved problem, with focus points and attached clusters
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Fig. 7. Block structure of the implemented SNN

Each module of the network has been simulated either using Modelsim XE Starter
or Xilinx ISE Simulators. In the following sections, the presentation of these modules
will follow, detailing their role and function, as well as some simulation results.

4.1. The input neurons’ block

This module is generated twice, one for each input variable (integer values on
8 bits). It contains the pair of BRAM’s initialized with the pre-computed activation
function values and a functional unit for each of the 16 activation functions.
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The schematic in Fig. § is a version of this input neurons block, used to test the
proper operation, by studying the extra outputs inserted for debugging purposes. The
functional module is a multi-state automaton that, extracts from the BlockRAMs the

corresponding delay d* values obtained from the stored receptive field function.

_— -]
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o

8

Fig. 8. Connection schematic of an input neuron

Using this value, a pre-synaptic spike is generated with the temporal delay d* in
parallel for each of the 32 input neurons of the two input blocks. Fig. 9, Fig. 10, Fig. 11
and Fig. 12 present the simulation test results for a sub-module of the input-processing
element.
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Fig. 10. Simulation result, with delay values (data-out) of for increasing input (xval)
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Fig. 11. Stimulus for testing the input encoding into delay values

4.2. Operation of the synapse module

This module is responsible for the amplification or attenuation of the input spikes,
sending a weighted value to the neuron soma. This module also implements the
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unsupervised learning algorithm, which is a novel, adapted version of the Hebb method,
based on temporal delay rules, as described below. The synapses will test the time
stamp of each incoming pre-synaptic pulse and will adjust the weight value according to
a temporal version of the Hebb rules. Therefore, during a time frame of 16 clock cycles,
for those pulses, that arrived with at most 5 cycles before the post-synaptic activation
(of the corresponding output neuron, axonal pulse) the weight increases sharply. In the
case of pulses, that have a delay between 5 and 10 clock cycles, the weight is increased
moderately. For the rest of the delayed pulses, the synapse will be slightly weakened.
When a pre-synaptic pulse arrives after the axonal one, weights are heavily decreased.

oo A L A ooy
| N

3
3
-+

Fig. 12. Simulation result of the input encoding. See, that for ex. the input value 25 activates
neurons 0 and 1, with delay values of 5 and 12 (clock cycles) while the other neurons will activate
at the end of the time frame (generated by a dedicated module)

The inputs and outputs of this module are used to control the learning process and to
load or store the weight values. In the project presented, there are a total of 96 synapses,
16 connecting each input neuron with each output neuron, storing the weights on 8 bits.

4.3. The output neuron module of the psSNN

The soma unit or output neuron is responsible for the summation of the arriving,
weighted and temporally delayed, postsynaptic values. Each of the three-soma units of
the implemented network receives 32 inputs of 8 bits each. By summing these values,
and following the same time step pace then the synapses, the somas compute the
membrane potential (MP) of the cell. If this MP exceeds a predefined threshold value,
than the spiking neuron will fire (emit an axonal spike), and the MP will be reset to a
special, hyper-polarization level, which is lower then the resting potential. If no
incoming, postsynaptic values are received during a certain time step, then the MP will
decrease linearly, thus implementing a kind of leaky integrate-and-fire neuron.

Implementing this module is one of the key issues of the project, because it
presumes the summation of 32 variables on 8§ bits, comparisons and register value
adjustments, all performed in parallel. All these operations inherently lead to high
FPGA hardware resource utilization. Setting as aim to implement a fully parallel
architecture for the psSNN, using distinct reconfigurable elements of the FPGA for each
task, thus performing concurrent computations, would yield in a very constrained size
of the neural network, due to the limited number of reconfigurable blocks available.
During the theoretical research preceding the implementation a partial serialization of
the network has been projected using a Xilinx Virtex4 FX12 FPGA, that contains an
embedded hard-core micro-controller, a PowerPC. This micro-controller would have
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been used to compute serially the necessary data for several components of the SNN.
Eventually, this version has been put on hold, due to the fact, that it would have needed
a full re-design of the whole project. Nevertheless, a similar approach is much feasible
and does not require a different hardware platform. Software simulations have
concluded, that the partial serialization can be implemented using micro-controllers
with much smaller footprint and computing capacity then the PowerPC, with the
condition, that several of these controller to be implemented in the same design. Hence,
an approach, that uses soft-core embedded micro-controller proved to be the best
choice.

The most advanced soft-core embedded micro-controller for Xilinx FPGA’s is
MicroBlaze, delivered by Xilinx as a set of VHDL libraries and modules. However, the
complexity of MicroBlaze is comparable to that of the PowerPC, so it is not a suitable
part to use in the present design, since several instances of it would use too many
resources. Hence, it was considered, that a very compact soft-core embedded micro-
controller, the Xilinx PicoBlaze to be used, replacing the parallel implemented soma
modules.

The following section presents the main characteristics of the PicoBlaze micro-
controller. Then, a comparison between the fully parallel and the partially serialized
implementations will be given, regarding the resource utilization, execution speed and
the overall structures.

4.4. The Xilinx PicoBlaze (KCPSM3) soft-core micro-controller used to implement the
soma modules

PicoBlaze is an 8-bit RISC micro-controller with a footprint of only 96 Spartan3
slices, which is about 1.25% of the total of 7680 slices of the Xilinx XC3S1000 FPGA
used. The highest clock frequency it supports is 87MHz, that yields a respectable
~43.5 MIPS.

One can notice in Fig. 13, that the PicoBlaze has a 64-byte Scratchpad RAM and is
able to interface with the surrounding logic implemented in the reconfigurable space of
the FPGA through 256, 8-bit ports.

KCPSM3

[ ——{ NPORT[T0]  OUT_PORTT 0] prmme |
_
—D Intetace tologie { INTERRUPT PORT_ID[7 0] e
1 | PORTJD
Scapnd - | — Reser READ_STROBE|—— | Interface tologic
OUT_PORT
Block Memary p CLK VRITE_STROBE
— N _fPogam) INTERRUPT_ACK ———

)i [T

(el INSTRUCTION[17:0] INSTRUCTION[17:0]  ADDRESS[3.0}
: ADDRESS[Z0)
b CLK : Y
Pico3laze

Fig. 13. Internal structure and block diagram of the Xilinx PicoBlaze soft-core micro-controller
embedded in the SNN design

The programs are written for the PicoBlaze using the proprietary assembly
instruction set, than compiled by the assembler delivered by the producer. This software
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also generates the VHDL code necessary for the instantiation of the micro-controller in
the user’s design with the program pre-loaded into a BRAM configured as ROM.

By implementing in the PicoBlaze software the functionality of the soma modules,
important reconfigurable resources have been freed up, allowing the extension of the
psSNN (introducing more inputs). This will permit the implementation of more
complex application of these novel types of NNs, such as the intelligent control of a
robot arm or a mobile robot.

On the other hand, a side effect of this partial serialization is the reduction of the
execution speed. This is a natural consequence, since the PicoBlazes need more time to
compute sequentially the calculations of the soma algorithm. The negative effect of this
issue has been significantly diminished by driving the PicoBlaze modules at higher
clock frequency, than the rest of the components of the psSNN, using the DCMs
(Digital Clock Managers) of the Spartan FPGA.

Table I summarizes and compares the reconfigurable hardware utilization of the two
versions of the implemented pseudo-RBF-Spiking neural network.

Table I

Comparison of the resource utilization of the two methods of implementation of the psSNN,
fully parallel and using PicoBlaze soft-core embedded micro-controllers

Implementation of the Slices Flip-Flops LUTs To'Fal
soma module gain
XC3S1000 Resources Nr. % Nr. % Nr. % %
Total 7860 100 15360 100 15360 | 100
Using PicoBlaze 130 1.65 76 0.49 171 .11 | 1.09
Completely parallel 456 5.80 607 3.95 607 395 | 457
Gain 3.51 7.99 3.55 | 5.01

In order to test the program running in the PicoBlaze units is fulfilling the required
functionality, we used a software simulator (Mediatronix pBlaze IDE v3.6) and
debugger. A test project has also been implemented to test the VHDL version of
PicoBlaze, without the rest of the psSNN components.

5. Conclusions

The second implementation of a spiking neural network presented in this paper -
with embedded soft-core micro-controllers - has proved to be more efficient in terms of
FPGA hardware resource utilization, then other, fully parallel implementations
presented here and compared to previous works, that implemented spike rate coded
SNN. This justifies further research in this field, of SNN with partially serialized
computation and RAM stored state variables for the components, which are also present
in the recent specific literature.

On the other hand, in order to be able to implement a major application of these
types of SNNs, with the complexity of an intelligent command and control of a robot
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arm with four or more degrees of freedom or the control of mobile robots, a hardware
platform with bigger capacity has to be used. The system used in the present paper is an
XESS XSA1000 development board with a Xilinx Spartan 3 (XC3S1000) FPGA, that
will be replaced by a larger board, the Digilent Nexys 2 with Xilinx Spartan 3E
(XC3S1200E) FPGA.
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