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Investigation of Back Propagation Algorithm
Implementation in Analog Neural Networks
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Abstract—Intriguing point of analog neural network
implementation is the influence of network parameters over
analog neural network behaviour. While such a simulation
ignores the parallelism issues inherent in neural networks, it
nevertheless provides us to investigate an analog neural network
behaviour in relation to network parameters variation. In this
paper, an investigation of an analog neural network by means of
Matlab simulation is made.
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I. INTRODUCTION

A popular method for study of neural networks is network
simulation using computers. It is appropriate approach from a
theoretical and illustrative standpoint, but their applicability to
practical implementations of analogue neural network is
doubtful. The analysis of the circuits assumed that all the
components were ideal. In this paper a simulation using
Matlab is presented, but in equations take part the parameters
of real components. The variation of some of them reflects to
learning and recognition properties of the neural network. In
such a way an influence of parameter variation to the learning
and recognition properties of the neural network can be
examine.

Il. ANALOG NEURAL CELL MATHEMATICAL
MODEL

In last years many researchers investigated different an
analog neural network implementation. In [6] neural network
implementation by means of analog amplifiers is presented.
Equation 1 depicts activation function of an implemented on
this way neuron.
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Equation \ref{u} depicts neuron output voltage.
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where W/L are the MOS resistive circuit multiplier
width/length ratios, Uc controls the total transconductance g,

Q. is the emitter-collector current gain, lg is the bias

current, ,3 is MOSFET tranconductance parameter, Ugg,

Ujs are control voltage and Uy is thermal voltage.
A Matlab model, which includes parameters of real
components is made on basis of these equations.

Assuming:
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the equation 2 simplifies to:
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The parameter variation leads to A and B variation.
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Then from equations 6 and 7 the output neuron voltage cell be
written as
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I1l. MATLAB SIMULATION RESULTS

In the discussed paper a two-layer neural network with four
neurons in the input layer, three neurons in the hidden layer
and one neuron in the output layer is presented

Simulation was performed with neural network showed to
igure 1. On this way it is showen that most appropriate results
are obtained at A=1. Figure 2 shows that at 77 =0.1 and A=1

the characteristic has least steepness of all.
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Fig. 1. A two-layer neural network

The learning patterns are:
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di=-1, d,=0, d3=1, d4=-1, d5=0, ds=1, d;=-1, dg=0, dg=1, d1o=-
1,dy;;=1, dp=0, di5=-1
The recognition patterns are:
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Fig. 2. Variation of A and B reflects to recognition capability of
neural network.

TABLE |
NOTATION OF FIGURE 2

A B notation
1 0.77 1
1 0.4 2
1 0.26 3
1.25 0.77 4
1.25 0.4 5
1.25 0.26 6
1.66 0.77 7
1.66 0.4 8
1.66 0.26 9
2.5 0.77 10
2.5 0.4 11
2.5 0.26 12

With 77 increasing the characteristic steepness increasing

too. When A increase, learning rate decrease. A=2.5 the
neural network is capable only for value 77=0.1. Figures 3, 4,

5 depict these dependences. The values of the parameters of a
neuron are: 1g=50mA, Uor=5V, fq =0.5, [ =1mAN?
U=26mV, gm=1ImAV, Us=5V, Wi/Li=1, Uc=5V, Wo/Ly=1,
2 0r 3, Bor=2,3,4 or 5SMA/N?. For S, =2mA/V?, the value

of A is A=2.5, for [or =3mA/V?, the value of A is A=1.66,

LBor =4mAINV?, A=1.25 and for [, =5mA/V?, the value of A

is A=1. Respectivly for Wy/L,=1, the value of B is B=0.77, for
Wo/Ly=2, the value of B is B=0.4, and for Wy/L,=3, the value
of B is B=0.26.
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Fig. 3. Influence of 77 to recognition capability of neural network,
A=1, B=0.77.
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Fig. 4. Influence of to recognition capability of neural network,
A=1.25, B=0.77.
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Fig. 5. Influence of 77 to recognition capability of neural network,
A=1.66, B=0.77.

TABLE Il
FIGURE 3,4,5 - NOTATION VALUE OF B I1s B=1

A n notation Figure N:
1 0.5 - - 3
1 0.4 3
1 0.3 .. 3
1 0.2 gray 3
1.25 0.5 - - 4
1.25 0.4 4
1.25 0.3 .. 4
1.25 0.2 gray 4
1.66 0.5 - - 5
1.66 0.4 5
1.66 0.3 .. 5
1.66 0.2 gray 5

IV. CONCLUSION

In this paper a computer simulation using Matlab is
presented. In neural network equations take part the
parameters of real components. The variation of some of them
reflects to learning and recognition properties of the neural
network. In such a way an influence of parameter variation to
the learning and recognition properties of the neural network
can be examine. The simulation results shows that neural
network has adequate behaviour for values for A=1 and for
B=0.77.

REFERENCES

[1] A. Bekiarsky, L. Docheva, "Neural Network design through
analog methods"Communication, electronic computer systems,
Vol. 1,pp 112-117.Sofia 2000

[2] Al Bekiarski, L. Docheva. "Les modeles analogiques de
reseaux de neurons"  Techniques et  Technologies
Fondamentales de la Nouvelle Economie, Albena ,Bulgaria,
2002.

[3] A. Bekiarski, L. Docheva, I. Dochev. "Analysis of precision of
neural network designed with analog methods". International
Scientific Conference, ICEST Nish, Yugoslavia, 2002.

[4] Liliana Docheva , Aleksander Bekiarsky, Ivo Dochev.
"Computer-based Neural network in education”. 15th EAEEIE
Conference Sofia, Bulgaria, 2004.

[5] Docheva L., A. Bekiarsky, "Neural Networks modeling through
analog equivalent scheme", Energy and information systems
and technologies, Vol. 2, pp 471-475. Bitola 2001. Albena
,Bulgaria, 2002.

[6] T. Lehman. Hardware Learning in Analogue VLS| Neural
Networks. Denmark.1994.

[7] Draghici S,"Neural Network in analog hardware-design and
implementation issues”, International Journal of Neural
Systems, vol.10,N:1,pp.19 42,2000.

[8] Seon M., V. Asari "A parallel architecture for real-time
segmentation of image with comlex background environment",
10th NASA Symposium on VLSI Design 2002, pp.8.2.1-
8.2.7,2002.

639



[9] Shih-Chii Liu "A Normalizing aVLSI Network with
Controllable Winner- Take-All Properties”, Analog Integrated
Circuits and Signal Processing, 31,Kluwer Academic
Publishers. 47 _ U53, 2002

[10] Shih-Chii Liu "A Neuromorphic aVLSI Model of Global
Motion Processing in the Fly", IEEE Transactions on Circuits
and Systems  Ull: Analog and digital signal processing, vol.
47, N:. 12, pp. 1458-1467, December, 2000.

[11] Boegerhausen M. , P. Suter, Shih-Chii Liu "Modeling Short-
Term Synaptic Depression in Silicon", Neural Computation 15,
pp. 331 _ U348. 2002 Massachusetts Institute of Technology

[12] Shih-Chii Liu, J. Kramer, G. Indiveri et al. "Orientation
Selective a VLSI Spiking neurons”, Neural Networks 14, pp.
629-643, 2001.

[13] Pasio A, M. Laiho, A. Kananen, K. Halonen, J. Poikonen "A
Mixed-Mode Polinominal Tipe Cellular Nonlinear Network for
analising Brain Electrical Activity in Epilepsy”, International
Journal of Cyrcuit Teory and Aplications, vol. 30, pp.165-180,
2002.

[14] Schreiter J., U. Ramacher "Analog Implementation for
networks of integrate-and-_re neurons with adaptive local
connectivity”. NNSP 2002. 2002.

[15] Koosh V. "Analog Computation and learning in VLSI",
California, 2001

[16] Nazeih M. Botros, M. Abdul-Aziz "Hardwer Implementation of
an arti_- cial Neural Network", IEEE International Conference
on Neural Networks, VVol.3, pp. 1252-1257, 1993

[17] Ramacher U., J. Beichter, N. Bruls, E. Sicheneder,
"Architecture and VLSI design of a VLSI neural signal
processor”, IEEE International Symposium on Circuits and
Systems, Vol.3, pp. 1975-1978, 1993

[18] Roska T., L. Chua "The CNN Universal Machine: An analogic
Array, Computer” IEEE Transactions on circuits and systems Il
Analog and Digital signal processing, vol. 40, N: 3,pp.163-173,
1993.

[19] Jayadeva, S. C. Dutta Roy, A. Chaudhary "Compact analogue
Neural Network: a new paradigm for neural based
combinatorial optimization", IEE Proceedings - Circuits
Devices Systems, VVol.146,N:3, June, pp. 111-116, 1999

[20] Johnson D., J. Marsland, W. Ecclecton "Neural Network
Implementation using a single MOST per synapse”, IEEE
Transactions on Neural Networks, Vol.6, July, pp. 1008-1011,
1995

640

[21]

[22]

[23]

[24]

[25]

[26]

[27]

[28]

[29]

[30]

[31]

(32]

Leong P., M. Jabri "A Low Power Trainable Analogue Neural
Network Classifaer chip”, IEEE 1993 Custom Integrated
Circuits Conference, pp. 4.5.1-4.5.4, 1993

Jabri M., P. Leong, Burr J., B. Flower, K. Lai, S. Pickard, E.
Tinker, R. Coggins ,"An analogue neural network using MCM
technology ", Artifical Neural Networks and Expert
Systems,1993.Proceedings, First New Zealand International
Conference, pp. 122-125, 1993

Cichoski A., J. Ramirez-Angulo, R. Unbehauen ,"Architectures
for analog VLS| implementation of neural networks for solving
linear constraints”, ISCAS'92. IEEE International Symposium
on Circuits and Systems, pp. 1529-1532, 1992.

Wang Yiwen, "A Modular Analog CMOS LSI for Feedforward
Neural Networks with On-Chip BEP Learning”, IEEE
International Symposium on Circuits and Systems, Vol.4, pp.
2744-2747, 1993

Han 1lI-Song, "Modular Neural Network Hardware
Implementation of Analog-Digital Mixed Operation”, IEEE
International Conference on Neural Networks, VVol.2, pp. 707-
710, 1993

Wang Yiwen, "Analog CMOS Implementations of Backward
Error Propagation”, IEEE International Conference on Neural
Networks, Vol.2, pp. 701-706, 1993

Chen L., Wedlake, M, Deliyannides, G., Kwok,H.L. "Hibrid
architecture for analogue Neural network and its circuit
implementation”, IEE Proceed-ings - Circuits, Devices and
Systems, VVol.143 Issue:2 , April 1996 pp. 123-128, 1996

Hernandez M.,R. Ascencio, C. Galicia "An arti_cal neural
network on a complex programmable logic device as a virtual
sensor"

Lim D., G. Moschytz, "A programable modular Cellular Neural
Network Cell", CNNA'94 International Workshop on Cellular
Neural Networks and their applications, Rome, Italy, December
18-21, 1994, pp. 79-84,1994.

Coggins R., M. Jabri, B. Flower, S. Pickard "Low Power
Intracadiac Electrogram Classi_cation using Analogue VLSI",
IEEE Transactions on Neural Networks, Vol.4,N:3, May, pp.
376-382, 1994

Meijer, P. "Neural Network Applications in Device and
Subcircuit  Modelling for Circuit Simulation”.  Philips
Electronics N.V. Eindhoven, The Netherlands,2003.

Moerland P., E. Fiesler "Hardware Friendly Learning
Algorithms for Neural Networks an Overview", Proceedings of
the Fifth International Conference on Microelectronics for
Neural Networks and Fuzzy Systems MicroNeuro' 96, 1996.



