Using noise to break the noise barrier in circuits
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ABSTRACT

Technology advances tend to reduce minimum dimensions and source voltages to maintain scaling rules. Both
scaling trends make noise more critical, reduce yield and increase device parameter fluctuations. This paper
presents an statistical model that permits the study of noise and parameter deviations on gates. Using this
model stochastic resonance (SR) is studied both in single devices and arrays for subthreshold and suprathreshold
input signals. The SR is measured by the signal-to—noise ratio (SNR) in the time domain and a modified SNR
is proposed to take into account all the effects induced by noise in gates. With this measure subthreshold
and suprathreshold SR is reviewed. Finally, a discussion of the possibility of considering noise a part of the
electronic circuits is presented, suggesting that it could be a solution to some of the emerging problems in future
nanotechnologies.

Keywords: noise, suprathreshold stochastic resonance, stochastic resonance, nonlinear circuits, low SNR signal
processing

1. INTRODUCTION

Since the invention of the microchip in the 60’s, progress in microelectronics technology has relied on advances
in miniaturization and precision in manufacturing processes. These trends have provided present-day technology
with chips composed of 10® transistors, clock frequencies above 1 GHz and gate dimensions below 100 nm.
However, the impressive achievements in microelectronics technology has produced several problems, which
threaten the ever increasing need for technology performance. Technologies near a 50 nm gate length suffer
severe reduction in yield and performance, and predictions for smaller technologies further increase the concern
about these problems.! Future nanoelectronic technologies will have severe problems in maintaining yield,
parameter variation along the chip and noise immunity — as signal levels reduce to meet power consumption
requirements. This situation will require a different approach to electronic design, both for coping with these
emerging problems and future devices. In any case defects? and noise® (either internal or external) will be a key
factor for next generation technologies. A possible solution is the optimal combination of imperfect components
paradigm expounded by Johnson et al.* However, in this paper we will focus on the exploitation of a mechanism
called stochastic resonance (SR).

In contrast to the ideal world of freedom from semiconductor defects, controlled fluctuations and a perfectly
predictable environment, demanded by the electronics industry, biological systems have developed their working
basis upon a system full of defects with great variability and noise. Biological systems have evolved to be either
immune to noise or to take advantage of it. Several studies show how biological sensory systems use noise to
improve their sensitivity,>® how sensory neurons deal with information in a noisy environment” where signal-
to-noise ratio (SNR) can be as low as 0 dB, and even how neurons can use noise to achieve a better working
dynamic range.® The principles ruling biological systems are still far from being understood, however the study
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of stochastic resonance appears to be bridging the gap. Stochastic resonance is a phenomenon by which noise,
combined with a non-linear system, can improve the system performance. For example, in measurement, adding
noise and averaging afterwards produces a resolution improvement.” Moreover, in ADC/DAC applications
dithering also permits extra resolution and noise may avoid undesired instabilities.!® Vibrations can be put
to use and rectified to supply energy.!’ SR has proved to be of utility in detection of weak signals in noisy
environments as reported by a number of researchers.'>'4  Recently several applications related to SR have
been presented e.g. in nanotube FETs used to improve signal detection in nanoantennas,'® in a receiver used
to retrieve subthreshold digital data'® or even in a gravitational wave interferometer to increase its sensitivity.!”
Stocks et al. have applied suprathreshold stochastic resonance to cochlear implant technology'® and Harmer et
al. have investigated it in artificial insect vision models.'?

Most studies, however, consider an ideal threshold gate as a non-linear system — however, this is not a
realistic model for electronic gates. In this work we will consider a soft limiter as a more realistic model of an
electronic circuit element to explore the phenomena of subthreshold and suprathreshold SR. We develop a model
for general circuit input-output functions suitable for studying noise effects and variations on circuits parameters.
The function and error for single gates and systems based on an array of gates is presented. Once the model is
presented we check its predictions studying SR considering both subthreshold and suprathreshold input signals
using the signal-to-noise ratio in time domain. Finally we modify this measurement to obtain a better measure
of system performance suitable for non-linear electronic systems.

2. MODEL

As stated in the introduction, noise and parameter deviations will be the main limiting factors in next generation
of microelectronic systems. In this section we model a basic cell permitting the study of both factors. We
concentrate on a single cell considering a generic static function, g(-), with an input consisting of an input signal,
x, and added noise, 7;, producing an output, y;, as Figure 1 (left) shows. Note that 7; permits the modeling of
the main noise effects in an electronic system, as most electronic noise can be considered to be additive. Process
variation is modeled in the g(-) function, where we introduce the effects of any possible deviation. In this work
we consider two different functions: (i) a hard limiter defined by its threshold value, b, and its output levels, ay,
and a;, and (ii) a soft limiter defined by four parameters: b, and b, determining the linear transition from both
possible states and the output levels, a; and a;. Figure 2 depicts both functions.

Once we have the single gate model we extend it to an array system as it adds the possibility of suprathreshold
SR.2%:21 Figure 1 shows the structure for the array system. In it we consider an array of n gates in parallel with
a common input signal, z, and additive noise 7;, without loss of generality. The outputs y; are summed together
and then scaled to produce the system output, g.

To be able to design an electronic system from individual gates, it is necessary to know the gate function and
its error. So the model gives both answers in a statistical fashion. The input-output function of the gate can be
described by the expected value of the gate output conditioned on the input signal, E{y|z}, and the error by
the variance of the output given the input signal, 05‘1. Both values depend on the probability density function
(pdf) of the output variable as Equations (1) and (2) show,

Blyle) = [ )y (1)
o= [ = B}l ®)
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x—ﬁl—)— g(-) — Y, 5

Figure 1. Left: Simple schematic structure of the system under study. Two random variables (RV) x and 7 as input and
an output RV y; = g(x +n;). Here, g(-) stands for any transfer function. Right: Array system with n gates combining all
individual outputs y; by averaging them to produce the total output .
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Figure 2. Functions for the hard limiter (left) and soft limiter (right) with their parameters defined.

2.1. Modeling single gates

In this section the model for single gates is presented. The general pdfs for both functions considering a general
noise distribution are presented. The description considers the interaction between noise and function as the
principal characteristic. This yields a conditioned pdf to the input signal and all the parameters that define each
function. However to simplify notation we only write the input signal dependence explicitly. Once the general
formulation is presented we apply the model to uniform and Gaussian noise distributions, as they are the easiest
to mathematically describe and commonly occur in natural processes.

2.1.1. Generic noise distribution

The derivation of the model for a general noise distribution is presented for both functions. The gate function,
g(+) is rewritten in terms of the noise signal, 7, so the resulting formulation shows the output dependance on all
variables of interest.

Hard limiter with random threshold values
The ideal comparator or hard limiter is a non-linear function defined as (written in terms of the noise variable)

yi=g<n>:{‘” bz (3)

ap b—zxz>n.
According to this function the output value, y;, can take only two discrete values depending on whether the
input is higher or lower than its threshold. In this case we can consider an equivalent threshold defined by the
actual threshold minus the input signal (b — ). So its pdf for a general noise is

Fyta(Wilw) = Fy(b = 2)0(yi — ar) + (1 = Fy(b = 2))d(yi — an). (4)

Soft Limiter function with random threshold values
Electronic non-linear comparator and electronic digital gates in general have a behavior that can be described in
terms of a transition between two stable output values. This general behavior can be modeled by a soft limiter
function as a first order model. In this case and acting as before the function g(-) is

a; n<b —x
ap — ap

yi = g(n) = bhfbl(n_bl+w)+a‘ bhb—z<n<by—ux (5)
ap, n>bh_$.
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Figure 3. Possible situations for the hard limiter circuit as described in Equation (7).

Now the gate has two discrete values high (aj) and low (a;) and any value between them. Its pdf is then described
as

f: (yilz) = b= b In (bh b (yi —a) + by — x) (u(ys — ar) —u(y; —an)) + (6)

ap — ap ap — ay
+ Fy(b — 2)8(yi — ) + (1 — Fy (b, — x))0(y; — an).

2.1.2. Uniform noise

The simplest statistical distribution is the uniform distribution. This distribution has little practical interest
as it is not present in physical processes, but its mathematical simplicity permits a complete derivation giving
closed form solutions. This fact makes it interesting as the gate function is easily understandable. However
as the noise cannot reach the whole input range, the description is necessarily done piecewise according to the
region in which the noise is present. We consider a uniform noise in the range —A/2 to A/2 with amplitude 1/A.

Hard limiter with random threshold values
The hard limiter combined with uniform noise has three possible working regions depending on the relation
between noise values and the equivalent threshold function. These situations are depicted in Figure 3. Two of
them are symmetric whenever there is no level crossings giving a constant output value. The last situation and
most interesting appears when the noise produce transitions from one state to the other. The pdf of the output
conditioned to the input is

1] A A Achoocd,
A (§+b_1')5(yi _al)+ (5 _(b_x))é(yi_ah) a;<y;<an
fyi (y1|-17) = 6(:% — al) b—zZ%, vi=ar (7)
6(% - ah) b—z<—4, y;=ay.

Once the pdf is obtained we calculate the expected value and variance using Equations (1) and (2).

ap + ap ap — a
S+ (@ —b) —4<b-a<s

2 A
Elyilz} = a b—z>4 (8)
ap b—z<—4
(an —a)® | (AN 2 . .
e —) —(x—0) —A<b—z<d
2
Tyi|x 0 b—z>4 (9)
0 bfmgfg

Soft limiter function with random threshold values
In this case we have six possible states (four of them symmetrical). Figure 4 depicts them. One state where
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Figure 4. From left to right cases 1, 2, 3, and 5 from Eq. (10).

noise values only cover the linear section, one where they cover the whole linear section of the soft limiter and
more in both sides, two states where only a part of the linear section is covered and two where no noise values
reach the linear section. According to them the cell pdf is written as

fy:(ilw) =

where

1 by —b —4>b—x and by—a> %,
Aap —a Gmin <Yi <@max
bh — bl A A —4<by—x and by, —z< 4
L b —a2)d(y — = by — )y — 2= =
|:ah —a + ( 2 + ! 13) (y al) + (2 ( h CU)) (y ah) a<yi<ap
1 bh — bl A —4A<b—x and b, —x>4
- — b — ) 5 — 2 ’ v 2
A |:ah —q + ( 2 o I) (y al):| and by—z< %, a1<y; <amax
1 bh *bl A —§>bl—z and bh—z<§
A {ah —aq + (5 U I))(S(yi ~an) and by, —2>—4%, amin<yi<an
6(ys — ) b—z>4, yi=a
6(% —ah) bh—z<—4%, yi=an,
(10)
ap — Qg A ap — A
max — 7 1 | & —b 5 min — - —b s 11
a bh_bl(2+x l>+al a bh_bl( 2+m z>+az (11)

are the maximum and minimum values that variable y; can take when a; and a; are out of reach.

In the same way as before, we work out the expected value and variance for this distribution obtaining the
gate function and associated error,

ap — ay
by, — b

(x—bl)—l—al

.Z'—thrbl
2
A 2
(x,bl+§) + a;

ap + ap ap — ay
2 A

1 ap — Qy
24 by, — by

Ey,{y,|£)$} =

e

>b—z and by —z>4

—4<b—=z and b,—2z<4

*%<blfx and bhfaf:>%

(12)

and bl7x<§

7§>bl—x and b;,,fac<%

and bh—z>—§
b—z>4

A
bp—z<—%5,
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ap — ay 2 A2 A A
bh — bl E —452>by—x and bp—x>%5
ap —a;)? AN? by 4+ b\ A
( hAQ ) <§> - (m - %) — (b, — bl)g — A<~z and by —x< 4
1 ap — ap 2 4 A A 3 — 4 <by—z and by, —z>4
2 L A _ et _ = 2 2
Oyl = 1A2 (bh b, ) 3A x—b + 5 x—b + ) and bi—z< 4 (13)
2 3
1 ap — ap 4 A A —§>bl—z and bh—z<%
7@(6;1—61) <§A+(xibh7§ xibhig andbh,7x>7%
0 bl,ng
0 bh,fngg.

2.1.3. Gaussian noise

Gaussian noise with mean p and standard deviation o is considered in this case. This distribution is the most
common in real processes. In fact the central limit theorem states that the sum of any random variables converges
to a Gaussian distribution, as the sum increases. In electronic chips there are many sources of perturbation
affecting the devices and so we assume the resulting pdf is Gaussian or normal.?? This simplification ignores
low-frequency 1/f noise, which can be considered in future studies. The Gaussian pdf is,

L = 1)?
Fom) =~ 20% (14)
with probability cumulative function
1 —
Fyn) = 5 [l-i-erf(n\/é:)}. (15)

Hard limiter with random threshold values
In the same manner, we obtain the pdf for the gate output showing the dependance on input signal and all

parameters
1 1 b—x—p 1 1 b—xz—p
(yilr) = | =+ = erf | ——— )| 6(y; — ———erf| ——— ) | 6(y; — an)- 16
fulika) = [+ g et (") o e+ [ - p et (P o o)
From it the gate function
ap+a; ap—a b—x—p
E, {y;|z} = — f , 1
o) = 0 2 g (22 a7)

and its error ( 2 )
2 ap — 2 —T—p
or ) =———|1—erf" | ——— , 18
b=t (e () )

Soft limiter function with random threshold values
And finally the soft limiter with Gaussian white noise has an output pdf as

are calculated.

2
(%(yi —a)tbh—x— M)

by, — by 1 202 (u(yl — al) - U(yi - ah)) + (19)

Fuclile) = an—aioy/2m
1 1 bp—x—p 1 1 b —x—
+ {5 + 5 erf (T)] O(yi —ar) + [5 —ger (T)} 6(yi — an).
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In this case it is not possible to write a close form solution for all the integrals involved. They yield gate function
and error, by numerical solution,

2
(72::2’1 (Yi —ar) +b —z — u)

o by -
FE, i 202 dy; 20
O it (20)

ap+a;  q b —x —u) ap, (bh—w—ﬂ)
+ g U (AT Ok (2n TR
2 2 ( V20 2 V20

2
(%(yi—az)ﬁ-bz —96—#)

Qahp b _b —
2 o h l yz 202
Opile = a dy; + 21
wl / ap — a a\/ﬂ Y (21)
2 2
(%(yz —a)+b - —LL)
by —b oy~
! 202 dy; | —
/ ap — U\/ﬂ v
bp, —b; 2
an b} ) _(a;lia(yﬁal)erl*w*/L)
bi—xz—p bp—z—p h L Yi : )
(i) o (-] [ Bt O
bp—z—p bi—x—p 2
. (an — ar)? - (ah erf(iﬁ(r ) —a erf( o )) N anay ( f(bh,x,u> _ f(bwww))
4 4 72 er 7\/50 er 7\/50_ .

2.1.4. Comparison between noise distributions

Figure 5 shows the function and error performed by a single gate driven by uniform noise. Figure 6 is for
Gaussian noise. We have considered a system with symmetrical source levels (a;, = 0.5 V and a; = —0.5 V) with
threshold b = 0 V for the hard limiter and b, = 0.25 V and b; = —0.25 V for the soft limiter. The plots show
the function for an input range equal to the source range (x = [a;, ap]) and with different standard deviations
(o) for the noise considered in the input ranging from 0.1 Vs to 3.0 Vips.

It is interesting to see how noise converts two different circuits into the same response. For both distributions
considered the expected value is nearly identical for o > 0.5 V,s. Also the differences between distributions
disappear as noise power increases. So the actual function is considerably robust to the noise distributions.
However differences arise when the error or standard deviation is considered. In general the soft limiter has
lower values of variance and uniform distribution has lower levels for low noise power but higher for large noise
compared to Gaussian noise.

2.2. Modelling arrays of gates

Once the individual output characteristics are determined we address the array system (n > 1). When the array
is considered there are two effects to consider. The first is that by combining all the individual outputs into the
global output, g, the variance is modified, and second that the global output is a multivalued signal with as many
a 2™ different levels (both are dependant on the correlation among y; signals). These facts can be seen if the pdf
is worked out. However it is difficult to derive it and usually only numerical approaches can be used. Besides
we are interested in the system function and error. In general (i.e. without considering any limitations to the
random variables y;) we can calculate the expected value conditioned to the input variable z and its variance as
the sample mean and sample variance of the random array composed by all individual outputs as

E{y} = % ZE{yz—}, (22)
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Figure 5. Expected value and standard deviation of a single gate output for a hard limiter (left) and soft limiter (right)
driven by a uniform noise with standard deviation ranging from 0.01 Vyms to 3.0 Vims. The gates have ap, = 0.5 V and
a; = —0.5 V, and thresholds b = 0 V for the hard limiter and b, = 0.25 V and b, = —0.25 V.
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Figure 6. Expected value and standard deviation of a single gate output for a hard limiter (left) and soft limiter (right)
driven by Gaussian noise with the same configuration as Fig. 5.

o-g = % Z Z 73§02, 0z, (23)

i=1j=1
where r;; is the correlation coefficient between output y; and y;. If we consider the structure under study we can
see that all individual signals have the same distribution. So the global expected value is equal to the individual

E{y} = E{yi}- (24)

The variance also simplifies if the signals are uncorrelated or i.i.d as
2 1 2 g
05 == Zayi =—. (25)

So in general the array system performs the same function as the individual cells, but with a lower error that
decreases as the number of parallel gates increases.

3. COMPARISON BETWEEN MODEL DATA AND SIMULATED DATA:
STOCHASTIC RESONANCE IN NON-IDEAL COMPARATORS

The model is useful to study both noise and fluctuations on process parameters on the gates. However due to
space limitations we will show only effects due to noise, in this paper. In this section, we present a comparison
between the predicted form of the model and simulation data. We consider a sinusoidal signal as input for the
gates and both uniform and Gaussian white noise.

Two different cases are presented. We consider two sinusoid signals with frequency 10 Hz and amplitude 0.2 V,
but one has an offset of —0.5 V and the other a null offset. So both effects (subthreshold and suprathreshold SR
are considered). The input signal is modelled statistically by its pdf as

fale) = 1
w\/xgmp — (x — xop)?

where T,mp, is the amplitude and z.g the offset of the sinusoid.

; (26)
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3.1. Signal to noise ratio in time domain

To be able to compare simulations and model predictions it is necessary to use a measure of performance. Several
different measurements have been proposed for quantifying SR.!%20:21:23 e use the SNR calculated in the
time domain®* as is well-known in engineering, which only uses temporal information. In general the SNR is the
ratio between signal and noise powers in decibels. So we must calculate both the power for the output signal
and for the noise for the analytical and simulated data.

P

SNR = 10log <i> . (27)
Py

3.1.1. Analytical data

From the description of the systems under study we have obtained the expected value conditioned to the input
signal and the variance conditioned also to the input value. Output signal power is proportional to the square
value of the output once its continuous value is removed. We can calculate this value as

&:/@mm&wwﬁnmm:/ﬁwmnwmfﬁw} (25)

The noise power is simply the variance of the output
Py=ai= [ n@ie= [ [P - [ B e (20)
x xzJy x

3.1.2. Simulation data

To work out signal power from the temporal series it is necessary to use averages along sets of runs to obtain the
mean value at each instant of time and then subtract the temporal average. The same procedure was used in.2

Ps = (- @), (30)

where the overbar denotes ensemble average and the angle brackets denote temporal average. The noise power
is calculated as the mean along the runs of the mean error of each run to ensemble mean,

Py = ((y—9)°) 31)

3.1.3. Stochastic resonance in a single gate

We consider two gates with with outputs switching from a; = —0.5 V and aj, = 0.5 V. One being a hard limiter
with threshold set to b = 0 V and the other a soft limiter with a transition from b; = —0.25 to b, = 0.25 V.
Figure 7 shows the plots for these gates for both input signals (subthreshold and suprathreshold) considering
uniform and Gaussian noise. Continuous lines are for the simulated data while the points are from the theoretical
equations (+ for uniform noise and x for Gaussian). The agreement is satisfactory.

The plots show that uniform noise produces a higher SNR resonance peak, but the performance degrades
quicker than Gaussian noise. Independently from the noise distribution considered, the soft limiter gate has a
resonant peak around 5 dB higher than the hard limiter and the peak appears for lower noise intensities. As
expected, there are no resonant peaks when suprathreshold signals are considered with a single gate. As seen
from Figures 5 and 6, the behaviour of all systems converge to the same response for large noise values.
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Figure 7. SR plots for the hard limiter (HL) and soft limiter (SL). Left: Subthreshold input signal (offset = —0.5 V)
for the HL and SL correspondingly. Right: Suprathreshold input signal (offset = 0 V) for HL and SL. Continuous lines
correspond to simulated data and symbols to predicted results from the model (+ for uniform noise and x for Gaussian).
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Figure 8. SNR plots for subthreshold and suprathreshold input signal and Gaussian noise for array systems with n =1, 2,
4, 16, 64, 256 and 4096 gates: — for suprathreshold input signals, x for subthreshold input signals. Using this measure it

is clear that the only difference between a single gate and an array of them is the averaging. No changes on the behaviour
can be seen.

3.1.4. Stochastic resonance in an array system

As shown in Section 2.2 the array system performs the same function as the single gate, but with a reduction in
the variance proportional to 1/n by both the increase in degrees of freedom (possible values in the output) and
the effect of the averaging or combinations of uncorrelated noise. Figure 8 depicts the plots for the hard limiter
and soft limiter gates for arrays of n = 1, 2, 4, 16, 64, 256 and 4096 for Gaussian noise (uniform noise is not
presented as the comparison presented for a single gate remains valid for the array system). Suprathreshold and
subthreshold input signals are shown.

As stated in?* there is no resonance when suprathreshold signals are considered. This is caused by the fact
that the measurement of SNR, in the time domain, considers as signal power the ensemble average. This is
correct, but the result is that the increase in the degrees of freedom at the output is not taken into consideration.
For this measure a single bit output is as good as a 10-bit output. The result is that only difference between a
single gate and the array of gates is the variance reduction by the effect of the averaging. The question of SR
described by this measure is closely related to the detectability problem in optimal or suboptimal detectors.??

3.2. Modified signal to noise ratio in time domain

One important reason for using SNR in the time domain is that it is valid for non-linear systems, where the input
signal usually is profoundly changed by the system. In these systems measurements based on linear systems are
not suitable. However as seen in the previous section, SNR in the time domain does not capture all the effects
that noise induces in an array of gates. In this section we propose a modified version of the SNR that keeps the
advantages of the time domain being suitable for non-linear systems, but that takes into account all effects of
noise. This measure calculates the signal power, as stated in Eq. (28), but the noise power is slightly modified.
We propose to consider noise power as comprising two factors. One is the variance, as in the original measure.
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Figure 9. Modified SNR Plots for subthreshold and suprathreshold input signal for an array system with n = 1, 2, 4,
16, 64, 256 and 4096 gates and Gaussian noise: — for suprathreshold input signals, x for subthreshold input signals.

The other is the error between the expected value of the output and the desired function, h(z), without their
offsets. So the noise power is

Py = / ([(h(x) — E{h(2)}) — (E{ylz} — E{y})]2 + U§|x) fo(x)da. (32)

This measure is interesting as it relies on time domain information and so it is useful for non-linear systems — it
relates the system performance with a target function of any sort and we can calculate the array response easily
from the simple single gate description without using the actual pdf for the global output.

Using the modified SNR and considering h(z) = z for the results in Figure 8, we can see in Fig. 9 that it is in
fact resonance for both suprathreshold and subthreshold signals. This measure shows the same characteristics
seen in Fig. 8. However there some important differences. In this SNR measure it is clear that when large noise
is present there is a maximum amount of information that can be recovered, even if we increase the number of
gates in the array. The peak of the suprathreshold SR curve grows with the number of gates, as all the extra
degrees of freedom are used to improve the signal. However, when subthreshold SR is considered it saturates the
resonant peak. This is due to the fact that the input signal only covers a portion of the input range that noise
defines.

4. DISCUSSION

As shown in this work, and in existing SR literature, when noise is present in non-linear systems it assists the
flow of information through the system. In some cases, the effects are maximized when noise and input signal
have a similar amplitude (around 0 dB of SNR as reported for sensory neurons’). Furthermore, as Figures 5 and
6 show, noise changes the system transfer function by adjusting the resulting gain to map the input noise over
the output range. This means that if noise is considered, any input range can be mapped onto the output range
without changing any characteristics of the circuits, only the noise amplitude.

The structure of an array of identical gates provides one of the best ways to deal with defects.?6 In fact, this
structure provides the redundancy necessary to be tolerant to defects, moreover it uses all the gates available to
improve the system response in the best possible way. One frequent question is to consider that by setting all the
thresholds to an equal value, the design is not optimal. However as Figure 10 shows when noise and signal have
comparable power it is the optimal design.?” At the same time, by considering noise as a part of the system
the concept of fault tolerance is inherent in the design. The variance of the output can be adjusted to the levels
demanded by the application.

All these show that by considering noise in the design process we can obtain electronic gates that can work
with extremely low levels (in the same amplitude range than the noise) which will reduce the electric fields and
the power dissipation. Also more relaxed characteristics for the gates can be allowed, as noise will reshape their
transfer functions permitting a larger variation in process parameters. Finally the redundancy is used for taking
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Optimal thresholds

Figure 10. Optimal threshold values to maximize information transference for an array of n =5 and n = 15. Here, o is
the ratio between noise and signal standard deviations (0;,/0,). As noise intensity approach signal the optimal threshold
values tends to group all together to the mean value (in this case zero). See McDonnell?” for more detail.

care of defects and faults, but without useless elements as all of them work for the system — allowing a way to
deal with the yield reduction expected in future nanoelectronic technologies.

The use of noise in an array structure is quite interesting, but there are some questions that must be
considered. First, adding noise is a useless power consuming action, so what is interesting is using internal
system noise or inherent fluctuations. That means the devices must be sensitive enough to work at those levels.
Second, gates are dynamical systems and so they require a dynamical model to derive the relations between
signal, noise and gate in the temporal or frequency domains. And third, the noise considered in this and most
SR work is i.i.d. noise. If electronic noise is considered without any further consideration, the SNR peaks are
greatly reduced,?? in actual electronic chips, due to the substrate and the proximity of the gates. This proximity
means that the noise in each element is nearly identical.

5. CONCLUSION

A simple model valid for predicting both noise and process deviations in gates is presented. The extension to an
array of gates is straightforward, being of interest for predicting the response in large parallel ensembles. Using
the model we describe both hard limiter and soft limiter gates, with uniform and Gaussian white noise. The
combined function of gate and noise is studied showing that due to noise the resulting function converges to the
same input-output relation, as noise grows independently of either the circuit function or the noise distribution.
The error or variance of the output is also shown. We can see that soft limiter circuits have a lower variance
value near the threshold values than hard limiter gates.

To check the predictions of the model, we study SR plots for both subthreshold and suprathreshold signals.
We measure the SR using the SNR in the time domain showing that the agreement between model and simulation
is very good. Using these results we study the SR when non-ideal comparators are considered showing that in
general the stochastic resonance peaks for soft limiter circuits are higher than that from hard limiters. Finally we
propose a modified SNR measure, which takes into account all the effects that noise produces in an array system.
Using this measure it is possible to see both subthreshold and suprathreshold SR. Furthermore, this modified
SNR shows that for large noise values the information transfer cannot be improved indefinitely by adding more
elements in the array. Also we see that the stochastic resonant peak for subthreshold SR saturates, due to the
loss of levels for describing the offset of the input signal, while the peak always improves with the number of
elements in the array for suprathreshold SR.
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