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The idea
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The main guidelines
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Glia cells among natural neurons



Biological background of the research

The one, which we will – probably – never 
be able to overtake.

The natural neuron
There are a number of bio-inspired 
approaches:

� Evolutionary algorithms were 
motivated by evolutionary biology

� Swarm intelligence is based on the 
collective behavior of social organisms

	

� Artificial immune systems were 
inspired by the vertebrate immune 
system

� Growth and developmental models
are based upon the growth and 
development processes of living 
organisms

Artificial neural networks were inspired 
by the functioning of the mammalian brain  



Natural synapses

The connection point between two neurons
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Types of spiking neurons



Neural dynamisms – natural neuron
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How natural neurons work…
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A postsynaptic neuron receives inputs 
from two presynaptic neurons, spikes that 
produce excitatory postsynaptic potential



Neural dynamisms – artificial neuron

How natural neurons work… How our artificial neurons 
work…

input spikes

post synaptic 
response firing

�

A postsynaptic neuron receives inputs 
from two presynaptic neurons, spikes that 
produce excitatory postsynaptic potential

after-spike
response

refractory operationaloperational

refractory

Dynamics of the 
implemented neural model

resting potential

operational
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The pulse reactive model (PRM)

� (�� ���� ���	��
� ����
���� �# ��� 	2�� 
����
 ��
���
���	����
 �# � �����
����� ���� 	�#��� ����
� �4

� (�� �����
� #������ �� � #�
����
 �# 2 ��� ����
� �# ��
������ 
 �# ���
���� ���
�
� ����� �# �� 	� 	�#��� ��� ���� �4

�  # �� �
� ���� �
����� ��� �����
� #����� �� 5���4  #�
	�� �# ����� ������ ��� �����
� #����� �
��	��� ��� �� 	 �� ��
����� � 
��

� -=
ji

f
jijiji ttwt

,

)( )(.)( em

)ˆ( itt -h it̂

0ˆ <- itt 0ˆ >- itt
0ˆ >- tt

��

	�� �# ����� ������ ��� �����
� #����� �
��	��� ��� �� 	 �� ��
����� � 
��
���
�
� �����4

0ˆ >- itt

( ) ( )tywtx

ji

m

k

k
i

k
ijj ��

GÎ =

=
1

The theoretical concept of the implemented neural network
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1 S. M. Bohte , J. N. Kok, and H. La Poutr´e. Spike-prop: error-backpropagation in
multi-layer networks of spiking neurons. Neurocomputing, 48(1–4):17–37, 2002.



The implemented novel 
learning rule
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The Hebb learning 
algorithm
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The FPGA implemented synapse

Functional 
components:

� - Control Unit (weight
manipulation, base clock
signal division, feed-

The synapse is also made up by two – structurally and 
functionally – separate units.

Register and 
control logic 

Strobe logic

WeightsControl 
signals

Output 
Spike

Input spikes

�


signal division, feed-
back’s for learning)

� - Supervising Unit
produces the desired
number of post-synaptic
spikes according to the
actual weight value

Schematic structure of the synapse

(designed using only FPGA primitives => 
resource efficient)

Counter I
Clock

Supervising Unit 
(SU)

Control Unit (CU)

Counter II
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The FPGA implemented soma

The model and structure of the 
artificial soma

Membr. pot. 
calc.

MCPURAM

Postsynaptic 

Clock

Axon value 
register Prim.
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Block diagram of the hardware soma circuit

Partly implemented in VHDL

Synapse inputs 

reader SYNINVHDL

Threshold potential 
register THR Prim.

Postsynaptic 
spikes

Axon

Com-
paring
VHDL
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• 96 slices
• 2,08% of a 
XC3S500E

• ~87MHz in -4 
Speed Grade
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Speed Grade
• ~43.5 MIPS

Logic structure of  the Xilinx 
MicroBlaze (Harvard architecture)

• 213 slices
• 4,58% of XC3S500E
• 102 D-MIPS on a
Virtex-II Pro at 150MHz
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model
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� SNN processing is divided 
into time-steps
� Each time-step features 
several phases:
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The concept of encoding the input values 
into delayed spikes
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kq - - Threshold value of soma k
- Membrane potential value of soma k
- Soma k has activated
- Soma k  is in hyper-polarization phase
- Soma k is in current leaking phase

km
kg¢

kd
kl
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The aim of the implementation is to classify
correctly every point (ex. Frequency component a
digitized analog signal, with a particular amplitude
or power) – received as an input pair – from a
predefined neighborhood (a cluster of the input
space) of certain prescribed focus points.

19

• The number of detectable frequency components 
depends on the number of output neurons
• Each output neuron will tend to activate, when the 
inputs point out a component, that belongs to the 
neighborhood for which the respective neuron was 
trained for.

Input space of 
proposed problem, 
with sample focus 

point and their 
neighborhoods 
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Connecting two dual-port embedded 
memory blocks all the delay values 
for both inputs are obtained within 
one access cycle, according to the 
equation:

�� =
n

ij nd u*intr

Logic Utilization Used Available Utiliz.
Nr. of Slices 917 8672 10%
Nr. of SliceFlip Flops 1582 17344 9%

��

Triangular functions of the receptive fields, with 
scaled delay values

Nr. of SliceFlip Flops 1582 17344 9%
Nr. of 4 input LUTs 1255 17344 7%
Nr. of bonded IOBs 52 250 20%
Nr. of BRAMs 2 28 7%
Nr. of GCLKs 1 24 4%

Stimulus
and result 
of the input 
encoding 
module 

simulation
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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
but will also take into account if the target neuron was
supposed to fire for the actual input value pair or not.

�� Inputs and outputs of the synapse 
module

THE IMPLEMENTED NOVEL LEARNING RULE



Soma parameters:

• Max. weight value: max=255
• Membrane potential Actual max. 

value according to the developed 
algorithm is: 
m = n *  * T * n = 1530
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The rules of the soma algorithm:

jkb

ii
jk

i thenif lgb ==� ������ 0

ii
jk thenif dgqb =³� ������ mactmax = nact *  * T * n = 1530

• Resting potential:
mrest= mactmax * 0.2 = 306

• Threshold potential:
q = mactmax * 0.8 = 1300

• Hyperpolarization potential:
mhyp= mactmax * 0.1 = 153 

• Leaking potential:
mleak= mrest * 0.055 = 16

• Inhibitory potential:
minhib= mrest - mhyp / 2 = 230

jk
i maxbii

jk
i thenif dgqb =³� ������

k
i

k
mi

k
mi thenif lggg `=¢= ±± ������

At 50 MHz clock
(2 cycles/instruction) the 
PicoBlaze computes one 
time-step using a <200 
instruction program, in 

~7mmmms.



;���
����������
���
$����: �������
����9�����
������������������
�����������

One of the great 
assets of the present 
implementation is 
that it performs in 

real-time, 
despite the 
fact, that the 
involved 

�%

Flowchart of the Picoblaze assembly 
code that implements the soma 

algorithmSoma dynamism with lateral inhibition

involved 
computation 
is partially 
serialized 
due to the 
use of 
embedded 
microcont-
rollers, free-
ing up FPGA 

resources.



Comparison:  

A LM algorithm took ~1500
cycles to reach an accuracy
of ~97%, while the hardware
SNN took only ~250 cycles.
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• computing 
time / training 
• computing 

time / training 

�	

time / training 
cycle is64µs

• learning 
time is16ms

time / training 
cycle is64µs

• learning 
time is16ms
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The dataset contains three classes of fifty 
samples each, describing three types of Iris 
flowers by enumerating four attributes per 

sample.

Representation of the Fisher IRIS dataset values 

Red => IRIS-setosa
Blue => IRIS-versicolor
Green => IRIS-virginica

�


Representation of the Fisher IRIS dataset 
values using a 4D� 2D Sammon projection

The implemented SNN has 4 
inputs and three outputs.

The SNN was trained to activate one of its output 
neurons only when the sample presented at the 
inputs belongs to the class associated with the 

respective output neuron.

Representation of the Fisher IRIS dataset values 
using a 4D� 2D Sammon projection
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The functions of the receptive fields of the input 
neurons are not Gaussians but triangular, to 

simplify the hardware implementation. The x axis 
holds the input values given to the network. Each 

value of this interval is distributed to 4 input 

Device Utilization Summary (XC3S1200E)
Logic Utilization Used Avail. Utiliz.
Nr. of Slices 6941 8672 80%
Nr. of SliceFlip Flops 5785 17344 33%

��

value of this interval is distributed to 4 input 
neurons, activating as many receptive fields.

Measurement 
results on all 

the output 
neurons of the 

FPGA 
implemented 

SNN

Nr. of SliceFlip Flops 5785 17344 33%
Nr. of 4 input LUTs 12806 17344 73%
Nr. of BRAMs 7 28 25%
Nr. of GCLKs 4 24 16%

Variation of the weight values 
during learning



*#�/&1�,<�;#.;�-1)=#1#�;�;-��� :
/=�..-4-/�;-����4�;&#�>-./��.-��*,#�.;�/��/#,�
?�;�.#;

The SNN contains 9 input encoding units with 
16 input neurons each that turn the input 
values into time-delayed spike patterns. 

Representation 
of the 683 
element 
WISCONSIN 
BREAST 
CANCER 
DATASET values 
using a9D��� � 2D
Sammon
projection

��
Sammon projection (9D��� � 3D) plot of an 
intermediary learning stage of the SNN 
implementing the WBCD classification

Sammon projection (9D��� � 3D) plot towards 
the end of the learning stage of the SNN 
implementing the WBCD classification

The network is fully 
connected, with the 

six hidden layer 
neurons connecting 
to the input neurons 
through 9*16*6=864 
synapses . Further 

12 synapses 
connect the hidden 
layer neurons to the 
two output neurons
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Comparative plot of the implemented SNN’s 
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Comparative plot of the implemented SNN’s 
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Comparative plot of the implemented SNN’s 
performance with other methods (IRIS)

Comparative plot of the implemented SNN’s 
performance with other methods (WBCD)

Detailed 
comparison of 
the implemented 
hardware SNN’s 
performance and 
structure with 
software 
implementation 
executed on 
single-core 
general purpose 
processor based 
PC’s.
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