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An Inverse Hollis–Paulos Artificial Neural Network
Louiza Sellami and Robert W. Newcomb, Fellow, IEEE

Abstract— The Hollis–Paulos artificial neural network
(HPANN) is convenient in terms of its possibility for realization
of variable weight artificial neural networks (ANN’s) in very
large scale integration (VLSI) by MOS transistor circuits, though
it is nondynamical and not driven by external inputs. Here
we introduce dynamics and inputs into the HPANN and show
that over the range of operation covered by the Hollis–Paulos
theory the system has an inverse. In particular, we derive that
inverse, in semistate form, and give simulation results on its
operation, showing how well the input to the original HPANN
can be recovered from the output of the HPANN when fed into
the inverse system. A comparison is made with the previous
inverse of the Hopfield ANN. Possible applications of these
inverse systems are to decoding of transmitted ANN signals
and to inverse filtering for the extraction of input signals from
processed signals.

Index Terms—Dynamical neural networks, Hollis–Paulos neu-
ral networks, inverse neural networks, semistate theory.

I. INTRODUCTION

T
HE problem of inverse filtering (or deconvolution) has

been studied for some time, at least since 1973, and

several techniques (linear, nonlinear, iterative, noniterative)

exist in the literature [1], [2]. These techniques have been

widely used in applications involving seismic [3], radar [4],

sonar [4], spectroscopic [5], instrumentation [6], and image

configurations [2] where it is required to remove undesirable

components from received signals. The advent of the neural-

network paradigm generated a series of publications exploring

the application of neural networks to solving deconvolution

problems. Examples include the Widrow adaptive linear neu-

ron (ADALINE) used to equalize frequency response and

cancel echoes over data communication lines [7], deconvo-

lution of finite impulse response (FIR) transversal filter via

a Hopfield network [8], image and volume deblurring via

cellular neural networks (CNN) [9], and image restoration via

a multilayer perceptron using backpropagation and multilevel

sigmoids [10]. Since a neural network modifies input data

during processing, it could become important to “deconvolve”

the neural network itself, i.e., find the inverse network to

recover the input.

The Hollis–Paulos artificial neural network (HPANN) is

convenient in terms of its possibility for realization of variable

weight artificial neural networks (ANN’s) in very large scale
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integration (VLSI) by MOS transistor circuits [11]. It is based

on the Hopfield neuron model, though it is nondynamical and

not driven by external inputs. The implementation uses MOS-

FET analog multipliers to construct weighted sums and permits

asynchronous analog operation of Hopfield-type networks with

fully programmable digital weights. In the basic Hopfield

model the output is a nonlinear function of the weighted

sum of the outputs over the entire set of neuron outputs.

Hollis–Paulos’s circuit implementation differs from Hopfield’s

network in one important aspect. Nonlinear limiting occurs at

the input of each current-steering pair implementing analog

neurons, whereas in the Hopfield model the limiting occurs

at the output of the neurons. Because the continuous time

Hopfield type network is general in its structure and contains

most other common networks, such as that of Hollis–Paulos,

as special cases upon simple modification, it is a good starting

point for any theoretical development [12], [13]. Moreover, it

is of great use to those interested in implementing electronic

circuits based on neuro-biological architectures.

Starting in Section II with the previous inverse Hopfield

network [13], a solution to the problem of approximating

the input signal of a system via the construction of an

inverse system using Hollis–Paulos artificial neural networks

(HPANN) is developed. Toward this, we insert dynamics and

inputs into the HPANN and create inverse neural networks for

both the nondynamical and dynamical HPANN’s. In each case,

following [13], the general approach is to set up canonical

semistate equations for the forward network, then solve for

the inverse network to recover the input. We consider an

HPANN with interconnected neurons, weight operators,

and activation nonlinear functions. We assume that the

outputs are available for observation in a given time interval

and, consequently, we derive an inverse neural network to

recover the inputs from the observed outputs. To support

our theoretical development, we simulate an eight-neuron

forward–inverse HPANN with dynamics via Simulink and

demonstrate its capabilities and robustness.

II. BASIC INVERSE NETWORK THEORY

The basic principle of the inverse Hopfield network is to

invert the semistate equations describing the forward network

to solve for the input given the output [13]. The forward

network equations are given in their canonical form as follows:

(1)

(2)

(3)

(4)
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Fig. 1. Circuit schematic of the dynamical Hollis–Paulos current summing neuron with differential current-to-voltage converter. The dynamics are inserted
by placing a capacitor between the drain and source of transistor .

where is the input vector, the output vector,

with the transpose, the semistate vector, a constant

bias vector, the strictly monotonic nonlinear activation

function vector, the weight matrix, and a nonsingular

matrix introduced here to handle physical capacitors in a

hardware implementation. In the Hopfield case, is the

identity operator, but we introduce it here for later use in our

modification to the Hollis–Paulos case.

Given and over an interval of

time, the inverse problem is to determine over the same

interval. The solution to this problem lies in the inverse system

concept, which we develop below. First we rewrite (1) and (3)

by solving for and

(5)

(6)

These, on defining and and incorporating

(2) and (4) yield the inverse system description

(7)

(8)

(9)

(10)

III. THE INVERSE HOLLIS-PAULOS

NETWORK WITHOUT DYNAMICS

The basic Hollis–Paulos network uses no input, other than

weight setting and initial conditions, and has no dynamics.

Their design uses current steering MOS pairs with active loads

to produce a neuron output voltage given by (11)

(11)

where

(12)

(13)

(14)

Here the MOS transistor realization has

as the output resistance, with being

the channel modulation coefficient and the threshold

voltage, the differential pair tail current, and

the differential input voltage of the current steering pair

limited to the range covered by (14).

Next, choosing the reference voltage to be

to guarantee the transistors’ operation in the saturation

region, we set up the forward system by inserting an input

vector and rewriting the equations in a nondynamical

semistate form, which defines as follows:

(15)

(16)

where denotes a differential current vector, the output

vector, a constant diagonal (nonsingular) gain

matrix with representing the output resistance of the

th load MOSFET device given in (12), is a constant bias

vector, a nonlinear weight operator with the th
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Fig. 2. Simulink block diagram of the (a) forward and (b) inverse Hollis–Paulos neural network with dynamics. The top Simulink diagram implements
the dynamical forward network described by (27) where and are given by (12), (17), and (18). The input is an array of eight signals
which are separately fed through the activation function blocks then recombined by the Mux block. The bottom Simulink
diagram implements the dynamical inverse network described by (28)–(31) where is given by (21). The input to the inverse network is
the output of the forward network.

suboperator being

for (17)

Here is the tail current of the th differential pair forming

the th weight. By adding the input through the same form,

that is using differential pairs, as Hollis and Paulos do for the

weight output currents, becomes a square root operator,

with the th entry being

for (18)

Note that when the signals get too large, that is for

(17) and (18) need to be modified to saturate at as

the differential pairs saturate at the tail currents, making

the inverse network nonunique. To guarantee uniqueness, we

restrict to be monotone by considering only the values of
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(a)

(b)

Fig. 3. The input signals to the forward network. (a) The first four input signals. (b) The last four input signals.

satisfying . Furthermore, in (18) each could

be different by having different for each of the MOS

transistors, and so could .

Now, the system described by (15) and (16) is readily

inverted to find the (in an explicit analytical form) that

gives a received

(19)

(20)
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(a)

(b)

Fig. 4. The output signals of the forward network. (a) The first four output signals. (b) The last four output signals.

where is given by (21), upon solving the quadratic

equation of (18), , for with components

(21)

Thus, with and being the identity

operator, the semisate description of the inverse network is

(22)
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(a)

(b)

Fig. 5. The output signals of the inverse network. (a) The first four output signals. (b) The last four output signals.

for

(23)

(24)

(25)

IV. THE INVERSE HOLLIS–PAULOS

NETWORK WITH DYNAMICS

In practical circuit implementations, the load transistors

have parasitic capacitors which modify the behavior of the

circuit; alternatively, one may purposely insert dynamics for
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smooth operation. To take this into account, we insert dy-

namics in the forward network by placing a capacitor across

the output transistors, as shown by in Fig. 1 (for one

Hollis–Paulos neuron) and derive semistate equations for it.

Writing the output voltage in terms of the differential current

and the capacitor current leads to

(26)

which, on substituting the expression of [given in (16)]

yields

(27)

Here and have the same functional form as for the

nondynamical case [see (17) and (18)]. The inverse system is

obtained by solving for the input that produced the

observed forward output from (27).

(28)

for

(29)

(30)

(31)

with being given by (21). Here as at (18) we limit

the values of to those satisfying to guarantee

uniqueness of the inverse system.

V. SIMULATIONS AND RESULTS

To demonstrate the performance of the proposed theory

and further illustrate its capabilities, simulation runs on a

dynamical eight-neuron Hollis–Paulos network were done

with Simulink, a package for use with Matlab for modeling,

simulating, and analyzing dynamical systems. The Simulink

block diagram of Fig. 2 shows both (a) the forward and

(b) the inverse networks where the output of the forward

network is fed as the input to the inverse network. The

top Simulink block diagram simulates the forward system

described by (27) where and are as given by

(17), (18), and (14). The capacitance matrix

where is the 8 8 identity matrix, and the bias input

. The parameters used for evaluating

and are

V. The bottom Simulink block

simulates the inverse network described by (28)–(31) where

and are given by (17) and (21). The input to the

forward network is an array of eight sine waves of amplitude

1 mV and periods 4, 3.5, 3, 2.5, 2, 1.5, 1, and 0.5 s, and phases

and respectively. Each

input signal is separately fed through the nonlinear activation

function then recombined by the MUX block to form

an array of signals. The network is simulated with the initial

condition

for a time interval of 5 s, using

the Runge–Kutta 5 method with a step size between 0.000 01

and 0.001 and a tolerance of 10 as a stopping criterion to

achieve a desired performance.

The plots of the forward input signals are given in Fig. 3, the

resulting forward output signals are in Fig. 4, and the inverse

output signals are in Fig. 5. It can be seen from Figs. 3 and

5 that the output of the inverse network is able to reproduce

very closely the input of the forward network, except for an

error of 10 at the initial time for one of the signals.

To further investigate the capabilities and robustness of the

inverse network, we ran simulations with various values of

tolerance, step size, bias input, and capacitance, as well as with

a variety of input signals (constant, step function, square wave,

and triangular wave) of different amplitudes, frequencies, and

starting time. In particular, we simulated the network with

values of C as low as 10 and frequencies as high as

1000 GHz. The results show that even when the activation

function comes within 0.01% of saturating, the output of

the inverse network still tracks the input of the forward system

with an excellent accuracy, generally well under 0.01%. Note

that these are simulation results which are used to validate

the theory. If the system were realized with MOS transistors,

operation at such high frequencies as 1000 GHz would not be

expected due to the physical limitations of the devices.

VI. CONCLUSIONS

In this paper we have developed the semistate theory for an

inverse Hollis–Paulos neural network for the nondynamical

and dynamical cases into which external inputs are inserted.

The mathematical formalism presented is based on setting up

the canonical semistate equations for the forward network,

then inverting them to derive the inverse network. We have

shown, via computer simulations, that the suggested theoretical

scheme provides an excellent technique for tracking the input

signal for the dynamical HPANN. We note that this is for the

case of a nonsaturated activation function, the case treated by

Hollis–Paulos. However, in the case where there is saturation,

there is no unique inverse network so that one needs to use

signals that keep the system out of saturation for these, and

the Hollis–Paulos, results to be useful. Further, we note that

similar results have been achieved in the case of the Hopfield-

type networks with sigmoidal type activation functions [13].

The Hollis–Paulos neural network is a circuit that uses

analog multipliers to implement the weights. Consequently,

it is appropriate for VLSI circuit design of neural-type mi-

crosystems which possess signal processing capabilities of

physiological neural systems. Therefore, the semistate theory

developed here could be useful for future VLSI implementa-

tions of the inverse network.
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