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Abstract

Abstract
This work represents a study on possibilities of applying pulse-stream techniques in implementations
of neural networks, particularly for multi-layer perceptrons.
Pulse-stream neural nets were introduced in 1987 by A.F. Murray as an attempt to realise compact
analog nets whose interchip communication is robust to noise.
In these types of networks neuron states are represented by streams of pulses which can encode
information in frequency (pFM), amplitude (pAM), duration (PDM) or position (pPM) of pulses.
Presently, PFM is most frequently applied in pulse-stream neural networks. From this analysis and
comparison of different pulse-stream techniques it appeared, however, that PDM is the best candidate
as it renders fast and accurate neuron computations combined with compact synapses and lower
interchip communication noise sensitivity.
In this work a structure of the MLP forward path based on PDM technique has been proposed. For
each block in this path several possible designs are given and the ones with the best features are
selected.
Finally, the work resulted in two different designs of the complete forward path.
The input pulsed signal has a frequency of 800kHz which defines the neuron computation time as
minimum 1.25JLs and maximum 2.5JLs. The synapse unit is rather small, 350JLm2 (transistor areas
included only) with average power dissipation less than 30JLW. The neuron unit occupies an area of
l020JLm2 and consumes about 200JLW power. The realised multipliers have a non-linearity less than
5%.
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Introduction

Introduction

The last fifty years brought remarkable scientific discoveries in the field of understanding how the
human brain works.
The research in this field also inspired a new sphere of interest in electronics, known under the name
of artificial intelligence (since 1956).
The term artificial intelligence (AI) today covers a wide area of processing and computing techniques.
In general, these techniques lead to the development of systems which are able not only to calculate
and process, but also to adapt, to learn from their own mistakes and to draw conclusions from their
'experience' .
The first research on AI (1950's) focused on neural networks. However, the research on neural
networks was stopped, as the ideas were ahead of the hardware possibilities at the time.
Due to the advances in VLSI technology, neural nets became recently again an important topic in the
field of AI.
Neural networks are composed of a large number of 'neurons', which are rather simple processing
units, that are mutually densely connected. The main idea behind such a parallel and distributed,
'brain-like' structure is: fast and reliable computing resulting from the collective performance of
simple and unreliable building blocks.
Neural nets can learn to approximate a certain time invariant function by a trial & error method. As
long as the outputs of a neural net do not correspond to the desired ones, the net will adjust, change
its features and try again (according to the applied learning algorithm).
Neural nets require no problem specific algorithms for their proper functioning (contrary to
computers). Learning algorithms are general algorithms and independent of the future problem
environment. Therefore, neural nets are usually applied in problems which would require complicated
algorithms and long computing times if performed via a program on a computer. Image and speech
recognition are typical examples of such applications.
Different neural net structures can be obtained by connecting neurons in different ways and by
applying different learning rules.
This work deals with a multi-layer perceptron with a backpropagation learning algorithm, which is
one of the most widely used type of a neural net.
A multi-layer perceptron can be implemented in hardware or in software. Software implementation
results in a sequential performance on a computer (although the original structure is parallel) and is,
therefore, for real-time applications often too slow.
Hardware implementation can be based on a digital, analog, mixed (digital and analog) or optoelectronical approach.
Currently, digital approaches are prevailing in Europe, mainly because of the high computing
precision they offer. However, the interest in analog implementations is growing. Analog
implementations offer advantages in terms of neurons-per-ehip density.
Trying to introduce some of the benefits of digital approaches in conventional analog implementations,
A.F.Murray in 1987 proposed pulse stream neural nets. Input signals to, and output signals from such
networks are pulsed signals with information contained in frequency, width, position or amplitude of
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pulses.
The main reported benefits of this approach are noise immunity of the inter-chip communication as
well as the compactness of the realised multipliers.
The group EEB at the Eindhoven University of Technology (TUE) has been working lately on analog
implementation of a multi-layer perceptron with the backpropagation algorithm implemented on-chip.
In the first thesis on the subject, a structure of such a network has been suggested together with the
most important building blocks [34]. Later on, the circuit for analog weight storage with refreshing
has been designed [15].
On basis of the present literature, it can not a priori be said which of the two analog approaches
(continuous or pulsed) can render better results. The first approach has been analyzed in the parallel
work of A. Snijders [33], while this work deals with the second approach.
After a short introduction to multilayer perceptrons, design requirements are defined and possibilities
with pulsed techniques are analyzed. A complete design of the forward path is proposed and the
PSPICE simulation results of the circuits are presented.
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1 Multi-Layer Perceptron and Back Propagation Training
Algorithm

In this chapter a brief overview of the theoretical background of multi-layer perceptrons and the back
propagation algorithm is presented. For more information reference is made to the literature, for
example [16],[23],[32] and [34].

1.1 Introduction
Neural networks are composed of processing units called neurons. Neurons can be connected in
different ways. These interconnections are weighted. Elements that perform weighting are called
synapses. In principle, synapses perform multiplication of propagating signals with corresponding
weights (w). Weights can take positive and negative values (excitation and inhibition).
Once the neural network configuration is chosen, weights determine the further functioning of the net.
The weights are adjustv.ble &nO their final vall.'e is obtained after 'training'.
The operation of a neuron with N inputs and N synapses is presented in figure 1.1.1.
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fig. 1.1.1. Model of a neuron with N synapses

The neuron sums all the weighted inputs and applies a function with a saturating characteristic (t:) on
the result.
Depending on the problem environment and the type of variables, the saturating characteristic can have
different forms.
A sigmoid (fig 1.1.2) or a sigmoid-like characteristic is the most frequently used type of saturation
in analog multi-layer perceptrons [22].
The mathematical expression for a sigmoid function is:

.t (x) =
where:

K
1 +

e-r(x-a)

(1.1.1)

temperature factor (steepness)
a - offset

T -

Page 3

Chapter 1

Multi-layer Perceptron and Back Propagation Training Algorithm
fs(x)
K

-----------------~--_----

o

a

x

fig. 1.1.2. Sigmoid function

1.2 Structure of a multi-layer perceptron
A multi-layer perceptron (MLP) is a type of neural network whose neurons are organised in layers.
Neurons of one layer are connected only and fully with the neurons of the following layer (fig. 1.2.1).
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* -------0
layer 1

yML
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layer L

fig. 1.2.1. Structure of a multi-layer perceptron

The intermediate layers between the input nodes and the output nodes (output layer) are designated
as hidden layers. The number of neurons per layer can be different for each layer.
The signals propagate from the input nodes to the output layer during the normal use (cognitive phase)
of the perceptron (feedforward path). During the training of the net, however, the opposite direction
of the propagation is also present (feedbackward path).
The number of layers in the net, as well as the number of neurons per layer, determine the complexity
of the functions that can be approximated. However, some sources report that two layers are enough
Page 4

Multi-layer Perceptron and Back Propagation Training Algorithm

Chapter 1

for approximation of any arbitrary continuous function [22],[34].

1.3.Training with the back propagation algorithm
To achieve its proper performance, the MLP has to be trained.
Training means adjusting weights according to a certain applied rule.
Learning algorithms are general algorithms, which means that they are independent of the future
network problem environment.
A function to be learned is defined only by the set of input and corresponding output vectors
(patterns). A mathematical description of mapping between these two sets is not necessary. This is
why the use of a MLP is attractive for solving problems which are difficult to model and
mathematically describe.
The back propagation learning algorithm is often applied in MLP. With this algorithm weights are
adapted in a way that leads to the minimisation of the system error E defined as sum of squared
differences between the actual and the desired outputs for all patterns.
P

ML

E=E E (d

jp

-

yjp )2

(1.3.1)

p:l j:l

where:
Yjp
djp

P

ML

:
:
:
:

output from neuron j for pattern p
desired neuron output
number of patterns
number of neurons in the last layer L

The derivation of the backpropagation rule can be found in [32].
The term back propagation refers to the direction of the signal propagation; the calculation of layer
errors propagates from the output nodes to the input ones.
Below, the description of the back propagation algorithm is given.
Step 1: Weights' initialisation
All weights are set to small random values.
Step 2: Presentation of the input and specification of the corresponding desired output
A :input vector E R N
g :desired output vector E RML
Step 3: Calculation of the actual output
For the given input, the output vector of the first layer is calculated and proceeded as input
to the following layer. In this manner the calculation is continued until the actual output of
the net is obtained.
The output of the neuron j of a certain layer I is calculated as:
j=I, ... ,M

(1.3.2)
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(1.3.3)
where:

Yj

: output from neuron j

SO

: sigmoid function
: activation of neuron j
: input i of the layer
: weight from input i to neuron j
: the number of inputs of the layer
: the number of neurons in the layer

<l.i
Xi
Wji

N
M

Step 4: Correction of the weights
The error term for the last layer is calculated on the basis of the difference between the actual
output and the desired output. The result is then proceeded to the previous layer etc. until the
errors for all the neurons are calculated. After this, weights are updated proportional to the
corresponding errors in a way that minimises the system error E defined with (1.3.1). This
can be done as follows:
Backward propagation formulas for a layer 1:
Error term for the last layer:

o~

= SI (a}(dj -Y)

(1.3.4)

Error term for all the other layers:
M

1: 1 _
Uj -

S/(a,'I LJ
~ 1:/+ 1 /+1
Uk Wjk
y

(1.3.5)

k~1

(1.3.6)

Weight correction:
where:
: synaptic weight between a layer 1 and the layer 1+ 1
S'O
: sigmoid derivative
."
: learning rate
t
: iteration number t
Step 5: Repeating the sequence
Steps 2 to 4 are repeated until the following condition is achieved:
Wj;'+1

P

M

EE(d

jp -

p~1

y)2

~

E

(1.3.7)

j~1

where:
E

:maximum error that is allowed

For the better performance of the net it is necessary to implement the nonlinear function with the
offset which is variable, Le. to enable shifting of the function over the input range (fig. 1.3. 1). This
possibility is not included in the backpropagation algorithm. The problem can be overcome by using
a nonvariable threshold a (mostly zero), but a shiftable input range R(x). This can be done by the
addition of an extra 'dummy' input, common for all the neurons. This input has a firm value different
from zero and corresponding weights to neurons that are adjustable with the backpropagation
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algorithm.

o 01

02 03

x

fig. 1.3.1. Shifting of the sigmoid function
The back propagation algorithm,as described above, is rather easily electronically implementable.
Implementation of the learning algorithm on-chip is done on the cost of neurons (synapses) that can
be accommodated per chip. However, the on-chip implementation is indispensable for large neural net
configurations with hundreds of interconnected neurons. For these configurations weights can not be
determined by simulations on a computer within a reasonable time.
The back propagation algorithm has a number of bad properties: it is slow, it requires two directions
of signal propagation as well as relatively high weight resolution [30]. Today many improved versions
of the algorithm exist. This work, however focuses on the feed forward path and will jl~st briefly refer
to the backward path.
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In this chapter first some general aspects and requirements are presented together with the global
structure of a synapse and a neuron chip.After this, an overview of different approaches in analog
implementation of MLP is given.
As in the previous works [15},[33),[34), at this point mathematical terms used in 1.3. will be referred
to as electrical signals and renamed as follows:
Forward propagation input:

(2.1)

Forward propagation output:

(2.2)

Backward propagation input:

BPlj = dj - Yj ,last layer
BP,/j I =

M
~

1:1+1

L., Uk

1+1

W)}

,0

th er I ayers

(2.3)

(2.4)

k~1

M

Backward propagation output:

BPO/

=

L (ojwJ)

(2.5)

j-l

Thus,rewriting the equations from 1.3. :

FPOj = S(A)

(2.6)

N

Aj =

L

WjiFPli

(2.7)

i-I

M

BPOi =

L S/(A)BPljwji

(2.8)

j~1

(2.9)

BPISj = S/(A)BP~

(2.10)

The signal flow (in the forward and backward direction) between layers can be now presented as in
fig. 2.1.
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loyer #1
FPI

loyer #2
n2
FPO 1---+--71 FPI

BPO

BPI

n1

n2

n1

~-+-----i

BPO

BPI

fig. 2.1. Signal flow between layers

2.1. Requirements
Considering the electronic implementation of a multi-layer perceptron in general, the following aspects
are important:
•
•
•
II

•
•

•
•
•

Power dissipation
Synapse implementation area
Neuron implementation area
Number of required pins per neuron
The above mentioned aspects determine the number of neurons (synapses) that can be
accommodated per chip.
Response time (speed)
Range of possible input,output and weights' values
The presently existing weight storage implementation [16] does not completely satisfy the
requirements. This is why no particular weight range will be strictly taken into account as
preferable. However, as the analog storage of weights is quantified, the implementation of a
wide range linear multiplying is of interest.
Flexibility and cascadability (see 2.1.1.)
Susceptibility to parameter variations
Susceptibility to noise

2.1.1. Flexibility
MLP analog implementation can result in the following configurations (depending on the application):
I)
MLP with a fixed (unchangeable) topology (application-specific)
This refers mainly to a single-chip implementation of nets for small scale applications
(considering the number of neurons).
2)
MLP with an arbitrary number of layers and a fixed maximum number of inputs per layer.
In this case the net is split in layers and each layer is implemented on one chip. By cascading
these chips different configurations (with respect to the above mentioned constraint) can be
obtained [34].
3)
MLP with completely arbitrary topology (arbitrary number of inputs, neurons and layers)
Each layer is split into a synapse chip and a neuron chip. By cascading these chips, the user
can completely define the network topology. This is important for large scale implementations
whose complexity exceeds the capacity of a single chip implementation.
Configurations within each of these groups, can also be different, depending on whether the training,
as well as the weight storage, is implemented on-chip. For large scale implementations this is
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indispensable because of the otherwise unreasonably long training period and (in connection with the
weight storage) wiring problems.
In this work the third, completely flexible structure (as proposed in [34]), with training and weight
storage on-ehip is implemented.
For this purpose, one layer is split into two parts: a synapse chip and a neuron chip (fig.2.1.1.1).
Signals that have to be distributed to more units (FPI, FPO and BPIS') are represented by voltages.
Signals that are summed with other corresponding signals are represented by currents (A, BPI and
BPO).
LAYER L
n2

n2

n1
FPI

n1

BPa

A

I----+--~

A

n2
BPIS' ~--+------1 BPIS'

FPO

n2

E:-f--

BPI

fig. 2.1.1.1. Synapse and neuron part of one layer
An arbitrary MLP topology can be obtained simply by cascading these chips (fig. 2.1.1.2. and
2.1.1.3).
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2.1.2.Electronic aspects of cascadability
Above, a fully flexible MLP topology is presented. However, the maximum number of inputs and
neurons per layer will be limited by the implementation dependent constraints, such as fan-in and fanout of building units, wiring, parasite capacitances etc.
In the consulted literature, the cascadability problem is mainly discussed in terms of expending the
number of inputs (synapses) per chip (firm structure) and not in terms of cascading more chips.
In a flexible structure, a layer should work properly with only one input as well as with, for example,
hundred inputs. In connection with this the following problem can be addressed.
Suppose that a weighted current representing output from a synapse and input to a neuron can have
values between -1J.'A and + IJ.'A. The sum of hundred inputs can then assume values between -100J.'A
and + l00J.'A.
For a proper performance in the case of a configuration with only one input, the sigmoid function
(applied over the sum) should saturate within the range of 2J.'A.
In the case of hundred of neurons, this would mean that the range within which the derivative of the
sigmoid function is not equal to zero, represents less than 1 % of the total sum range (fig. 2.1.2.1).

lid < '"

'~-/..I0)

100
b)

fig. 2.1.2.1. a) one synapse connected to a neuron
and b) hundred synapses connected to one neuron
Assume that for a certain input vector from RD, the weights to a neuron are variables and that the
sigmoid function is defined over this n-dimensional space. The n-dimensional subspace of weights
where the sigmoid derivative is different from zero,Le. the sigmoid function is not saturated,can be
in the case of big n much smaller (depending on the input) than the subspace formed by all the
available weights (weights are limited 0-5V).
The question is what effects this situation could have on the course of the training and the final
behaviour of the net, having in mind that the weights are quantified (and for analog implementations
the obtained resolutions are not very high) and limited (O-5V). One can expect that the initial weight
values have to be carefuIIy chosen so that the net does not saturate immediately. The bigger the
number of inputs n, the smaller the values of the initial weights wiO). These two quantities could be
related (statistical distribution of weights) as:
1
w.. (O)--.
IJ

.;n

However, because of the weight discretisation and the existence of the minimum weight step, this
approach includes a limit with respect to the maximum number of possible inputs.In other words, a
relation exists between the smallest weight step and the maximum number of inputs per neuron.
In the consulted literature this problem is usually not at all, or quite unclearly discussed.
Therefore, it would be of importance to investigate (with the help of the neural net simulator that has
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been developed in the group) in more detail relation between weight values (initial, as well as the final
ones) and the number of inputs per neuron.
In this work for the purpose of designing a neuron that can be used for any net size, solutions that
stretch the sigmoid over its whole input range will be applied. This actually means linear scaling (- N)
of the sigmoid function.
Note that the realisation of an adjustable sigmoid slope dependent on the number of inputs, would
require control in an unlimited (current) range.Therefore, instead of slope adjusting, input range (sum)
adjusting seems more appropriate.
Some authors perform automatic normalisation ([2],[27],[33]) of the sum.This is done in such a way
that the resulting sum for a neuron always stays within certain values, independent of the number of
inputs.
More precisely, the global sum is kept within the firm values, by making the contributions of each
input smaller as the number of inputs increases.This auto-scaling can be done as follows (fig. 2.1.2.2):
1) Before summation, all the input currents are automatically divided by the number of inputs [33].
or
2) The currents are summed on a load that is distributed over synapses (the sum is,thus, represented
by a voltage).The expansion of inputs increases the resulting current range, but at the same time
evenly decreases the total impedance, which together leaves the sum range unchanged [2],[27].
Vmo)(=nlma)l~

z

0)

b)

fig. 2.1.2.2. Auto-scaling, a)current normalisation and b)distributed
impedance
In this work the second approach will be applied because of its straightforward character and its lack
of additional controlling circuits.
The normalisation method described above, presents one approach to readjust a network model for
a hardware implementation. To verify this approach and to investigate possible better solutions, neural
network simulations have to be done.
Today many efforts are being put in adjusting existing training algorithms and neuron models to
hardware implementations.The influence of weight discretisation on the back propagation algorithm
is analyzed in many articles,however, different results are reported.For this reason, it could be
interesting, for future work, to investigate in more detail the hardware constraints in relation with
neural net models and connected with this measures that could improve functioning of the net.

2.2.Global internal organisation of the synapse and the neuron chip
The global structure of synapse and neuron units, as well as their on-chip organisation is presented
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below.
Subscripts i and j refer to the fh input and the jlh neuron.
The letters V and I refer to whether signals are voltages (signals to be distributed) or currents (signals
to be summed) (par.2.1.1).

A ..
IJ

f-----+ v

UD
SPO

~o(_I

--~~

BPIS'

a)
FPI

b)

fig. 2.2.1. a)Synapse unit, b)forward path
Because this work is mainly concerned with the forward path implementation, this path is also
separately presented.

V

BPIS'

BPI i

J

0)

A·J

FPO

j

b)

fig. 2.2.2. a)Neuron unit, b)forward path
The weight storage in the neuron unit, together with the voltage-to-current converter (VeC), is added
for the purpose of realising the sigmoid function with the variable threshold (par. 1.3).
(The realisation of the threshold variation can also be implemented in a different way, see par. 5.2.4.)
A number of multipliers is required in both units (in the recall, as well as in the training phase of the
net operation). The range of signals and the character of the multiplication is listed below:

FP(

positive signal
positive/negative signal
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2 quadrant multiplication
positive/negative signal
FPOj = SeA)

positive signal

BP~

positive/negative signal

S/(A)

positive signal

BPIS I = S/(A)BPIJ

2 quadrant multiplication
2 quadrant multiplication
4 quadrant multiplication
positive/negative signal

~WJl.. =

2 quadrant multiplication

UDFPI.
J
I

Note that when signals are currents, positive/negative refers to the current direction.However, when
signals are voltages (O-5V), they are considered negative if smaller than a certain reference voltage
Vref and positive if bigger than Vref.
The following figures represent the internal organisation of a synapse and a neuron chip.
Synapse units (designated as Sij) are organised in an array (fig.2.2.3).

r---------------------------------------------------,

,

V

FPll;ooI'-------.-------~-----------

,
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I
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I
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FPI2*-t-----,~~__+_H~-___r-~_t+

BP02 I
I
I

,
FPl N:>t-r------1--_t_t-t--~___r---H

'1

,.;-~>--~~~_t_f__-4-~~~~+1_

,

L.

_

v

I

1

1

-"

BPlSj A,

fig. 2.2.3. Internal organisation of the synapse chip
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r-----------------------,
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fig. 2.2.4. Internal organisation of the neuron chip
If N represents the number of inputs and M represents the number of
neurons, then the number of needed pins (P) per chip is :

p.
P

II

> 2 (M + N) + 1 synapse chip
>4M+ 1
neuron chip

In this paragraph only the global structure of the units to be implemented is given.The chapters 4,5
and 6 deal with their detailed design.

2.3. Overview of the possible approaches
As stated before, this work deals with the analog implementation of a MLP. Analog approaches,
though less accurate and susceptible to noise and process variations, offer advantages in compactness
and small circuit sizes.
Present approaches to the analog design of a MLP can be divided into two main groups. These are:
1) Designs that assume input signals to synapses (output signals from neurons) to be continuous
signals.
2) Designs that assume input signals to synapses (output signals from neurons) to be pulsed signals.
Presently, most analog implementations belong to the first group, with multipliers based on wellknown Gilbert multipliers.
Pulse-firing neural networks were introduced by A.F. Murray in 1987 as an attempt to combine some
benefits of digital signal representation (noise sensitivity) with benefits of analog circuit
implementation [29].A number of issues has been published on this topic since 1987.
Within these groups a further division can be made as shown in table 2.3.1.
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Pulsed signals

Continuous signals
transistor mode of
working

signal presentation

signal

signal presentation

processing
linear or

single

direct

saturated mode

signals

subthreshold

differential

via pulsed

signals

signals

mode

Pulse amplitude modulation-PAM
Pulse duration modulation-PDM
Pulse position modulation-PPM
Pulse frequency modulation-PFM

table 2.3.1.
In order to decrease power consumption, MOS transistors working in subthreshold mode (Vp < Vs:sJ
can be applied. This has, however, a number of negative effects, such as slowness and sensitivity to
process variations (exponential IcIa-V p relation).
Differential signal representation improves noise sensitivity,but requires one additional pin per input
and one additional pin per neuron.
The third column in the table 2.3.1. refers to one approach that was reported in the literature, which
uses continuous signals for interneuron communication, but performs computation via pulsed signals
[23]. Synapses are here voltage-controlled oscillators. The frequency of the output pulses is
determined by the input signal and their width is determined by the weight. For this reason, the
technique is called 'pulse duty cycle modulation'. It results, however in rather large and non-linear
synapses.
In table 2.3.2. the two main approaches are compared.A plus in a row designates the approach which
is expected to deliver more favourable results considering the corresponding requirement.
Continuous signals

Pulsed signals

Explanation

power
consumption/speed
ratio

+

Pulsed circuits are switched: power consumption
is averaged in time (subthreshold mode consumes
low power but is slow).

synapse
implementation area

+

Multipliers can be compacter with pulsed signals
(one of the signals only switches).

neuron complexity
crosstalk

+
+

noise sensitivity

Pulsed signals have fast transients.

+

multiplexing
transmission
bandwidth

Pulse-firing neuron besides the sigmoid function
requires an integrator (or similar) and a Yeo.

+

Extension to multiplexing is easier with pulsed
signals.
Proper transmission of pulsed signals requires a
bandwidth 8,> 1/(2*t.,) (t,:rise time of pulses).

+

Pulsed signals (PDM,PPM,PFM) are sensitive
only to edge-jitter noise (sec par. 3.1).

table 2.3.2.
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Both approaches have their own advantages and drawbacks. This is the reason why both of them are
worked out at the EEB group. The results from the first approach are reported in [33], whereas in this
work, the second one will be analyzed. Therefore, the following chapters focus on pulse-stream
techniques.
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3 Pulse-ruing neural networks

In paragraph 2.3. an overview is given of the analog techniques, together with the merits of the pulsestream techniques.This chapter describes the pulse-stream techniques in more detail.

3.1. Overview of the pulse-stream techniques
Neural states are represented by pulse trains.Pulse parameters that are suitable for modulation are
amplitude, width, position and frequency of the pulses.Therefore, we can differ (fig. 3.1.1.):
- pulse amplitude modulation - PAM
- pulse duration modulation - PDM
- pulse position modulation -PPM
- pulse frequency modulation - PFM

PAM

:Ulll
,
I

I
I
I

I
I

I

I
:

I
I

I
I

I
I

PDM

PPM

PFM

fig. 3.1.1. Pulsed signal modulation
techniques
PAM - In this modulation, just as in continuous analog systems, analog voltage levels contain
information about the neuron state. PAM can be simply ~btained from continuous signal representation
by flat-top sampling. Therefore, it does not improve the noise sensitivity. It can, however, render
improvements considering synapse size [17],[18], power dissipation and multiplexing.
This modulation technique is not often applied in neural network design.
PDM - Information is encoded in the time domain. The pulses have a constant amplitude and
frequency and a modulated width, and are therefore susceptible only to edge-jitter noise (just as PPM
and PFM) (fig.3.1.2.).
The steeper the pulses, the smaller the time-position error variance. However, steeper pulses (small
rise time t,.) require larger transmission bandwidths Br (for interchip communication) [4].

B > _1
I
2t,

(3.1.1)

For example, if a rise time of IOns is required, the transmission bandwidth must be larger than 50
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fig. 3.1.2. Time error in pulsed
signals introduced by noise

PDM lends itself naturally for time-division multiplexing (rDM) (see par. 5.2.5). Multiplexing
(sending more signals over the same line) is important in large scale neural nets, where dense interchip
connections can become a problem.
FurJ:.ermore, one of the positive aspects of PDM is the well defined computing time. Pulsed signals
are asynchronous,but of a constant frequency (f.). Therefore, one period T. is enough for accurate
computing (summing, integrating etc.), i.e. a time interval equal to one period contains all the
information; after this time interval, the repetition takes place.
For the above mentioned reasons PDM seems suitable for the neural network analog implementations.
However, only one article has been found on this topic [31].
Some authors state [13],[29] as the main drawback of PDM: 'The constant frequency of signalling
means that either the leading or trailing edges of neural state signals all occur simultaneously.' [29J.
Such a situation implies simultaneous occurrence of transient currents drawn by hundreds of neurons.
However, the constant frequency of signals does not, under any condition, lead to the above stated
conclusion. PDM with pulse edges that do not coincide is easy to implement [31] (see par. 5.2.5).
PPM - Information is (like in PDM) encoded in the time domain, more precisely, in the phase
difference between two signals (one of which is a reference signal, whereas the other one implies a
changeable pulse position).
The above stated positive aspects of PDM apply also to PPM. However, the need for a reference
signal that is sent on a separate line together with the modulated signal is the main reason why this
modulation technique is not exploited in analog neural net implementations [13].
If one globally distributed reference signal is present, delays can lead to information distortion.
PFM - Pulses representing neuron states have a constant amplitude and width, but a variable
frequency. The advantages of such a signal representation, considering noise sensitivity, correspond
to the observations given for PDM.
PFM seems to be the most popular technique in pulse-stream neural network implementation
([3],[5],[13],[19],[20] etc.).
However, the computation time for this technique is not as straightforwardly defined as for PDM and
PPM (because the summation of two signals with different frequencies can result in a signal with a
large period of repetition). Computation will therefore usually require voltage averaging or current
integration over a number of pulses (see par. 5.1). This means that in order to obtain accurate results,
the computation time must be much higher than the biggest possible period of the input pulsed
signal.!n all articles on PFM neural nets, little attention is paid to this aspect.
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From the above stated observations it can be concluded that PDM seems to be the best candidate for
pulsed neural nets, provided that the problem in connection with leading (trailing) pulse edge
synchronisation is solved. However, as PFM offers the possibility to realise small and compact
multipliers, the final conclusion can be brought after analyzing synapse and neuron structure in more
detail.

3.2. Pulse-stream arithmetic
Two essential operations that are required in the synapse and the neuron part in both signal
propagation directions (forward and backward) are addition and multiplication.
Hardware realisations of these functions with pulsed signals can have different approaches.
I Addition of pulsed signals
Voltage pulse addition
For PDM,PPM or PFM, voltage pulse addition could be simply realised by a logical OR function. This
approach, however, introduces errors in connection with the signal overlap as coinciding pulses are
not differed from a single pulse.
Figure 3.2.1. shows two PFM signals with the same frequency, but a different phase difference in the
cases a) and b).The resulting OR-ed sum is not the same in these two cases.

Vl0RV2~

b)

fig. 3.2.1. OR-ed sum of two signals with the
same pulsed width,but a phase shift of a)180° b)O°
In an asynchronous system, the sum of PFM (PWM) signals should be independent of their phase
difference. This is realisable, but requires additional circuitry. Therefore, it is easier to add currents.
Current pulse addition
The suggestion to represent signals that are summed by currents (par. 2.1.1) will be, for the above
mentioned reasons, also applied in the pulse-stream networks.
The resulting current sum is time variant, and as such has to be transformed into a more convenient
representation for further processing (for instance for performing the sigmoid function over the sum).
This can be done by current integration on a capacitor or by averaging the voltage on the current load
etc. (see par. 5.1).
II Multiplication
Dynamic multipliers used in MLP-s, multiply one continuous, more or less time invariant signal (for
example, weight) with a pulsed signal.
The continuous signal is usually presented by voltage, whereas the pulsed signal, as well as the result
of the multiplication, are presented by both voltages and currents.
Multiplying can be done in such a way that the continuous signal (V J affects one of the pulsed signal
parameters. In the defined range of the continuous signal values, the dependence of the pulsed signal
parameter on Vc is preferred to be linear.
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Pulsed signals can encode information in four parameters (par. 3.1). The continuous signal can
influence all of them as well as some other pulse parameters ([ 17] and [18]).In this way we can obtain
more than sixteen types of multipliers.
For example:
1) the output signal is modulated in two parameters

PDMAA - Pulse duration modulation, amplitude affected (fig. 3.2.2. a»
The output of the multiplier has the same pulse width as the PDM signal, but a modulated amplitude
by V c '
PFMDA - Pulse frequency modulation, duration affected (fig. 3.2.2. b»
The output of the multiplier has the same frequency as the PFM signal, but a modulated pulse width
by Vc '
etc.
2) the output signal is modulated in one parameter
PAMAA - Pulse amplitude modulation, amplitude affected
The output signal is modulated only in amplitude which is determined by both input signals, PAM
signal and Ve • For example, a classical Gilbert multiplier (but in this case switched) could be used for
this purpose.

Y

Y

C21

YCI

C21

Ycl

Yp

Yp

Yc·Yp

Yc·Yp

f,

f2

fig. 3.2.2. a) PDMAA and b) PFMDA multiplication technique
The above described multipliers render as output signals that are modulated in one or two parameters,
one of which is always the same parameter in which the input pulsed signal encodes information.
Multipliers can be also realised in a different way.The output signal can result in a completely
different modulation technique than the one of the input pulsed signal.For example, multiplying
continuous signal Vc with a PAM signal can result in PFM output signal.
These multipliers are usually more complex and more convenient for input current pulses,than for
voltage pulses.
A synapse unit should be as simple as possible. Therefore, compact and small multipliers are required.
Many of the here mentioned multiplication techniques require too complex circuitry. Chapter four
focuses on a number of multipliers that could possibly be used in MLP-s.
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3.3. Structure of the synapse and the neuron unit with pulsed signals
The general synapse and the neuron unit structure given in par. 2.2. can be now adapted for pulsed
signals.
Subscripts p designate pulsed signals.
Pulsed current signals have to be converted to constant voltage signals on several places in both units.
This can be done in a few ways, depending on the used modulation technique for input pulsed signals.
Therefore, at this point, this part of the circuit is designated as 'converter'.
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o
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v
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< --V- BP IS·

fig. 3.3.1. Synapse unit

A j ------------j;---;ol
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BPIS'+--+-----------------l

ioE------.::.... BPI i

J

fig. 3.3.2. Neuron unit
The following chapter deals with the realisation of the forward path in the synapse unit.
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4 The Synapse Unit: Multipliers

The forward path in the synapse unit is presented in fig. 4.1.
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fig. 4.1. The forward path in the
synapse unit
The analog weight storage design was the main topic of another graduation project [15]. The realised
circuit consumes, however, too much power. A future redesign seems, therefore, inevitable. This is
the reason why in this work no particular weight range will be considered as required. A wide weight
range for which the multiplication is linear, is preferable, considering that the weights are quantified.
From figure 4.1. it can be seen that the main operation of the synapse is multiplication.
The functional specifications of the synapse multiplier are listed below:
- two quadrant multiplier
- input #1: continuous voltage signal, positive / negative values
- input #2: pulsed voltage signal, positive values
- output: pulsed current, positive / negative values
A number of different multipliers can be realised (par. 3.2). However, many of them are complex and
will not be discussed here.
The most important aspects when designing a synapse multiplier are: power consumption,
implementation area, linearity, as well as auto-scaling possibility and cascadablity.
Linearity refers in principle to the linearity of the transfer characteristic with respect to the input
continuous signal, as the input pulsed signal is used only for switching (in PDM, PPM and PFM
techniques). Pulsed signal permits or prohibits charge flow to the output node and the linear
connection between the total amount of the transferred charge in a certain period of time arises from
the principle itself.
Below, an overview is given of multipliers that could possibly be used in MLP design.
In par. 3.1. it was stated that PDM technique offers advantages over PFM technique considering
neuron computation accuracy and speed.
The goal of this chapter is to investigate PFM and PDM multiplication techniques and select the best
candidate with respect to synapse computing.
The circuits were designed for the standard 2.4JLm CMOS production process.
Simulations were done with the PSPICE simulation packet. The list with transistor parameters can be
found in appendix 1.

4.1 Switched capacitor multipliers
To switched capacitor multipliers (SC multipliers) attention was paid in a certain number of works:
[3], [19] ,[20],[29] ,[35].
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The main reported advantages of these multipliers are: small synapse size (65,.,. x 65,.,. [29]), low
average synapse power consumption (a few ,.,.A) and a wide weight range within which the
multiplication is linear.
In this way, SC multipliers satisfy very well a number of requirements for a synapse multiplier.
The SC multiplier presented in fig. 4.1.1. is an asynchronous PFMAA, two quadrant multiplier.
The operation of the circuit is based on the charge transfer between nodes 1,2 and 3.
Input signal V inl is a continuous voltage signal which can have positive and negative values (weight).
Signal V in2 is a positive signal with a variable frequency, a constant amplitude and usually a constant
duty cycle (usually 50%). Definition of a signal as a positive or a negative one is associated with the
effect that this signal has on the output current flow direction (direction 1!5! sign). A positive signal
(pulsed signal) does not influence the direction of the output current.

fig. 4.1.1. Basic switched capacitor
multiplier circuit
When Vin2 is high, capacitor C1 is charged (discharged) to the input voltage Vinl.In the low phase of
signal Vin2 , it is discharged (charged) to voltage VreC' During this second phase, current lout is injected
to (or depleted from) node 3. This pulsed current has, thus, the same frequency as the input signal
V in2, narrow pulse width (current peaks) and amplitude, as well as direction, determined by the (VinlV reC) difference.
Input signal Vinl (weight) is considered to be positive if Vinl > VreC (current lout flows from node 2 to
node 3), and negative if Vinl < VreC (current lout flows from node 3 to node 2).
In one period T of the signal V in2 (T~, charge Q= (Vinl-V reC)C 1 is injected to (depleted from) nod 3.
The average current lout can therefore be defined as:
(4.1.1)

SC multipliers are not sensitive to the input pulsed signal width variations, and thus, could not be used
for PDM.
To complete the circuit functioning, some additional elements are required in the basic circuit in fig.
4.1.1.
Node 1 is a low impedance input. Therefore, a buffer has to be placed before it (fig. 4.1.2).

Page

24

Chapter 4

The Synapse Unit: Multipliers

R

~

----j

C2

lout

v

2

fig. 4.1.2. Completed SC multiplier circuit

The operational amplifier determines the voltage on node 3 (Vref) and converts current pulses lout into
voltage V out via capacitor C2 • Without addition of resistor R, the output of the amplifier (a staircase
ramp) would saturate after a certain number of input pulses (for some applications this could be of
interest).
When the resistor is included in the circuit, current pulses are converted into a voltage which is
varying around a certain level. The resistor is realised as a switched capacitor (R= lIfC). The time
constant T=R~ determines the output signal variations, as well as the circuit response time. More
about neuron computation time and accuracy in PFM techniques can be found in par. 5.1.
This aspect is regularly not discussed in literature and the response time of the implemented PFM
circuits is usually not reported.
The p-mos transistor switches are added to enable proper circuit functioning for higher Vial voltage
values. The PSPICE simulations of the multiplier without these p-mos transistors showed that the
voltage on node 2 can not be charged to the voltage level Vial for Vial bigger than about 3.5V, due
to the bulk effect. The addition of p-mos transistors solves this problem. For lower values of Vial most
of the charge transfer flows via n-mos transistors, and for bigger Vinl values via p-mos transistors. In
this way linear multiplying (less than 3% non-linearity) can be obtained within 5V wide range of Vinl
values (fig. 4.1.3). The points indicate the measurements, whereas the drawn lines represent a linear
curve fit.
v.. [v

C,aO.1pF"
C,eO.1pF
R

=12~

v..... - averoq8 output voltage

• V.,

[v]

fig. 4.1.3. Transfer characteristic of the
multiplier
Output currents from a number of multipliers (synapses) can be easily summed as shown in fig. 4.1.4.
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fig. 4.1.4. Connecting more synapses to one neuron
The works mentioned at the beginning of this paragraph, that deal with SC multiplying technique, use
this technique to implement small neural nf~l~ with firm structures.
However, our system should be completely fiexible, as stated in paragraph 2.1.1. This means that
the number of synapses that are connected to a neuron is not fixed, which affects the final circuit
design.
Firstly, the SC multiplier structure from fig. 4.1.4. has to be adjusted to meet the auto-scaling
requirements (par. 2.1.1).
For this purpose, the impedance Z=R II ~ has to decrease as the number of synapses that are
connected to one neuron increases.
Therefore, it is necessary to move R and C 2 from the neuron chip to the synapse chip and distribute
them over the synapses (fig. 4.1.5)
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fig. 4.1.5. Distributed impedance over the synapse chip
In this way,the contribution of each synapse to the total sum is scaled with the number of connected
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synapses (summed over all connected chips).
Switches SI, etc. determine which synapses (inputs) are connected to the neuron. These switches
should be internally controlled (otherwise, an extra pin would be needed for each input). This can be
done as follows: if signal Vin2.i (i refers to the ilb neuron input) exists, the corresponding switches are
closed, otherwise they are open.
The simple circuit presented in fig. 4.1.6. is capable of performing this function.

C (30fF)

V.
V

"2

~B

----5"m

---~k~/L§J

5V

L---

A
a)

b)

fig. 4.1.6. a) Switch controled by the input pulsed signal and b) timing

During the 'high' phase of signal VinZ, the small capacitor C is quickly charged to the supply voltage.
During the low phase of signal VinZ• it is slowly discharged via transistor m1. However, because the
period of signal Vin2 is much smaller than the time that is needed for capacitor discharge via transistor
ml, as long as signal Vin2 oscillates, voltage V. is low and the switch A-B is closed.
If a certain input is not to be used, this pin is grounded. Voltage V. needs about 15JLS to reach the
supply voltage and to disconnect the corresponding impedance from the neuron.
The here presented controlled switch will be also used in other types of multipliers for the same
purpose.
With the above described measures, solutions to the problems connected with auto-scaling (as it is
defined in par. 2.1.2) and flexibility are found, but at the cost of increased synapse area and at the
cost of one extra pin per neuron.
Finally, one more aspect is left to be discussed: electrical limits of cascadability.
The SC multiplier draws no current most of the operating time. The operational amplifiers in neurons
could therefore be realised as dynamic amplifiers, with low static dissipation, but high driving
capabilities when necessary.
Dynamic amplifiers that could be used for neural nets require, though, larger implementation areas
than classical amplifiers.
The need for operational amplifiers in SC circuits (dynamic or not) introduces a limit considering the
maximum number of synapses that are connected per neuron.
The operational amplifier in the neuron should drive an 'unlimited' number of synapses, defined by
the user. The fan-out of an amplifier is, however, limited.
The possibility to distribute the output stage of the neuron amplifier over synapses (as it was done with
capacitors) would require again an extra pin per neuron.Some other solutions that were analyzed
increased implementation area.
One of the possible solutions considering these two aspects (auto-scaling and neuron fan-out) is
presented in fig. 4.1.7.
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fig. 4.1.7. Structure that better satisfies flexibility requirements
The operational amplifier is now placed in the synapse chip. Summation is split into two parts.
Firstly, all currents from one synapse are summed together and the resulting voltage Voolk· (k refers
to the klh synapse chip) is converted into current Ioulk ' Secondly, all currents Ioolk (from all synapse
chips) are summed over the distributed impedances Z.
In this way, the operational amplifier has to drive a defined number of inputs and can be designed to
satisfy these requirements.
Auto-scaling is also provided, because of the distributed impedances Z, as well as distributed feedback
capacitors and resistors of the operational amplifiers.
However, this structure is not fully flexible. The constraint exists in the necessity that all used synapse
chips from a layer have identical number of used inputs.
Assume that the synapse chip #1 uses ten inputs of the fifty inputs that are available on the chip, and
that the synapse chip #2 uses all fifty of them. The contribution of each of the first ten inputs to the
total sum is five times bigger than the contribution of the inputs from the second chip. This because
the amplifier feedback impedance is Z/lO (Z=R /I CJ in the first case, and ZI50 in the second case.
The same topological structure, but with a proper electrical functioning would be obtained if each chip
uses thirty inputs per chip.
This solution renders almost a fully flexible structure, with slight increase in the implementation area
and without a need for additional pins per neuron.
If auto-scaling would be done by current normalisation (see par. 2.1.1) and not by means of
distributed current load, the problems connected with limited neuron fan~ut would be solved. This
because the output current in such a situation would always stay within a certain range, no matter how
many inputs are connected per neuron. Current normalisation in switched capacitor circuits is,
however, difficult.
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Conclusions:
- a compact SC multiplier, as presented in fig. 4.1.1. is not suitable for implementations of fully
flexible neural net structures, as the required adjustments associated with auto-scaling possibility and
the limited neuron fan-out lead to the increased number of required pins per neuron, as well as
increased silicon implementation area
- for single chip implementations and for defined net structures, SC multiplier offers a number of
advantages: low power dissipation, small size and wide linear range of multiplying
- the basic circuitry can be adjusted to meet the flexibility requirements (fig. 4.1.7), and at the same
time require no extra pins per neuron, but under the condition that all synapse chips from a layer use
the same number of inputs
- a SC multiplier is a PFM multiplier and therefore requires longer neuron computation time (see par.

5.1)

4.2. Pulse width multiplier
A multiplier with this name was proposed by Murray [26]. It is a two quadrant PFMDA multiplier
(fig.4.2.1).

fig. 4.2.1. Pulse width multiplier
The input frequency modulated signal Vin2 has a constant width W max'
When there is no pulse at the input (Vin2 is low), capacitor C t is rapidly charged to 'Voupply' voltage.
This voltage is determined by the weight Vinl: the bigger the weight value, the smaller the V.upply
voltage.
Pulse occurrence at the input (Vin2 becomes high) initiates slow discharging of the capacitor Ct. This
discharge is almost linear, as transistor m5 works in the saturated mode and therefore behaves as a
current sink.
The decreasing voltage on the capacitor C t upon reaching the switching threshold (Vtr) of the inverter
#1 (transistors mlO and mIl), causes the inverter to change its output state.
In this way, the output voltage from the inverter (Voull) has a frequency determined by the input pulsed
signal Vin2 and a width determined by the weight (figA.2.2).
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fig. 4.2.2. Signal flow a) Vin \ positive and b) Vin \ negative
This width is actually a scaled input pulsed signal width, Le. Wmaxxd, where O<d < 1 and d=f(Vin\)'
Up to this point, the realised function corresponds to one quadrant multiplication. In order to obtain
two quadrant multiplication, transistors ~ (current source) and m7 (current sink) are added to the
circuit.
The output signal from the second inverter with a scaled pulse width Wmax X d arrives on the gate of
the transistor m6 (via transistor m8), whereas the input pulsed signal Vin2. with the pulse width Wmax
arrives on the gate of the transistor m7 (via transistor m9).
By choosing the lengths and widths of these transistors, the 'zero' weight voltage can be determined.
If Q6 is a charge quantity that is injected by m6 into the capacitor C 2 , and Q7 is a charge quantity
removed by m7 from C2 , then for the 'zero' weight voltage these two quantities are the same, Le. the
effective charge transfer to capacitor C2 is zero.
These charge packets are described as follows:
Q6 = 16 W rrax d(VmJ
Q7 = 17 W rrax
for Vin2 ='0' , Q6=Q7
Transistors m8 and m9 are added to decrease currents through transistors m6 and m7 respectively,
by reducing their I Vos I voltages.
The function of the switch S is explained in the previous paragraph (par. 4.1).
The reported features of the multiplier in [26] are: linear multiplication for weights between 1V and
3V, and synapse silicon implementation area of 174p.x73p.. The power consumption is not reported.
The auto-scaling is provided by incorporating capacitor C2 in each synapse. The neuron activity is
accumulated on these capacitors and has in general increasing or decreasing tendency (Voot in
fig.4.2.2). Performing the sigmoid function on such a signal is meaningless.
To obtain a constant output signal, low-pass filtering can be implemented in the neuron (see par. 5.1.
on neuron unit).
The circuit as proposed in [26] consumes lot of power (up to 100p.A).Another drawback concerns
difficulties with adjusting the 'zero' weight voltage as well as its sensitivity to parameter
variations.This is because transistors m6 and m7 work in the subthreshold region, which means that
their current is exponentially dependent on the threshold voltage variations. Besides this, their gate
voltages are also sensitive to process parameter variations as they depend on the threshold voltage of
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transistors m8 and m9 and the present bulk effect.
The multiplier from fig.4.2.2. can be improved considering the linear range of multiplication, power
dissipation and susceptibility to process parameter variations.
In order to decrease power consumption, another type of buffer (transistors m3 and m4), as well as
another type of inverter (m10-m13) can be used (fig. 4.2.3).

Vblo.,

--9
+---.,.........~

fig. 4.2.3. Improved version of the pulse width
multiplier
By using a double buffer (transistors m1-m4), the V.upply voltage range can be more easily adjusted to
the invertor's threshold voltage for a wider range of weights. The invertor is composed of minimal
sized transistors, it draws low current (around lILA) and has a threshold voltage around 1V. With the
addition of complementary switches, the bulk effect (as well as charge injection) is less significant.
In this way a linear multiplying range can be obtained for weights from O.8V to 4V.
Capacitor C2 is connected to voltage Vrer, which then defines positive and negative output voltage
tendencies (or it defines the sign of the average output voltage value, if low-pass filtering is applied).
The output stage (transistors mI2-m15) works in saturation. The values of the output currents are
controlled by voltages Vbiaa.5 and Vbiaa6 • For further minimisation of susceptibility to process parameter
variations, current mirrors could be used instead of bias voltages to define output currents via external
currents.
Because in this version, the V.upply voltage increases as the weight (Yinl) increases, the connection of
the first stage with the output stage via invertors is different.
The complete multiplier requires 15 transistors (plus two for switches described in par. 4.1) together
with 2 capacitors. All transistors are minimum sized transistors.
Conclusions:
- the circuit proposed in [26] can be improved considering a number of aspects: power dissipation,
linear multiplication range and susceptibility to parameter variations
- the improved version of the circuit draws less than 10ILA from the supply lines, while the linear
multiplication range (less than 8%) is obtained for weights from O.8V to 4V
- auto-scaling possibility is incorporated in the circuit
- the implementation requires quite a number of transistors, but they are all minimum sized
- the multiplier is a PFM multiplier, which leads to a longer neuron computation time (see par. 5.1).
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4.3. Transconductance multipliers
Dynamic transconductance multipliers using PDM and PFM techniques can be viewed as voltage to
current converters whose output current is switched (fig. 4.3.1).

~p
vee

II
Ip
_ _---'I
I'------=>~

fig. 4.3.1. Working principle of transconductance
PDMAA and PFMAA multipliers

The continuous voltage signal Vo (weight) can have positive and negative values, which means that
the current Ip can flow in both directions. The pulsed signal Vp er.a:,.,les ;;ur_·,~r.t to flow :n p(l_c~~ets to
(from) the output node.
From fig. 4.3.1. it can be seen that the same transconductance multiplier can be used for both
modulation techniques. Whether a multiplier will be a PDMAA or a PFMAA multiplier depends only
on the signal Vp and nothing has to be changed in the circuit itself.
To design such a multiplier actually means to design a compact vee with a low power dissipation
and a transfer characteristic which is linear for a wide range of input voltage values.

4.3.1. Transconductance multiplier #1
A very simple, though non-linear multiplier is presented in fig. 4.3.1.1.
Voo

v,n2 4
I,

52

+--

----;Io;>-"_t,-,t

Vb,a.,~
1

V;"2~

VO\Jt

10"t2

!

V,n'4

2

j£

V
Vbios2

fig. 4.3.1.1. A simple non-linear transconductance
multiplier
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The voltage Vinl is the synaptic weight, while the voltage Vira is a pulsed signal (output of a neuron
from the previous layer).
The pulsed current ~ is constant in amplitude which is adjustable with the Vbiaa1 voltage. The current
II depends on the input Vinl voltage as follows (simplified relation):

(4.3.1.1)

Here, JL is the carrier mobility, Cox is the oxide capacitance per area unity, Withe transistor gate
width, LI the transistor gate length and A is the channel modulation factor. Because of Early effect
this current is also dependent on the output voltage VOAJI.'
For a defined weight V inl range, dimensions of the transistor ml are chosen with respect to the desired
range of the current 11' After this, the bias current ~ is determined on basis of the 'zero' weight
voltage for which lout=O and, thus, 11 =12 ,
The difference between the currents II and ~ is switched with the input pulsed signal VinZ'
Output currents from n synapses are integrated on the capacitance nC distributed over these synapses.
This multiplier is very simple and compact. Power dissipation can be reduced by increasing the length
of the transistor mI.
However, the obtained multiplication is non-linear (quadratic).
M2;I~er.latical

models of MPL's are based on mathematical, and tt"'us, linear mdtiplication.
A number of recent articles can be found that analyze the necessity of the linear multiplication in
synapses. Some authors even prefer non-linear synapses. In [33] it was noted that non-linearity in
combination with weight quantisation can lead to worse system error after training with the
backpropagation algorithm. Non-linearity in synapses and aspects associated with this could be further
investigated in future work. In this work linear multiplying will be applied.

4.3.2. Transconductance multiplier #2
This multiplier has been also proposed by Murray et aI. ([5],[13] and [27]).
All transistors in the circuit are of the same type (n-most), which leads to a compact layout.
2V re f

V out

I

I

~biaS2

: Vref
I

synapse chip ~

I

I

0

+

I
I
I
I
I
I
I

~ neuron chip

I

fig. 4.3.2.1. Transconductance
multiplier #2
The Vinl voltage refers again to the synaptic weight voltage, whereas the VinZ voltage refers to the
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input pulsed signal (in this case a PFM or a PDM signal).
A pulse at the gate of the transistor m3 sets the source of the transistor ml at the Vref voltage value.
Therefore, the output current Io(m3) from the section formed by the transistors ml, m2 and m3 is a
pulsed difference between the bias current Io(ml) and the current Io(m2) which is controlled by the
weight (voltage Vinl).
Contrary to the transconductance multiplier # I, the obtained voltage to current conversion (Vinl to
lim3», and thus, the obtained multiplication, is linear. This is because transistor m2 operates in the
linear or triode region with a constant Vos voltage (Vos = Vref) during the pulse presence at the gate
of the transistor m3.
The output from this section (transistors ml,m2 and m3) is, thus, a stream of current pulses whose
amplitude is linearly dependent on the weight voltage value and whose frequency and pulse width are
determined by the input pulsed PFM or PDM signal.
For a transistor operating in the linear region, the following simplified equation concerning drain
current is applicable:
(4.3.2.1)
Particulary for the transistor m2 :
(4.3.2.2)

Note: equation (4.3.2.2), as well as the following equations and observations refer to the situation of
pulse presence at the gate of the transistor m3 (if not differently stated).
The operational amplifier in the neuron controls the current of the transistor m4 by the feedback signal
Vout • Transistor 00 is a current sink; therefore variations of the current lo(m3) are followed by
corresponding variations of current Io(m4). This is provided by the feedback signal Vout •
In this way, the multiplier includes voltage to current conversion (Vinl to Io(m3», as well as current
to voltage conversion (Io(m3) to VClUJ.
To obtain a linear transfer characteristic between Vout and Vinl a linear equation must relate the current
lo(m3) and the voltage Vout ' Therefore, transistor m4 operates in the linear region as well.
Transistors m2 and m4 will operate in the linear region under the following conditions:
Vinl ~ Vref + VT
Vout ~ 2V ref + VT

(4.3.2.3)
(4.3.2.4)

The transistor currents are related to each other as follows:
(4.3.2.5)
If all transistors (ml, m2, m4 and 00) operate in the linear region, then by applying equation
(4.3.2.1) to each drain current in equation (4.3.2.5), the transfer characteristic Vout=f(Vinl) can be
obtained.
If we assume that:
(4.3.2.6)
CN/L) 1 = CNIL)2 =CN/L)4 = CN/L)5'
then Vout can be defined as:

(4.3.2.7)
For the 'zero' weight voltage the current Id(m3) is zero, Le. lo(ml)=Io(m2). Under the same
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condition (4.3.2.6) associated with the dimensions of the transistors, expression for the 'zero weight
voltage can be written as:
(4.3.2.8)
From equations (4.3.2.7) and (4.3.2.8) it is obvious that the incorporation of the feedback signal in
the multiplier circuit enables minimisation of susceptibility to parameter variations between different
chips. In other words, if all transistors in the multiplier have the same size and the same values of
parameters, the output voltage, as well as the 'zero' weight voltage, depends only on the bias voltages
and not on transistor parameters.
However, it is difficult to satisfy at the same time conditions (4.3.2.6), (4.3.2.3) and (4.3.2.4) and
a number of other requirements, such as: low power dissipation, small implementation area, wide
range of weights etc.
In [13] it is reported that" the synapse occupies an area of 130ltx 16SIt including the weight storage
capacitor and addressing circuitry. Multiplication is linear for weights from around I.5V to 5V. The
power dissipation is not reported.
The power dissipation can be decreased if instead of n-mos transistors, p-mos transistors are used (pmos transistors have a carrier mobility It almost three times smaller than n-mos transistors).
II

~D

:
I

I
I

I
I

2V,ef -VDD
synapse chip ~

~

I

I

I

I

neuron chip

fig. 4.3.2.2. The multiplier with p-most transistors
In this case transistors ml and mS operate in the linear region if:
(4.3.2.9)
Vinl ~ Vref - I VT I
(4.3.2.10)
VfA1l ~ 2Vref-VOO- I VT I
To obtain a linear multiplication for a wide range of weights, Vref should be high.
The used. operational amplifier is presented in fig. 4.3.2.3. Note that because of the high Vref
voltage, an operational amplifier with n-mos input transistors is used, rather than with p-most. All
transistors are minimum sized and the em value is 40tF. The open loop gain of the amplifier is 35 dB
and the cutoff frequency is 250 kHz.
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fig. 4.3.2.3. Operational amplifier in the neuron
The neuron fan-out does not represent a concern in statics, as the operational amplifier controls the
gate voltages (high impendance) of synaptic transistors 00. However, what may cause problems in
dynamics is the parasitic capacitance at the negative terminal of the amplifier. A number of synapses
that are connected to this terminal is arbitrary. If a big number of synapses from different chips is
connected to one neuron, the increased parasitic capacitance can negatively influence the dynamic
behaviour of the neuron.
Condition (4.3.2.6) has been introduced in order to minimise circuit susceptibility to process parameter
variations between different chips. However, this option increases the implementation area/power
dissipation ratio and reduces the weight range for which the multiplication is linear. Because Monte
Carlo analysis gave satisfying results even if different W/L ratios are used, this second option is
applied in the circuit. In this situation expressions for V-. and V inl'zero' become more complicated and
will not be reported here.
For the below listed dimensions of the transistors and necessary bias voltages, the transfer
characteristics presented in fig. 4.3.2.4. and fig. 4.3.2.5. were obtained with simulations.
transistors:

bias voltages:

ml

Vbiaol = Vbiao2 = 2.4 V
V biao3 = 1.3 V
V ref = 4.5 V

m2
m3

m4
00

2.4JL124JL
2.4JL/9.6JL
2.4JL/2.4JL
2.4JL/12.8JL
2.4JL/14.4JL

These characteristics were obtained with transistor m3 fully open (V in2 = low).
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fig. 4.3.2.4. Current ID (m3) as a function of weight
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fig. 4.3.2.5. Output voltage as a function of
weight voltage
If a pulsed voltage is applied at the gate of transistor m3, the output voltage Vout bounces around its
'zero' value (the 'zero' value is associated with Id(m3) =0).
The influence of charge injection on the voltage Vout is noticeable. The transistor m3 accumulates
channel charge upon the falling edge of the Vin2 pulse and releases it upon the rising edge. This is why
at these moments peaks appear in the current Iim3). The voltage Vout follows changes of the current
Iim3) (fig. 4.3.2.6.a». For a better insight into the charge injection effect on the output voltage, a
small synaptic weight value (around the 'zero' value) was applied at the input.
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fig. 4.3.2.6. a) Influence of charge injection b) Compensation of charge injection
By increasing the Cm capacitance in the operational amplifier these peaks caused by the charge
injection can be filtered. On the other hand, the amplifier cutoff frequency has to be big enough, so
that the output Vout can follow pulsed changes of the current Id (m3).
The charge injection influence can be diminished by adding a complementary n-mos transistor driven
by the inverted Vin2 signal parallel to the transistor 013. Charge injections from these transistors are
opposite and they compen~ate each other. However, the n-mos transistor (designated as 01333 in fig.
4.3.2.6.b)) must be much wider (as its Vos voltage is low) than the transistor 013 to be able to
compensate transistor 013 charge injection.
In fig. 4.3.2.6. b) the output voltage is presented in the case that the complementary transistor with
W = 12JL is included in the circuit.
If we, however, observe the multiplier in its environment, it appears that the reduction of the charge
injection influence is not necessary. The operational amplifier in the neuron is followed by a VCC
and a capacitor (see par. 5.2), which actually means that the current Iim3) is being integrated on the
capacitor. Therefore, the charge injection upon the rising pulse edges is compensated by the charge
injection upon the falling edges. The differences in the neuron output between the uncompensated and
compensated circuit proved to be less than 2 %.
The circuit is sensitive to the Vref voltage, as well as Vss voltage variations. Therefore, these voltages
should be externally fed into the chip.
Sensitivity of the circuit to variations in the threshold voltage were checked with Monte Carlo
analysis. It was assumed that the maximum difference in VT (for the same type of transistors) between
different chips can be ± 50mV, and between transistors on the same chip ± 10mV. These values
correspond to measurements that were done on a number of produced chips by IMEC. The results are
presented in fig. 4.3.2.7.
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fig. 4.3.2.7. Results of Monte Carlo analysis a) current In (m3) b) voltage Vout
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In fig. 4.3.2.8. a connection of more synapses to a neuron is presented together with the controlled
switches S (par. 4.1).

2V... -Vee

Voo

2V,•• -Vee
synapse chip

~

~

neuron chip

fig. 4.3.2.8. Connecting more synapses to one neuron
The voltage Vout controls the gates of all transistors m5,i connected to the neuron. This means that all
transistors m5,i draw the same current. Therefore, output current lim3,i) from a synapse is
distributed over all connected output stages (transistors m4,i and m5,i) and its contribution to the
output voltage is decreasing as the number of synapses increases.
In other words, considering the neuron output range, situation when one synapse is connected to the
neuron can not be differed (statically) from the situation when ten or more synapses are connected to
it, because the sum is scaled with the number of neuron inputs. This can be easily seen if all currents
are summed in node A:
n

E Id (m3,i) + nI4

-

nIs(Vou/ ) =0

(4.3.2.11)

jal

Here, n is the number of neuron inputs, 14 and Is are currents flowing in all transistors m4,i and m5,i.
This can be also written as:
(4.3.2.12)

n
The total sum is, thus automatically scaled with the number of connected inputs and stays always
within the same range.
In this way the auto-scaling possibility is included in the circuit.
The feedback signal requires one extra pin per neuron. This can be avoided in the same way that was
suggested in par. 4.1. for SC multipliers where the operational amplifier followed by a VCC was
moved from the neuron to the synapse chips. In this way the flexibility is slightly reduced (see par.
4.1). Besides pin reduction, a positive aspect of this structure is also that the operational amplifier
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operates with a defined number of inputs.
Conclusions:
- the realised multiplier has a linear range (less than 4% non-linearity) of multiplying for weights V,... I
between O.15V and 3.85V with ViDI 'zero.=2V
- the average power dissipation ranges from a minimum of 15jtW to a maximum of 30jtW per
multiplier
- the multiplier is compact and small
- Monte Carlo analysis of the multiplier resulted in satisfactory results considering susceptibility to
process variations
- auto-scaling is provided
- for a fully flexible structure one extra pin (for the feedback signal) is required per neuron
- structure with a slightly reduced flexibility (par. 4.1) requires no extra pins and does not place heavy
requirements on the neuron operational amplifier dynamics
- the multiplier can be used for PFM and PDM

4.3.3. Transconductance multiplier #3
For the VCC from fig. 4.1. a simple transconductance amplifier could be used (fig. 4.3.3.1).
Vee

fig. 4.3.3.1. Transconductance multiplier type 1

The output current is (in the first approximation) the difference between currents 12 and II' The Vinl
voltage designates, just as before, the synaptic weight, while the ViD2 voltage is the pulsed signal
(output of a neuron from the previous layer).
The transistors operate in saturation. Therefore, the following (simplified) relation exists between the
current lout and the voltage difference V0 = Vml-Vrer [1]:
(4.3.3.1)

where:
(4.3.3.2)

From the equation it can be seen that the output current is linearly related to the voltage difference
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if:
(4.3.3.3)

Therefore, a wider range of weights for which the multiplication is linear can be obtained by
increasing the bias current I or by increasing the lengths of the transistors ml and m2.
The bias current can be defined externally via current mirrors, in order to minimise susceptibility of
the circuit to parameter variations.
The output current is integrated on capacitor C (see par. 5.1. on calculation of neuron activity). This
capacitor is placed in every synapse because of the auto-scaling possibility. Therefore, a small size
of the capacitor is preferable. However, a small capacitance requires low current values for the same
voltage change in the same time of integration. A low current I, on the other hand, would lead to long
transistors ml and m2 because of the (4.3.3.3) condition.
Therefore, another type of transconductance amplifier can be applied (fig. 4.3.3.2 a».

Voo

VlIl

..........Y'

r:j

m6

!I

e

I..,t

!1

7

VlIl

VlIl

~~". r<r ,~~.

Va

~

VlIl

..",-,.T

m5

~I

Vb

m6

~16

l:C

m7

0)

b)

fig. 4.3.3.2. a) Transconductance multiplier type 2 b) Current biasing
Here, lout is the difference between the bias current ~ and the current 17, which is a mirrored scaled
current 12 , The length of the transistor m7 and the bias current ~ are determined on the basis of the
desired lout current range, as well as the desired 'zero' weight voltage ( for this weight value, the lout
current is zero).
The bias currents can be also in this circuit determined externally in order to minimise the circuit
susceptibility to variations in threshold voltage (fig. 4.3.3.2. b». The voltages Va and Vb are
distributed to all synapses on the chip. Transistor mdummyl and mdummy2 are added in order to
minimise the difference in the source voltages of the transistors m5 and mS', as well as m6 and m6'.
The current biasing could be also done by mirroring only one external current to both transistors m5
and m6. This reduces one pin per chip, but requires bigger synapse implementation area (longer
transistors m6 or wider transistors m5).
The switch S and its purpose are described in par. 4.1.
Below, the dimensions of the transistors together with the bias currents are given.
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transistors:
ml
2.41-'/19.21-'
m2
2.41-'/19.21-'
m3
4.81-'/2.41-'
m6
2.41-'/2.41-'
m6'
2.41-'12.41-'
m7
2.41-'/121-'
m8
2.41-'12.41-'

bias currents:
m4
00
00'

I biaal =5.5I-'A

4.81-'/2.41-'
121-'/2.4p.
121-'/2.4p.
2.41-'/2.41-'
2.41-'/2.41-'
2.41-'/2.41-'

m9
mdummyl
mdummy2

I biaaz =O.22I-'A
Vrec =1.7V

Transistors m5' and mdummyl, as well as m6' and mdummy2 are common to all multipliers placed
on the synapse chip.
PSPICE simulations of the circuit resulted in the transfer characteristic given in fig. 4.3.3.3.
Sensitivity of the circuit to variations in the threshold voltage were checked with the Monte Carlo
analysis. It was again assumed that the maximum difference in VT (for the same type of transistors)
between different chips can be ± 50mV, and between transistors on the same chip ± lOmV
(fig.4.3.3.4)
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fig. 4.3.3.3. Transfer characteristic of the VCC
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fig. 4.3.3.4. Results of Monte Carlo analysis
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Conclusions:
- the realised multiplier has a linear range (less than 5% non-linearity) of multiplying for weights Vml
between OV and 3AV with ViD1 ' uro'= 1.7V
- the average power dissipation ranges from a minimum of about 4JLW to a maximum of about 20JLW
per multiplier
- the multiplier requires a bigger implementation area (around 2 times bigger) than the
transconductance multiplier #2, but requires no extra pins per neuron for a fully flexible structure
- auto-scaling is provided via distributed synapse capacitor
- this multiplier is more sensitive to process parameter variations than the transconductance multiplier
#2
- the output of the multiplier is a pulsed current with an amplitude between -o.22JLA and O.22JLA
- the multiplier can be used for PFM and PDM

At the end of the chapter it can be concluded which of the modulation techniques (pFM or PDM), and
in which particular realisation, gives better results considering requirements stated in the introduction
of the chapter.
PFM technique seemed to be a better candidate, particularly the SC multiplier, because of a number
of excellent properties it has (par. 4.1), but the basic circuit has to be adjusted to meet flexibility
requirements, which increases its implementation area, power consumption or a number of pins per
neuron.
Considering the multiplication, it can be concluded that both techniques can result in synapses with
satisfactory features.
The transconductance multiplier #2 (fig. 4.3.2.2), as well as #3 (type 2 from fig. 4.3.3.2) are the best
candidates, when taking all requirements into account.
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5 The neuron chip

In this chapter the advantages of the PDM technique as compared to the PFM technique, regarding
computation of the neuron activity (see chapter two), are analyzed in more detail.
After this, the forward path in the neuron (fig. 5.1) is designed part by part. In this design the
requirements stated in par. 2.1. are taken into account.
p

-----r;:-1 ~w,t" ~ f

A j _I_

M

VCO

~ FPO j

weight storoge
and refresh

fig. 5.1. Forward path in the neuron unit
With pulsed signals relative small and linear, low power multipliers (synapses) can be realised. Neuron
size and power consumption is, however, bigger than in systems based on continuous signals. The
number of neurons in a layer is N times (N =number of the layer inputs) smaller than the number of
synapses in the layer. Therefore small, low power synapses at the cost of increased neuron area and
neuron power consumption are preferable as compared to the option of big synapses and small
neurons.

5.1. Computation of neuron activity
The sum of all weighted inputs of a neuron is termed as the neuron activity (par. 1.3).
In the case of pulsed neuron outputs (synaptic inputs) this sum is a time variant function.
In [5] and [13] it is stated that, at the moment, the activity update process in pulse-stream techniques
differs from other analog techniques in this way that each pulse removes or adds a small package of
charge to the integration capacitance and, thus, increments or decrements the neuron activity.
This means that the neuron activity is a function oftime with tendencies to increase (or decrease) until
it saturates. This again implies that the pulsed output of the neuron is modulated in a parameter which
is also time dependent (fig. 5.1.1).
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neuron
activity

neuron PFM
output

fig. 5.1.1. Time dependent activity leads to a time dependent
neuron output (a time dependent frequency in this case)
The question is now how to decode the output information from such a signal.
Therefore, the activity which is indeed updated in the described way (integration) has to be converted
into a form that is suitable for further processing. This can be done in a few ways.
In principle two approaches can be differed:
I The sum of pulsed synaptic currents is integrated on a capacit0r during a certain period of time and
dumped.
II The sum of pulsed synaptic currents is integrated via a 'leaky' integrator (R
after this passed through a low pass filter.

II C) and, if necessary,

As the activity update concerns injection of current packets to the output node, the first method is
more appropriate and, as will be described later, for certain techniques, faster and more accurate.
The final result (the neuron activity) with the first approach can be obtained in two ways:
• Sample and hold (S&H)
The input current sum is integrated on the capacitor Cint during a certain period of time Tint after which
the voltage on the capacitor is sampled and stored on the capacitor Ca&h (fig. 5.1.2). Now the capacitor
C int is discharged, after which the integration process starts again.

JL

buffer

sample

--L

dump

fig. 5.1.2. Sample and hold principle
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The voltage V2 is constant (more or less, provided that the sampling frequency is high enough), and
it can be expressed as follows:
(5.1.1.1)

QTOT(fmJ is a total charge accumulated on Cint during the time period TiDt and as such represents a
measure for the neuron activity .

•• Self-depletion
The self-depletion principle suggested in [13] and [27] as a biologically inspired principle is presented
in fig. 5.1.3.

i sum ~'--_ _-----1~_----'-_v_c

------j

V out

C in!
I b"105

fig. 5.1.3. Self-depleting principle
This principle applies to PFM signals.
The input current is integrated on the capacitor Cint • The accumulated charge and, thus, the voltage
V c increases in time until it reaches the triggering level VILl of the comparator with hysteresis. A pulse
is fired and the capacitance is discharged via the bias current Ibiaa until the subsequent comparator
triggering level Vlz2 is reached. During the pulse presence current i.um does not charge the capacitance
any more; therefore the pulse duration is constant.
To resume, with the above described principle the comparator fires a stream of pulses with a constant
pulse width and a frequency which is dependent on the ioum current.
The proposed neuron is simple and compact. However, this method has a number of drawbacks.
1. It assumes that the voltage v c has an increasing tendency, whereas the current ~um can flow in both
directions (excitation and inhibition).
2. To obtain acceptable results, the integration time has to be longer than the biggest possible period
of the input currents that are summed in i.um • This means that the output frequency range is a scaled
input frequency range (fig. 5.1.4).
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input current
(one synapse)

V tr1
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rL
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fig. 5.1.4. The output frequency range is a scaled
input frequency range
3. And finally, the sigmoid function is not incorporated in the circuit.
Now, that the po:;si~le ways to the compute neuron activity h?ve been discussed, their relation with
the two modulation techniques (pDM and PFM) can be analyzed.
PFM
The computation of the neuron activity with PFM signals poses a problem concerning the definition
of the computation time.
For example, the sum of two pulsed currents, one of which has a period of IJLs and the other one a
period of 1.15JLs is a signal with a 23JLs period of repetition.
Particularly, for the S&H approach, this means that the accumulated charge QToT(finJ is different in
each Tint interval and that the output signal V2 (see fig. 5.1.2) is therefore not 'constant' any more.
The longer the Tint, the smaller the variations of the output signal, but also the lower the computation
speed.
If a leaky integrator is used, the same reasons lead to the identical confrontations on the relation
computation speed - accuracy.
PDM
PDM signals, however, have a defined and unchangeable period T. Therefore the sum of
asynchronous PDM signals has also a period T of repetition.
S&H is easily applicable to the PDM technique. If Tint equals the period T, a defined charge quantity
will be repeatedly accumulated on the capacitor eint and the voltage V2 will have variations only due
to the capacitor leakage.
The minimum computation time required for the PDM technique using the S&H approach to calculate
neuron activity is, thus, defined and equals one period T of the input signals.
The averaging, Le. the leaky integration leads, for the same reasons (defined period T of the signals)
to better results than in the case of PFM signals, but requires longer computation times than PDM
with S&H (in order to obtain small output voltage variations time constant of the leaky integrator has
to be much higher than the period T).
Therefore, PDM with S&H appears to be the fastest and the most accurate way to compute the neuron
activity.
Taking into account the conclusions from the previous chapter on multipliers together with the above
observations and the fact that in PDM signal representation leading or trailing edges do not necessarily
occur simultaneously (see par. 5.2.5), PDM represents, so far, the best candidate for pulsed MLP-s.
In the following paragraphs, the feedforward path in the neuron unit based on PDM signal
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representation will be designed.

5.2. Realisation of the neuron unit for the transconductance multiplier #2
5.2.1. Structure of the neuron unit
In figure 5.2.1.1. a) and b) two possible structures of the neuron unit are presented in the case that
the synaptic unit contains the transconductance multiplier #2 (par. 4.3.2).
JL

I,

--.L

0)

b)

fig. 5.2.1.1. a) and b) Structure of the neuron unit
The difference between the two structures lies in the way in which the shifting of the sigmoid function
is realised (see par. 5.2.3).
If the operational amplifier, the vee that follows it and eint with its switch are moved to the synapse
chips (designated with a dashed line, see par. 4.1), the structure b) is applicable. The structure b) also
corresponds to the neuron structure in the case that the synaptic unit contains the transconductance
multiplier #3.
The following paragraphs go into the transistor level design of the neuron blocks from figure 5.2.1.1.
All blocks are designed to satisfy defined input and output signal values.
The synaptic pulsed inputs (neuron outputs) are defined as PDM signals with frequency of 800 kHz
(f= 1.25JLS). The maximum pulse duration is defined as O.8~; the exact minimum one depends on
the final sigmoid implementation. It equals O.15~ for approach 1 (see par. 6.1.) and O.12~ for
approach 2 (see par. 6.2.). Duty cycle, thus, varies from 12% (9.6%) to 68%.

5.2.2. Voltage to current converter
The output from the operational amplifier which provides the feedback signal to synapses (see par.
4.3.2. is a time variant voltage whose amplitude ranges from O.55V to 2.5V with the 'zero' value at
1.52V. This voltage has to be converted to a time invariant voltage. This is done via a vee followed
by an integration capacitor and a S&H circuit.
For the vee a transconductance amplifier can be used (fig. 5.2.2.1).
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fig. 5.2.2.1. Voltage to current converter

fig. 5.2.2.2. Transfer characteristic

The dimensions of the transistors are given in the figure. Instead of Vbiaal and Vbiaa2' mirrored external
currents I biaal =6.8JLA and Ibiaa2 =O.525JLA can be used (see par. 4.3.2).
The transfer characteristic of the circuit is presented in fig. 5.2.2.2. Input signal Vin ranges from
O.55V to 2.5V, whereas the output current lout can have values between -o.35JLA and +O.35JLA.
The value of the voltage Vb depends on weather the neuron structure presented in fig. 5.2.1.1. a) or
in fig. 5.2.1.1. b) is used (see also par. 5.4). In 11le first case Vb is 2.5V and in the second one 1.8V.
One of the possible ways to obtain shifting of the sigmoid function is to shift its input range (par. 1.3).
This can be done by adding an extra current source I.hift controlled by the neuron weight (see fig.
5.2.1.1 and 5.2.2.1).
The current lout is integrated on the capacitance Cinl during the period T resulting in voltage VcCT)
whose values lie within a certain range.
The range of the current lohift> has to be chosen in such a way that this current can shift the voltage
VcCT) from one end of its range to the other one. Therefore:
I lout I ~ l max ~ I I.hift I ~ 2 l max
(5.2.2.1)
The circuit presented in fig. 5.2.2.1. also applies to this VCC associated with the current ~.
Assuming the same bias currents as reported for the first vec, the following transistor dimensions
are to be used for the second VCC:
ml
2.4JLm/l1.2JLm
rn5
5.6JLml2.4JLm
m2
2.4JLm/ll.2JLm
m6
4.8JLm/2.4JLm
m3
3.2JLm/2.4JLm
m7
2.4JLm/3.2JLm
m4
5.6JLm/2.4JLm
In the case that the capacitors C inl are distributed over the synapse chips (reduced flexible structure,
page 27), the final value of the integrating capacitance, as well as the total range of the current E lout
is not defined any more (they depend on the number of connected chips), and the described way of
the sigmoid function shifting is not applicable. The other solutions deal with the sigmoid function
realisation and can be found in par. 5.2.4.

5.2.3. Sample and hold
The following units, including this one, will be designed assuming that the sigmoid shift is equal to
zero (nominal situation).
The amplitude of the output current lout from the vce ranges from -o.35JLA to +O.35JLA.
At the beginning of the chapter it was stated that the period of input pulses equals 1.25JLs, while the
maximum pulse width equals O.8JLs. Note that for the transconductance multipliers #2 and #3 pulse
duration refers to the duration of the 'low' state of the Vin2 voltage.
With the values of Cinl and Vb as designated in fig. 5.2.3.1, sampled voltage V. (fig. 5.2.3.1) ranges
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between:
case a) from fig. 5.2.1.1. - 1.55V and 3.45V with the 'zero' voltage at V.=Vb =2.5V or
case b) from fig. 5.2.1.1. - O.85V and 2.75V with the 'zero' voltage at V.=Vb =1.8V
(Note: cases a) and b) are again associated with the sigmoid shift)

buffer

r------------------tVoo--------------,

I

m6
8 .. /2....

I
I

m7

2.~V or 1.8\4

B

I
I
IL

~ /2.4 jj

:
:

I
I
I

~

fig. 5.2.3.1. Sample and hold section
For a certain MLP input pattern, the voltage V. has small variations in time, but when different
patterns are presented one after each other, the driving capability of the buffer has to enable fast
charging (discharging) of the capacitance Co&:h.
Suppose that the input pulses are asynchronous, and unrelated to the clocks 4>, and 4>2.
This leads to the dependence of the V. voltage on the phase difference between the clock signals and
the input pulsed signals.
This statement can be explained on the example of one input pulsed signal (fig. 5.2.3.2).
tJ.w
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fig. 5.2.3.2. a) and b) Error in the sampled Vc value caused by the phase difference
between clock signals and the input signal
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In case a) the effective current pulse duration is W-!i.W, whereas in case b) it equals W. !i.W is equal
to the sum of the phase difference between the clocks ~I and ~2 and the duration of the pulse ~z·
During this period (!i.W) charging of the capacitor has no influence on the sampled value VI' because
the discharging of the same capacitor precedes sampling.
The difference !i.W can be made smaller by decreasing the pulse width of the clock signals, but this
is limited as these signals are distributed over all chips in the system and therefore have to cope with
parasitic capacitances.
To make !i.W = 0, clock pulses should always occur during the time period in which no current pulses
are present (case b». In this way the system becomes synchronised. More details about the signal
timing can be found in par. 5.2.5.

5.2.4. The sigmoid function
The sigmoid function is to be applied on the output signal V. from the S&H unit (fig. 5.2.3.1).
In neuron cells based on PFM signals, the sigmoid function maps the input voltage signal to the output
current signal ([13],[20] etc). However, if PDM signal representation is used, the sigmoid (or a
sigmoid-like) voltage-to-voltage mapping is required (see par. 5.2.5). This can be realised in several
ways. Before they are discussed in detail, input and output signal range specifications have to be
defined.
The ~"p~\t voltage range is reported in the previous paragraph (V. voltage values). Within this range
the sigmoid function has to saturate. The output signal is via a comparator (see fig. 5.2.1.1) linearly
converted to pulse widths. The ratio between the upper and the lower saturating voltage defines the
ratio between the maximum and the minimum output pulse width.
Below, an overview of circuits that can preform the sigmoid-like function is given. They are divided
into two main groups on the basis of the realised sigmoid shifting.
I Realisation of the voltage-to-voltage sigmoid mapping in the case that the sigmoid shifting is
realised via an additional current source (fig. 5.2.1.1. a))
Circuit #1
Input stage of a differential amplifier (fig. 5.2.4.1) has a transfer characteristic II =f(Vz-V I) which is
sigmoid-like.
Voo

--=------ -----:;--1

I,

a
fig. 5.2.4.1. The differential input stage
If currents II and Iz have linear resistors as loads, than the voltage drop over the loads is also
sigmoidaly related to the (Vz-V I) difference.
A transistor operating in the linear region (Vos ~ Vos-VT) can be used to substitute the linear resistor
load (fig. 5.2.4.2).
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Voo

Voo

a)

b)

fig. 5.2.4.2.
The higher the Vbiaal voltage, the wider the range of VcuI values for which transistors m3 and m4 have
a 'linear' behaviour. However, higher Vbiaal values lead to lower resistance values. The lower
resistance values ask for an increased current I, and thus, an increased power consumption, in order
to obtain acceptable output V<Nt values. The increased current I also leads to increased widths of
transistors mt and m2 for the purpose of adjusting the sigmoid width to the input range. Therefore,
it was chosen for the option of increased lengths of loads m3 and m4.
With the circuit as presented in fig. 5.2.4.2. a) the lower saturation VcuI voltage value equals zero.
Zero voltage is (via the comparator) converted into a zero pulse duration, which is not desired.
Therefore, transistor m6 is added to the circuit (fig. 5.2.4.2 b». This transistor also operates in the
linear region.
The output characteristic of the circuit is presented in fig. 5.2.4.3, while fig. 5.2.4.4. gives the results
of Monte Carlo analysis.
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fig. 5.2.4.3. Transfer characteristic
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fig. 5.2.4.4. Monte Carlo analysis

Monte Carlo analysis showed that the saturation voltage values vary (as the effect of the transistor
threshold voltage variations) within ±7% of the upper nominal saturated value and within ±25%
or the lower nominal saturated value. This means that the output values from a neuron can have values
(pulse widths) which are outside the specified output range. The problem could be partly solved in the
comparator circuit part (see par. 5.2.5).
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The possibility of not incorporating the sigmoid function in the last layer of the MLP can be also
analyzed in future work.
Circuit #2
As it is stated before, the differential input stage currents are sigmoid-like in character with respect
to the input voltage difference (fig. 5.2.4.1). Therefore, if such a current charges a capacitor during
a certain, fixed period of time T, the sampled voltage on the capacitor at this moment V(T) will be
also sigmoidally related to the ref-Vt) difference. The S&H principle, thus, has to be applied in this
case (fig. 5.2.4.5)

ev

Vee

neuron
weight

V~

fig. 5.2.4.5. Circuit #2
This circuit requires significantly bigger implementation area than the previous circuit, it is however
less sensitive to the process parameter variations between different chips. Monte Carlo analysis
including both types of parameter variations (between different chips, and on-chip variations), did not
give much better results than the previous circuit.
II Realisations based on the sigmoid shift incorporated in the sigmoid function unit
Circuit #1
As stated before, if the integrating capacitor is placed in all synapse chips, shifting of the sigmoid
function can not be realised as in the previous case. This is because in that case the ability of current
Iohift (fig. 5.2.1.1. a» to shift the function over the whole input range depends on the value of the
integrating capacitor. This value is now, however, not fixed any more; it depends on the number of
connected chips. Solutions that can shift the sigmoid function over its input range for any arbitrary
number of inputs have to be found.
The same circuit as in fig. 5.2.4.2. (as well as fig. 5.2.4.5) can be again used with a difference
regarding Vref voltage representation. A change in the voltage value at this terminal results actually
in the transfer function V out = feY in -Vref) shift. Thus, if voltage V ref is represented by the neuron weight,
the transfer function shifting can be controlled.
However, the shifting of the function in this way can be obtained for a limited range of Vref voltage
values. This limit is associated with the transistor m5 (fig. 5.2.4.2) operating mode. The maximum
(for a p-most differential input stage) Vref voltage for which the circuit functions properly equals the
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minimum Vref voltage for which the transistor m5 does not work in saturation any more for all VIJJ
voltage values.
The following problem is that the current Id(m5) is dependent on the Vref voltage because of the Early
effect. Therefore, with the circuit as it is presented in fig. 5.2.4.2. the output characteristic results in
a decreasing upper saturating voltage level (fig. 5.2.4.6). In this figure it is also noticeable that the
transistor m5 does not work in saturation for all Vrer and Vin voltage values. The range of Vref voltage
is from 0 to 5V.

o• ./---~--~---~_'=::=;:::======1
IV

·"'CJ)

1.0V

l.DV

.,.

J.DV

... O'¥

'.DY

fig. 5.2.4.6. Inappropriate sigmoid shift
If a cascode circuit is applied to the basic circuit from fig. 5.2.4.2. the current I variations are
significantly decreased.
In fig. 5.2.4.7. this circuit is presented together with the transistor dimensions.
Voo

18.4,. /2.41'
m7'

l[h---~::ll

fig. 5.2.4.7. Circuit #1: cascode configuration
In fig. 5.2.4.8. the transfer characteristic of this circuit is given for Vin values lower than around
3.25V. Values of Vrer range from OV to 3.8V. Within these Yin and Vrer ranges the circuit functions
properly.
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fig. 5.2.4.8. Shifted transfer characteristic

.

OVrN:t---,~.rN=------:'I-O::.rN~--,:-O:.rN=--~.-O::.rN~-~5.IN
•

•

•

JC

...

"

.,

.v(7)

fig. 5.2.4.9. Results of Monte Carlo analysis

The nominal input Yin voltage range is from O.85V to 2.75V. The circuit functions properly for Yin
voltages lower than 3.25V. Therefore, the variations of the maximum input voltage Yin value due to
the process parameter variations have to be less than 18% of the nominal value (2.75V). The results
of Monte Carlo r.r.L'l isis of the previous stages correspond to this condition.
In fig. 5.2.4.9. the result of Monte Carlo analysis of this circuit is presented for Vref= 1.8V.

Circuit #2
Problems with decreasing upper saturating voltage for the circuit presented in for the circuit from fig.
5.2.4.2. can be also realised in a different way, presented in fig. 5.2.4.10.
Veo

v

O.lIN

fig. 5.2.4.10. Circuit #2 :Current I control via a feedback signal
The value of the current I is controlled by the feedback signal Vfb' A decrease in current I leads to
a voltage V + decrease (transistor m6 operates in the linear region) and, therefore, to a voltage Vfb
decrease, which results in current I increase.
The transfer characteristic is presented in fig. 5.2.4.11., and the results from Monte Carlo analysis
for Vrer= 1.8V in fig. 5.2.4.12.
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fig. 5.2.4.12. Results of Monte Carlo analysis

The amplifier circuit is presented in fig. 5.2.4.13. The value of Miller capacitance em was chosen with
respect to the circuit stability. The circuit response to the Vin step function is presented in fig.
5.2.4.14.
'100
2.0'1

1.0'1

0'1

-+tt-J-----.--------r------,---..---Os
0.5us
cv(4) ov(7)

1.0us

1.5us

2.Dus

TIme

fig. 5.2.4.13. Operational amplifier

fig. 5.2.4.14. Circuit response to step input

When the two circuits (fig. 5.2.4.6. and fig. 5.2.4.10) are compared it can be stated that circuit #1
consumes less power and requires a smaller implementation area. It is also less sensitive to process
parameter variations than circuit #2. Circuit #2, however, works properly for a wider range of Yin
voltages. These differences are, however, not so significant.

5.2.5. Comparator; the output stage
The output from the previous unit (sigmoid-like function) is a continuous voltage which ranges
between :::::0.18V and ::::: IV.
The output stage of the neuron unit has to produce a stream of pulses whose width ranges from 0.15p.s
to 0.81tS and is determined by this continuous voltage.
A solution for which neither leading, nor trailing pulse edges are synchronised to a master clock is
preferable. Otherwise, outputs from all neurons in the system would have one coinciding pulse edge
which places heavy requirements on the supply lines.
In fig. 5.2.5.1. a) a possible solution is presented.
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fig. 5.2.5.1. a) Continuous voltage to pulse width conversion b) timing
Voltage Vin is the output from the previous sigmoid unit. Veld. is an external triangular signal with
1.25JLS period of repetition. these two voltages are compared. Comparator corresponds to the circuit
presented in fig. 5.2.4.13.; ,,11 ~;·'l..."Si3tors are minim:Jm sized and Cm is not included in the circuit. The
output pulse duration ('low' stu~e) from the comparator (see fig. 5.2.5.1. b» is linearly dependent on
the Vin voltage.
V ext

=2

v-v:
2T

1 l'

+ V1

= Vin

(5.2.5.1)

and thus:
't

=

(5.2.5.2)

Because of the triangular shape of the external signal, time occurrence of both output pulse edges is
modulated. The maximum (VI) and the minimum (V;) voltage value of the triangular signal are
determined on basis of pulse durations for maximum and minimum Vin voltage values. The required
values are:
VI=OV and V2 = 1.5V if sigmoid unit from fig. 5.2.4.7. is applied
VI=OV and V2 = 1.65V if sigmoid unit from fig,. 5.2.4.10. is applied
In par. 5.2.3. it has been pointed to the necessity of clock ~I and ~2 occurrence during the time period
when there is no input pulse present. With the output stage realised in the above described way, this
is easy to implement. During time period .:1t=0.45JLs (fig. 5.2.5.1) output voltage Vout is 'high', Le.
no pulse is present. Thus, if signal ~I (~J is synchronised with the external triangular voltage in a
way presented in fig. 5.2.5.1, sampling (as well as dumping) will always find place within the time
period .:1t.
The system is now synchronised, but this synchronisation refers only to the proper phase difference
between the external triangular signal and the clock ~I (~;). This phase difference does not have to
be accurate - important is that signals ~l and ~2 fall somewhere within .:1t time period. Signal delays
caused by the signal propagation through the whole system deliver no problem, as these signals (Vexl.'
~I and ~J propagate together and their phase difference is more or less preserved.
There is one more interesting aspect considering the output stage as presented in fig. 5.2.5.1. a).
It concerns the external voltage Vexl.'
If a different signal shape from the triangular one is chosen for this signal, different possibilities can
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be incorporated in the circuit.
For example. in par. 5.2.4. it has been stated that the output from the sigmoid block can result in
different saturating voltage levels due to the process parameter variations. This leads to different
minimum and maximum pulse widths at the output from the neuron. Therefore. an idea to implement
the sigmoid function via nonlinearities in Vexl voltage signal could be interesting. In general V.xl signal
is a function of time:
V.xl = f(t)
(5.2.5.1)
The moments of V exl and Vin coincidence (r) define the pulse duration (width) w. Therefore:
V. xl = f(r) = v,,,,
(5.2.5.2)
and.
r = fl(VJ = g(Vin)
(5.2.5.3)
In order to obtain a sigmoid mapping between r (and. thus. pulse duration w) and voltage Vin. V.xl
voltage should have a time dependence which is an inverse of the sigmoid function. I.e. if fl a
sigmoid. then f!l5! sigmoid- l .
In fig. 5.2.5.2. this function is presented.

V. xl

fig. 5.2.5.2. External V exl signal shape which enables sigmoid mapping between the
output pulse duration and Vin voltage

In this way the neuron unit becomes smaller and it consumes less power. as the sigmoid unit is not
implemented in it any more. Besides this. process parameter variations will have no influence on the
sigmoid shape. as it is realised via an external signal.
However. two questions are still to be solved in connection with this. The first one is how to realise
an inverse sigmoid function signal with 1.251ls period of repetition. The other question is how to
realise a simple sigmoid shift in the case when the integrating capacitor is distributed over synapses
(par. 5.2.4).
In this work the possibility of incorporating a non-linear function in the neuron unit via an external
signal is reported; in the future it could be further investigated.

5.3. Transconductance multiplier #3
The structure of the neuron unit if the transconductance multiplier #3 is applied in the synapse unit
is presented in fig. 5.3.1.
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fig. 5.3.1. Structure of the neuron unit
This neuron structure corresponds completely to the structure for the transconductance multiplier #2
whose integrating capacitance is distributed over synapse chips (fig. 5.2.1.1. b». Therefore, if the
output voltage range from the multiplier #3 corresponds to the output voltage range from the vee
of the transconductance multiplier #2, the same circuits in the neuron as described in par. 5.2. can
be also here applied. Thus, if capacitance C "ialue and voltage Vb value from figure 4.3.3.2. are
chosen to be O.2pF and 1.8V respectively, redesigns of neuron blocks are not necessary, i.e. the same
S&H block, sigmoid function blocks, as well as the output stage with comparator are here also to be
used.

5.4. Multiplexing
A MLP has a parallel structure. However, to fully enjoy benefits of the parallelism, each synapse and
neuron in the system has to have its own input and output pin. The number of pins per chip is,
however, limited and thus, the number of neurons (synapses) as well. In large scale applications with
hundreds of neurons, this approach would lead to an increased number of interconnected chips and
unavoidably to a wiring problem.
Synapses (neurons) are rather small and compact, and in principle much more of them can be
accommodated per chip than the amount determined by the number of the available pins. The problem
regarding large scale applications could be solved by multiplexing two or more signals over the same
line (pin). This worsens the parallelism, but is necessary for complex applications.
A MLP based on the PDM technique is suitable for time division multiplexing (fig. 5.4.1).

,
I

vout3 :
I
I

vou !

common
line

:
I
I

fig. 5.4.1. Time division multiplexing
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In this type of multiplexing, the common line (pin) is sequentially accessible to each of the
multiplexing signals during a fixed time period.
Computation of the neuron output in PDM techniques equals one period T of input signals (when no
multiplexing is applied). Therefore, if each input signal to a synapse from those n that share the same
line has the line during time interval T on its disposal, this will have no effect on the neuron
computation result. For a neuron this actually only means that the sampling frequency is divided by
the number of neurons that share the same line, Le. that the computation time is not T any more, but
nT (n=number of signals that are multiplexed over the same line).
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6 Complete Feedforward Path and Simulation Results

In the previous two chapters, the feedforward path structure based on the PDM technique has been
proposed and the possible implementations of blocks required in the synapse and the neuron unit have
been analyzed.
This chapter presents two complete forward path realisations on basis of the circuits that were
analyzed in the previous chapters. Here, a block scheme of the path will be given with references to
the figures where the detailed designs of the blocks can be found.

6.1. Approach #1
This approach is based on the transconductance multiplier #2. In fig. 6.1.1. the block scheme of the
forward path is given.

,
I

I
Ir----'Ir----------r-----------l
I fig. 5.22"11
Ill.,
I
I
I

II
II

fill· 5.2.3.1.

~

I

~

~

I buffer

i

-.L

I
V. I

r
I

I

•• '

c~1
... II

lL I'

L

J

I
I
I

weight 2

I

s)"opse

chip

I
I
I
I.
I
I

neuron

chip

I

fig. 6.1.1. The feedforward path based on the transconductance multiplier #2
For the reasons stated in par. 4.1, the VCC and the integrating capacitance are moved to the synapse
chip. For the sigmoid function two different realisations seem to render satisfying results (fig. 5.2.4.7.
and 5.2.4.10). Therefore, one sigmoid implementation will be applied in approach #1, and the other
one in the approach #2. Measurements on the test chips can then deliver final conclusions.
In fig. 6.1.2. and fig: 6.1.3. the signal flow (pSPICE simulations) is presented for the situation when
one multiplier is connected to the neuron.
In fig. 6.1.2. the weight value changes from its minimum to the maximum value, whereas the input
pulse width is 0.7JLs.
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b) v(67) = sigmoid unit output, v(75) = neuron output,
v(82) = external triangular signal
fig. 6.1.2. a) and b) PSPICE simulation results
In fig. 6.1.3. The input pulse width changes from O.25J.t to O.8J.t, while the weight equals 3V (positive
value).
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fig. 6.1. 3. a) and b) PSPICE simulation results
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Below, the main features of the realised path are listed. Synapse and neuron implementation area
refers at this point to the sum of all corresponding transistor areas (including drain and source areas).
The area defined in this way is thus only a mean to compare different approaches and does not
correspond to the real silicon area requirements. In the synapse chip, the operational amplifier, the
vee and the integrating capacitor are common to all synapses connected to one neuron. Therefore,
in order to get their contribution to the synapse area, their area ("'" 1190JLm~ must be divided by this
number of synapses and is here not taken into account.

Results;
input range

weights
pulsed signal width
implementation area
power dissipation

synapse

O.15V - 3.85V

O.15JLS - O.8JLS
350JLm2
min
15JLW
max
30JLW
< 4% FSR
1020JLm2
206JLW
min 1.25JLs
max 2.5JLs

linearity of multiplying
implementation area
power dissipation

neuron
response time
number of required
pins for N inputs and
M neurons
flexibility

N+M

synapse chip
neuron chip

2M

slightly reduced

6.2. Approach #2
This approach is based on the transconductance multiplier #3. The block scheme is presented in fig.
6.2.1.
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~--------------~
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S)'10Pse

chip
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fig. 6.2.1. Block scheme of the forward path
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The signal flow is presented in fig. 6.2.2. The weight changes from its minimum to its maximum
value and the input pulse width is 0.45JLS.
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b) v(28) = sigmoid unit output, v(33) = external triangular signal,
V(36) = neuron output

fig. 6.2.2. a) and b) PSPICE simulation results
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Results:
input range
synapse

neuron

weights
pulsed signal width
implementation area
power dissipation
linearity of multiplying
implementation area
power dissipation

response time
number of required
pins for N inputs and
M neurons
flexibility

synapse chip
neuron chip

OV - 3.4V
O.15JLs - O.8JLs
700JLm2
min
4JLW
max
20JLW
< 5% FSR
1122JLm2
220JLW
min 1.25JLS
max 2.5JLs

N+M
2M

full

The main difference between these two approaches is that the first one is smaller, but it consumes
more power per synapse and it is not fully flexible. Both approaches could be realisoo and the
measurements on the test chips can then render final conclusions.
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7 The Backpropagation Path

The feedforward path has been the main concern of this work. However, a number of circuits, as
well as principles and ideas that are applied in forward path implementation, can be also applied in
the backpropagation path (BPP).
Some circuits are specific for BPP, for example, the sigmoid derivative unit, and solutions for
these circuits still have to be found.
All multipliers in the BPP, except the one concerning S'BPI; (see fig. 2.2.2) can be based on
multiplying techniques as described for the forward path.
Multiplication of a continuous voltage representing sigmoid derivative S' with the backpropagation
input signal (error) BPI; is different because here the continuous signal has only positive values,
whereas the pulsed one can be positive and negative. At this point, the easiest solution for this type
of multiplier seems to involve a static multiplier. For this purpose, the input pulsed current signal
BPI; has to be converted to a continuous voltage via integration and sampling.
At one place in the backpropagation path a four-quadrant multiplier is required: BPIS'j Wji (see
fig. 2.2.1). This means that not only the weight, but also the pulse width can be 'positive' and
'negative' with respect to a certain reference level.
'ibis can be realised with two two-quadrant multipliers from fig. 4.3.3.2., one of which is
switched by a PDM signal whose pulse width is equal to a reference pulse width (a 'zero' pulse
width). This is presented in fig. 7.1.

weight

input PDM
signal

' II

~

+

-

Vref

I1

outp ut

,

@

"

~

~

\11

I2

Vref

reference
POM signal
,

/'

~

+

~
-

0

fig. 7.1. Four-quadrant multiplication
The output current 12 from the second multiplier should be subtracted from current 11' Easier is to
add these currents, but 'invert' the weight for the second multiplier in a way that positive weights
result in negative current direction and negative weights in positive current direction.This can be
easily done by exchanging terminals Vinl and Vref (see fig. 4.3.3.2).
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•

Pulse-stream techniques can be successfully applied in MLP implementations. They render
a number of advantages, as compared to implementations with continuous signals. The
main advantages concern synapse implementation area, power dissipation/speed ratio,
sensitivity to noise, as well as extension to multiplexing. The main drawback is the
increased complexity of the neuron unit.

•

PFM is the most frequently applied technique, but requires long neuron computation time
regarding calculation of the neuron activity.

•

'Self-depletion' method for calculation of neuron activity in neural nets based on PFM
techniques maps input frequencies to output frequencies which are necessarily lower than
the input ones. Therefore, this method is not applicable in MLP design.

•

PDM technique renders a defined neuron computation time which is between T and 2T
(T= period of PDM signals).

•

The cited drawback of simultaneous pulse edge occurrence with PDM can be easily
overcome.

•

The complete forward path design based on PDM has been proposed, with the following
results:

Approach #1
input range
synapse

neuron

weights
pulsed signal width
implementation area
power dissipation
linearity of multiplying
implementation area
power dissipation

O.15V - 3.85V

OV-3.4V

O.14JLs - O.8JLs
350JLm2
min 15JLW
max 30JLW
< 4% FSR

O.12JLs -Q.8JLs
700JLm2
min 41-'W
max 20JLW
< 5% FSR
1122JLm2
220JLm

1020JLm2
206JLW

response
time

min

max
number of pins
for N inputs
and M neurons
flexibility

Approach #2

1.25JLs
2.5JLs

N+M

synapse chip
neuron chip

2M
slightly
reduced

full
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•

Auto-scaling
Problems stated in par. 2.1.2. regarding a fully flexible MLP structure and neuron design
for an arbitrary number of inputs, have to be further investigated. Auto-scaling, as
described in that paragraph has to be evaluated via neural net simulations on a computer,
and, if necessary, adapted (scaling withVn instead with n) or abandoned.

•

Frequency
At this point, frequency of pulsed signals is modestly defined as 800kHz. If with test chips
expected results are obtained, this frequency could be increased in future.

•

Sigmoid function
A possibility to implement the sigmoid function via non-linearities of the external signal
that is fed into the terminal of the comparator (see par. 5.2.5) should be fu ..ther analyzed.

•

Bac1qlropagation path
The backpropagation path has still to be designed. A number of circuits and principles
applied in the forward path can be also applied in the backpropagation path.

•

Multiplexing forward and backward path
Implementing the backpropagation path on chip requires additional pins per neuron. These
pins are used only during the training phase. With pulse-stream neural network it is
possible to multiplex forward signal propagation and backward signal propagation over the
same line, and, thus, reduce the number of needed pins per neuron. This is possible
because, the calculated neuron activity (also needed in the backward path) is stored on the
'sample and hold' capacitance. If weights are updated within a period of time in which the
voltage drop on the capacitor is not so significant, multiplexing will have no effect on the
final result. A possibility to multiplex some of the circuit as well can be also further
analyzed.

•

Transistor parameters
It is still not clear if the used transistor parameter set is suitable for PSPICE simulations on
level 2. Therefore, the simulation results considering exact voltage (currents) levels, as
well as susceptibility to parameter variations should not be taken as granted. Once that the
parameter set is firmly defined by IMEC, new simulations could be done.
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List of used transistor parameters for PSPICE simulations
nmos
level
vto
phi
cgdo
kp

cjsw
gamma
cj
nfs
lambda

2
0.899
0.651
1.8e-tO
52.6e-6
2.0le-10
0.236
0.758e-4
1.263ell
0.05

mj
js
ld
pb
rsh
tox
cgso
mjsw
delta

0.371
le-3
0.22e-6
0.502
33.36
406e-IO
1.8e-1O
0.333
1.049

2
-0.834
0.637
2.8e-1O
19.2e-6
3.283e-l0
0.699
3.09ge-4
lell
0.03

mj
js
ld
pb
rsh
tox
cgso
mjsw
delta

0.5
le-3
0.35e-6
0.751
32.8
425e-tO
2.8e-1O
0.495
0.951

pmos
level
vto
phi
cgdo
kp
cjsw
gamma
cj
nfs
lambda

The value for 'lambda' as given above concern transistors with a minimum length. For transistors
with lengths L different than minimum (LmuJ, ~ must be calculated as :
A(L)=A(Lmm )

L.

;:
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