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We employ the formalism of information theory, and investigate the performance, as measured in bit-
energy, of continuous/discrete-value and continuous/discrete-time signal representations as realized
in electrical circuits (communication channels). We derive the signal-to-noise ratio, average power
dissipation, Shannon channel capacity and bit-energy. Bit-energy, in Joules per bit, is a reasonable
goodness criterion to compare information ow in physical channels where encoding, transmission
and decoding of messages must be carried out under strict power supply/dissipation constraints.
Without loss of generality, we assume that signals are voltages which are limited by the power
supply rails in the circuits and we use simple but realistic models of noise and power dissipation.

1 Introduction

We seek to gain a deeper understanding of computa-
tion in the context of truly autonomous systems, for
sensory/motor processing tasks [1]. We consider \real"
systems, both natural (neural systems) and human en-
gineered (silicon integrated circuits), where information
processing takes the form of an irreversible physical pro-
cess. Consistent with our de�nition of an autonomous
system, we have argued that size, weight, temperature and
energy represent the \cost" of computation [1]. Furthe-
more, we have demonstrated experimentally through the
design of a large scale analog VLSI vision system, that it
is possible to see the synthesis of truly complex process-
ing structures that are based on the underlying physical
properties of the computational substrate and, therefore,
are energetically e�cient.

In this paper, we wish to further quantify the notion
of \energetic e�ciency" and compare the merits of di�er-
ent means of computing. In doing so, we further sharpen
the argument concerning \Nature's natural ways of com-
puting," put forward by To�oli [2]. To proceed in a sys-
tematic way, we must have a way of linking the notion
of energetic e�ciency with actual physical hardware. In
this paper we explore the application of information the-
ory to our problem and use the Bit-energy (in Joules per
bit) of information transmitted as a reasonable goodness
criterion.

�NSF grant ECS-9313934, and JHU Center for Language and
Speech Processing

2 A model for sensory communi-

cation

Information theory [3] provides a well developed frame-
work for quantifying the transmission of signals in phys-
ical communication channels. Originally, the concept of
information was conceived by Harltey [4] whose interest
lay in the transmission of messages over telephony wires
and radio links. Since then, information theory has had a
profound impact in a wide range of �elds from telemetry
to speech recognition to image encoding. An essential as-
pect of information theory is that it requires an a-priori

de�nition of what is meant by \information." Once this
de�nition is established, di�erent means of encoding and
transmitting messages can be objectively evaluated. Ulti-
mately, information theory provides the link between the
physical properties of the communication channels and the
physics of the message as manifested in its statistics.

The connection between information theory and com-
putation can be made when the latter is viewed as a pro-
cess of information transformation and information ow
in a hierarchical web of intra-system communication chan-
nels. We can consider the channels at di�erent levels [1]
in the hierarchy. We �nd that devices, such as photo-
transducers, photoreceptors, individual neurons and tran-
sistors, at low levels, while at higher levels we see the
emergence of networks, circuits and VLSI chips. At the
highest level we �nd workstations interconnected through
communication networks, biological species surviving in
natural environments, and last but not the least impor-
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tant, humans in society communicating through their ac-
tions and natural language. At all levels of the hierarchy
there is a great deal of inherent variability (noise) in the
systems and thus we are fundamentally concerned with
the encoding, communicating and decoding of signals in
the presence of noise as shown in the simpli�ed diagram
of Fig. 1.
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Figure 1: Canonical model of an autonomous sensory infor-
mation processing system, necessarily constrained by power
supply/dissipation, size, weight, and operating temperature.

We adopt the canonical model of a communication
channel as depicted in Fig. 1. This model can be viewed
as one level of a more complex architecture, comprised of
a subset of modules arranged in a hierarchy. For exam-
ple, in an autonomous digital computing system, there is
a block for the quantization of input signals, followed by
a block in which the signals are processed digitally, and
then possibly a block to convert output signals into an
analog format.
A desirable objective at each processing stage is the

maximization of the mutual information [3] I(x; y) be-
tween the input x and output y de�ned in terms of prob-
ability distributions as:

I(x; y) =

Z Z
P (x; y) log2

P (x; y)

P (x)P (y)
dx dy (1)

Under these conditions, intra-system information ow
in the micro-scale must be carried out under strict power
supply/dissipation constraints. The e�ciency1 of sev-
eral macro-scale communication systems was compared
by Sanders [5].
At each processing stage, we propose the following opti-

mizing criterion: maximize the information rate per Watt
of power dissipated, given in bits/Joule. Accordingly, the
bit-energy in Joules/bit is minimized. A high informa-
tion rate is the desired outcome of processing, while the

1De�ned as the ratio of received signal energy required per in-
formation bit transmitted in the presence of noise spectral power
density for di�erent modulation schemes, such as AM, FM, etc.

power consumption represents the cost. Other cost mea-
sures are possible, such as size and weight, but will not
be considered in the present work.
Information theory is carefully employed to compute

the channel capacity of a circuit subject to a constraint
on the maximum range of the processed signals. The
particulars of the implementation, i.e., the physics of
the computational substrate, determine the noise level
and power dissipation. We investigate processing data
by means of four signal representations: continuous-value
continuous-time, continuous-value discrete-time, discrete-
value discrete-time, and discrete-value continuous-time.
Without loss of generality, the analysis is done in the volt-
age domain and it is assumed that the range of variables
is limited by the power supply voltage. This assumption
will be re-visited later in this paper.
In the present work simple models of noise and power

consumption are applied to a very basic task | a de-
lay function. However, the framework employed here is
general and applicable to more complex models of noise
and power dissipation corresponding to di�erent physical
systems.

3 Capacity

The maximum information rate of error-free transmission
that can be processed is limited by the system capacity
C which is given by the signal-to-noise ratio S=N and the
message bandwidth fp, as de�ned by the Hartley-Shannon
law [3]

C = fp log2(1 + S=N ) (2)

where S and N are the average signal and noise powers,
respectively. The dimensions of C is bits per second. This
law applies to systems having an average signal power
constraint S subject to additive white Gaussian noise of
power N . According to [3], in order to approach this
limiting rate of transmission, the transmitted signals must
approximate, in statistical properties, white noise.
In the case of a peak signal power constraint, the equa-

tion for the channel capacity C in a frequency band fp
perturbed by white Gaussian noise of power N is given
by [3]

C = fp log2

�
1 +

2Speak
�eN

�
(3)

where the instantaneous signal power is limited to Speak
at every sample point of a discrete-time signal. Sam-
ple points are assumed to be taken at the Nyquist rate,
i.e., every 1=(2fp) seconds. The discrete-time signal
which achieves this capacity is one for which the samples
are independent and uniformly distributed in the range
�pSpeak to +

p
Speak.

Let us assume that, in an autonomous system, infor-
mation signals are represented internally in the form of
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time-varying voltages. These voltages are constrained to
operate in the range from 0 to V Volts. Referenced to
V=2, then, the peak power is given by

Speak =
V 2

4
(4)

An independent uniformly-distributed discrete-time sig-
nal achieves the channel capacity. The average power, or
variance, of such a signal is given by [10]

S =
V 2

12
(5)

Because each sample is independent, the signal power is
evenly distributed across all frequencies in the range 0{
fp Hz, so that the power spectrum is given by

V 2
in;s

�f
=

V 2

12fp
(6)

Noting that Speak = 3S, we substitute for Speak in (3) to
obtain

C = fp log2

�
1 +

6

�e
S=N

�
(7)

This is the equation for the capacity of a discrete-time
system subject to a peak power constraint Speak and ad-
ditive white Gaussian noise of power N .
Equation (7) is not directly applicable to continuous-

time signals which are derived from discrete-time signals
uniformly sampled in the range �V=2. The correspond-
ing analog signal will not be uniformly distributed. More
importantly, the analog signal is not constrained to lie
strictly within the region of �V at times other than the
sample points. Fig. 2 shows this phenomena.
Fig. 3 gives a histogram of samples from a uniform dis-

tribution taken on the interval �0:5. Essentially, this dis-
tribution is a boxcar function. A 16-times oversampled
version of the signal is created by placing 15 zeros be-
tween each sample point and then lowpass �ltering with
a Kaiser window. The resulting histogram in Fig. 4 shows
that indeed the distribution shape is no longer uniform,
but has tails which extend beyond the interval �0:5. Just
how far they extend determines the peak power Speak. For
the time being, we will ignore these tails. As such, the
application of (7) to continuous-time signals yields results
which are somewhat optimistic.

4 Four signal representations

Four types of signal representations are distinguished in
this work, ranging from what is commonly known as ana-
log to what is commonly known as digital. They are:
continuous-value continuous-time (CVCT), continuous-
value discrete-time (CVDT), discrete-value discrete-time
(DVDT), and discrete-value continuous-time (DVCT).
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Figure 2: A 16-times oversampled version (solid line) of a
discrete-time signal with uniformly-distributed samples (x's)
on the interval �0:5. Note that the amplitude of the oversam-
pled signal extends beyond the range of pm0:5 at times other
than the sample points.

For the �rst three of these signal representations, we
compute the noise power of a circuit which, as closely
as possible, implements a delay function. We then com-
pute the signal power of an input signal which achieves
the maximuminformation rate, or capacity, of the circuit.
We also derive the power dissipated in the channel using
such an input signal. Further, the signal-to-noise ratio
is written as a function of the power consumption. We
compute the capacity of the circuit and relate this quan-
tity to the power consumption, so as to �nally arrive at a
measure of the bit-energy.
The fourth signal representation, DVCT, is currently

under investigation [6]. In the present work we set up the
problem and summarize some of our preliminary results.

4.1 Continuous-value continuous-time

Fig. 5 gives the CVCT analogue of a delay function|
a �rst-order RC low-pass �lter. At both the input and
output of the RC �lter are ideal noiseless low-pass �lters.
These ideal �lters de�ne the message bandwidth, fp.
The noise power spectral density of a nominal resistor

of value R (one-sided) is

V 2
n

�f
= 4kTR (8)

where k is Boltzmann's constant and T is absolute tem-
perature. 2 The noise equivalent bandwidth of this �lter

2Every physical embodiment of a resistor demonstrates a second
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Figure 3: A 64-bin histogram of 8192 independent uniformly-
distributed samples on the interval �0:5.

(ENBW) is 1=(4RC) The noise power across the capacitor
C is the product of these two terms, as in

V 2
c;n = ENBW � 4kTR =

kT

C
(9)

Hence the mean-square noise on the capacitor is not a
function of the resistance.
For the RC circuit, the presence of the capacitor has

no e�ect on the theoretical channel capacity. The reason
is that a �ltering operation amounts to no more than a
coordinate transformation [3]. As such, the analysis can
be simpli�ed by removing the capacitor from Fig. 5. In
this case, the output noise power is the resistive thermal
noise times the message bandwidth fp, as in

V 2
out;n = 4kTRfp (10)

Moreover, the output signal power is equal to the input
signal power, if the capacitor is removed. Assuming the
signal to be uniformly distributed in the range 0 to V and
strictly band-limited to fp, the signal power is approx-
imately V 2=12, from (5). Therefore, the signal-to-noise
ratio is given by

S=N =
V 2

48kTRfp
(11)

The above equation for signal-to-noise ratio is valid even
after the capacitor is re-introduced to Fig. 5 because its
e�ect on the signal and noise powers is identical.

source of noise at low enough frequencies, called 1/f or icker noise.
In the present work, the contribution of icker noise is assumed
negligible.
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Figure 4: A 64-bin histogram of a 16-times oversampled ver-
sion of the 8192-point uniformly-distributed discrete-time sig-
nal on the interval �0:5.
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Figure 5: Continuous-value continuous-time RC low-pass cir-
cuit approximating a delay function.

To compute the mean power dissipation, we derive the
mean-square voltage across the resistor and divide by R.
The power spectrum of the voltage across the resistor is
found by multiplying the input power spectrum in (6) by
the square magnitude of the transfer function. We obtain

V 2
R

�f
=
V 2
in

�f

(f=fo)
2

1 + (f=fo)2
(12)

where fo = 1=(2�RC) is the cuto� frequency of the low-
pass �lter. The mean power dissipated in the resistor
is found by integrating over the message bandwidth and
dividing by R, as in

Pm =
1

R

Z fp

0

V 12

12fp

(f=fo)2

1 + (f=fo)2
df (13)

=
V 2

12R

�
1� fo

fp
arctan

�
fp
fo

��

As a function of the signal-to-noise ratio, the mean
power dissipation is equal to

Pm = 4kT (S=N )fp

�
1� fo

fp
arctan

�
fp
fo

��
(14)
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Similarly, one can write the signal-to-noise ratio as a func-
tion of Pm, as in

S=N =
Pm

4kTfp

1h
1� fo

fp
arctan

�
fp
fo

�i (15)

Now we are also in a position to write the capacity of the
channel as a function of the power dissipation. Substitut-
ing (15) into (7), the capacity is

C = fp log2

0
@1 + 6

�e

PM
4kTfp

1h
1� fo

fp
arctan

�
fp
fo

�i
1
A (16)

The ratio Pm=C is the bit-energy.

4.2 Continuous-Value Discrete-Time

The CVDT circuit to be analyzed is the sample-and-hold
circuit of Fig. 6. The input signal is band-limited by an
anti-aliasing �lter to frequency fs=2, where fs is the sam-
pling rate. It is assumed that the switch is closed for a
period much longer than the correlation time RswC=2, so
that a complete charge transfer occurs. In practice, this
is always the case.

Vin 

C

 Vout
Vc1 

LOWPASS

fs/2

1 
LOWPASS

fp

 Vd
Rsw

fs

Figure 6: Continuous-value discrete-time switched-capacitor
sample-and-hold circuit approximating a delay function.

The thermal noise of the resistance associated with the
MOSFET switch Rsw is aliased by the sampling process
into the baseband (0 � fs=2). In order to show this, one
must convolve the noise spectrum at node Vc with a pulse
train at frequencies nfs, where n = 0;�1;�2; :::. The
result is that all of the noise power which is outside the
baseband is aliased into the baseband, and that, in fact,
none of the noise escapes this aliasing. Since the total
noise on a capacitor is given by (9), it follows that the total
noise in the baseband is also given by this equation and
that it is very nearly white.3 Thus, the noise spectrum at
node Vd is approximately

V 2
d

�f
=
kT

C

1

fs=2
(17)

3The noise at node Vd becomes more at as Rsw decreases rela-
tive to fs.

Since the output node Vout is an ideally �ltered version of
Vd at frequency fp, the noise power at the output is

V 2
out;n =

2kTfp
Cfs

(18)

As before, we shall assume that the input signal is ap-
proximately white in the message bandwidth fp and that
the peak power Speak is never exceeded at every sample
point. Note that if the signal is sampled at a rate fs which
exceeds the Nyquist rate 2fp or if the sampling clock is
not phase-locked to the input signal, one would �nd that
some of the samples will exceed the peak power limitation,
as described earlier.
The average output signal power is equal to the average

input signal power V 2=12. Dividing S by N in (18) we
get

S=N =
CV 2fs
24kTfp

(19)

In order to compute the mean power dissipated in the
switch, we need to �nd the mean-square voltage di�erence
between samples. We perform this computation assuming
that the input frequency is not phase-locked to the clocked
frequency. Let Vc(n) be the voltage at time n=fs and
Vc(n+ 1) be the next. We want to compute the expected
power of the voltage di�erence (�Vc)2, where

(�Vc)2 � (Vc(n)� Vc(n+ 1))2 (20)

= Vc(n)2 + Vc(n+ 1)2 � 2Vc(n)Vc(n+ 1)

The �rst two terms are equal to the signal power. The last
term is the input signal autocorrelation function sampled
at 1=fs.
Now, the input signal is approximately white over the

message bandwidth, with average power V 2=12. There-
fore, the autocorrelation function R(� ) is a sinc function,
sin(x)=x, as in

R(� ) =
V 2

12
sinc(2�fp� ) (21)

Substituting � = 1=fs, the average voltage di�erence
power is

(�Vc)2 =
V 2

6
(1� sinc(2�fp=fs)) (22)

When the sampled voltage on a capacitor changes
abruptly by an amount �Vc Volts, the energy stored on
the capacitor changes by C(�Vc)2=2 joules. That same
amount of energy is dissipated in the switch, no mat-
ter how small the switch resistance. The average power
dissipated in switching events occurring at a rate fs can
therefore be written as

Pm =
C(�Vc)2

2
fs =

CV 2fs
12

(1� sinc(2�fp=fs)) (23)
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As a function of S=N the mean power dissipation in the
channel is

Pm = 2kT (S=N )fp (1� sinc(2�fp=fs)) (24)

Likewise, the signal-to-noise ratio can be written as

S=N =
Pm

2kTfp

1

(1� sinc(2�fp=fs))
(25)

The capacity of this circuit can be expressed as

C = fp log2

�
1 +

6

�e

Pm
2kTfp

1

(1� sinc(2�fp=fs))

�
(26)

Again, the bit-energy is the ratio of power dissipation to
channel capacity.

4.3 Discrete-Value Discrete-Time Circuit

For the case of the parallel M -bit register of Fig. 7, the
signal-to-noise ratio is a function of the number of bits
used. The input samples must be quantized to �t the
�nite register length M ; herein lies the major source of
noise.

Cg
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DIGITAL

CONVERTER

00 
01 

10 
11 

VcM  VdM

Cg

DIGITAL-to-
ANALOG

CONVERTER

00 
01 

10 
11 

Vin 
1 

LOWPASS

fs/2

 Vout
1 

LOWPASS

fs/2
fs

Figure 7: Discrete-value discrete-time digital M -bit parallel
register implementing a delay function.

Assume that the quantization noise Qn is uniformly
distributed between the two nearest quantization steps.
Let the distance between quantization steps be 1 bit.
Then the average quantization noise power is 1=12 square
bits [10].
The signal power S is computed assuming independent

uniformly-distributed samples. With 2M levels, ranging
from 0 to 2M � 1, one can show that the signal power is

S =
22M � 1

12
(27)

Combining the last two results, the S=N ratio is therefore

S=N = 22M � 1 (28)

The above computations assume �xed-point, rather than
oating-point representations.
If fs is de�ned as the signaling rate at which the entire

M -bit message is transmitted, the digital system capacity
is

C = Mfs (29)

The above equation is correct if we only consider the error
introduced by quantization noise. Should there be any ad-
ditive noise in the channel, the binary transmission will
exhibit a certain bit-error rate Pe. If we then tried to
reconstruct an analog waveform from the received digi-
tal signal, we would �nd the resulting S=N ratio to be
degraded.
Suppose that the probability of a single-bit error is Pe

while the probability of more than one error occurring in
a single M -bit transmission is negligible. The expected
square distance between the sent and received digital sig-
nal D2 is

D2 = Pe1
2 + Pe2

2 + :::+ Pe(2
M�2)2 + Pe(2

M�1)2

=
M�1X
k=0

Pe(2
k)2 = Pe

22M � 1

3
(30)

If we now sum the noise contributions of the quantization
step and the distortion introduced by the M -bit register,
the total \noise" is 1=12 + Pe(22M � 1)=3. Assuming the
signal power to be approximately unchanged, we have

S=N =
22M � 1

1 + 4Pe(22M � 1)
(31)

In order for the distortion introduced by the M -bit reg-
ister to be negligible, we must satisfy the condition
4Pe(22M � 1) << 1.
Presently, we introduce the weighted probability of er-

ror �, where
� = 4Pe(2

2M � 1) (32)

For � constant, the degradation in S=N ratio due to the
parallel register is held constant, independent of M . In
order to achieve this goal the probability of a single-bit
error Pe must decrease as the number of bitsM increases.
Now we wish to relate the probability of error Pe to

the power consumption in the M -bit register. Let us con-
sider a stream of binary symbols with two permissible
states, 0 or V volts. At the receiver we are interested in
knowing whether a pulse of �xed amplitude V is present
or not within a certain time interval. Assuming Gaussian
noise V 2

n which a�ects both states equally and a detection
threshold set to V=2, the bit-error rate is

Pe =

Z
1

V=2

1q
2�V 2

n

exp

��x2
2V 2

n

�
dx (33)

= erfc

0
@ V

2
q
V 2
n

1
A
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where erfc(x) � 1=
p
2�
R
1

x exp(y2=2) dy. 4

Consider a logic gate consuming no quiescent current.
The energy in an elementary switching event WG is

Wg =
CgV

2

2
(34)

The noise power in a single gate is V 2
c = kT=Cg. There-

fore, we have

Pe = erfc

 �
Wg

2kT

�1=2!
(35)

Substituting for Pe from the de�nition of � in (32) and
inverting the equation, one can show that

Wg = 2kT

�
erfc�1

�
�

4(22M � 1)

��2
(36)

If the digital samples are independent and uniformly
distributed, then on average half of them will be switching
and half will remain unchanged. For the case of an M -bit
register and clock rate fs, we have

Pm =
MWg

2
fs (37)

= kTMfs

�
erfc�1

�
�

4(22M � 1)

�
snr

�2
where fs is the sampling rate.
Now the number of bits M relates to the S=N ratio of

an analog signal by inverting equation (28) to obtain

M =
1

2
log2(1 + S=N ) (38)

Substituting (38) into (37) we obtain

Pm =
kTfs
2

log2(1 + S=N )

�
erfc�1

�
�

4S=N

��2
(39)

Numerical techniques must be used to solve for S=N as a
function of Pm.
Similarly, one can write an equation for Pm as a func-

tion of the capacity. The inverse looks very di�cult.
From (29), we substitute M = C=fs into (39) to obtain

Pm = kTC
�
erfc�1

�
�

4(22C=fs � 1)

��2
(40)

The equation for the energy dissipated per M -bit dig-
ital transmission is just Pmfs, which can be computed
easily from the above equations. The lower bound on the
amount of energy dissipated in a digital gate was derived
by Landauer. He estimates that dissipation of the order
kT per logic step is required owing to thermodynamic
limits [9]. How close one operates to the thermodynamic
limit will directly inuence the probability of error.

4Unfortunately, the complementary error function has multiple
de�nitions.

4.4 Discrete-Value Continuous-Time

A delay function of similar complexity is proposed in
Fig. 8 for the case of a discrete-value continuous-time
signal. The input signal originates in a binary source,
which, at certain instants in time, changes state from 1
to 0 or from 0 to 1. The information to be conveyed is
the time between transitions. This type of signal repre-
sentation is at times referred to as \event-driven" or as
\zero-crossings". Logan's theorem states that if a signal is
strictly band-limited to within one octave, then a signal
can be completely reconstructed from its zero-crossings
within a multiplicative constant [8]. Therefore, a bank of
noiseless single-octave bandpass �lters comprise the �rst
stage of a DVCT function, as seen in Fig. 8.
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fp/2 fp
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C

Vc1  Vd1

Vc2  Vd2

C
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BANDSPASS

fp/2 fp

1 

ONE OCTAVE
BANDSPASS

fp/2 fpfp

 Vout

 R

 R

Figure 8: Discrete-value continuous-time zero-crossing and RC
low-pass �lter approximation of a delay function.

The time delay in the discrete-value signal is imple-
mented with a simple RC low-pass �lter, as for the case
of the CVCT circuit. The noise in the circuit will come
from the thermal noise in the resistor. The energy dissi-
pated per switching event will be the same as that for the
M -bit register. An upper bound on the power dissipated
in the channel e�ectively results in an upper bound on
the frequency of events, or transitions.
The three major questions that are currently under in-

vestigation are [6]:

1. How does the thermal noise in the resistor relate to
noise, or jitter, on the arrival time of the transition
at node Vc?

2. What is the capacity of this circuit?

3. What is the distribution of the input signal which
achieves this capacity?

Partial answers to these questions are outlined in [6]. In
brief, it appears that the jitter in the DVCT circuit is ap-
proximately Gaussian, provided V >> 4kTR. Also, using
the entropy-power inequality [11], a lower bound can be
found on the capacity of the DVCT channel. This bound
becomes tight as R is reduced. Finally, the input signal
which achieves the lower bound is one for which the time
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between transitions follows an exponential distribution,
i.e., it is a Poisson process.

5 Results

In Fig. 9, the signal-to-noise ratio is plotted as a function
of the mean power dissipation for the CVCT, CVDT, and
DVDT circuits. In this plot, the message bandwidth fp
is 100 kHz, the low-pass �lter cuto� frequency fo is also
100 kHz, and the sampling rate fs is equal to the Nyquist
rate, or 200 kHz. For the digital circuit, the weighted
bit-error probability � is taken as 1E-6.
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Figure 9: Signal-to-noise ratio as a function of mean power
dissipation for the analog (solid), switched-capacitor (dashed),
and digital (number of bits) implementations of a delay func-
tion (fp = fo = 100 kHz, fs = 200 kHz, � = 1E � 6.

For the continuous-value circuits, the signal-to-noise ra-
tio grows linearly with the power dissipation. On the
other hand, for the digital implementation, the signal-
to-noise ratio grows exponentially with power dissipa-
tion. Herein lies the main advantage of digital signaling
schemes. Note that the crossover point between the ana-
log and digital circuits nominally occurs at 4 bits, which
is low indeed. For another set of parameter values, this
crossover point will change.
In Fig. 10, the capacitance in bits/second is plotted as

a function of the mean power dissipation in joules/second
for the CVCT, CVDT, and DVDT systems. Parameter
values are the same as for Fig. 9.
For very low values of power dissipation, the two

continuous-value circuits have superior performance in
terms of channel capacity. However, as the number of
parallel lines increases, the channel capacity of the dig-
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Figure 10: Channel capacity in bits/second as a function
of mean power dissipation for the analog (solid), switched-
capacitor (dashed), and digital (number of bits) implementa-
tions of delay functions (fp = fo = 100 kHz, fs = 200 kHz,
� = 10�6.

ital system surpasses the continuous-value circuits. The
crossover is again in the neighborhood of 4 bits.

The tradeo� between analog, switched-capacitor and
digital implementations of a delay function are perhaps
best demonstrated in Fig. 11. For the same parameter
values as before, we see that the continuous-value systems
outperform the digital system at very low signal-to-noise
ratios. However, as the signal-to-noise level increases the
bit-energy of the continuous-value systems increases dra-
matically, whereas it remains virtually unchanged for the
digital system.

6 Discussion

A similar comparison of analog and digital systems can
be found in the seminal work of Hosticka [7]. The present
work is an attempt to improve upon and extend the previ-
ous research. Whereas qualitatively our results are similar
to those found in [7], quantitatively they are quite di�er-
ent. For example, the signal-to-noise ratio of the CVCT
system as a function of power dissipation is 6.7 dB higher
in this work than that computed in [7]. The discrepancy
is due to the author's assumption that all of the signal
power is dissipated in the resistor.

From the graphical results, it seems that digital systems
outperform analog systems whenever \precise" informa-
tion must be communicated. Why is this so? The answer
lies in the exponential relationship among parallel lines
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Figure 11: Bit-energy in joules/bit as a function of signal-to-
noise ratio for the analog (solid), switched-capacitor (dashed),
and digital (number of bits) implementations of delay func-
tions (fp = fo = 100 kHz, fs = 200 kHz, � = 10�6.

of the digital system. Each bit gives information over
a di�erent range of input signal amplitude. Could one
not build a parallel analog system that conveys di�erent
amplitude ranges in di�erent lines? What would such a
system look like in silicon?

There are many issues we have systematically ignored
in this preliminary work. We have not considered the
power dissipation and noise introduced by the ideal low-
pass �lters in all of the circuits. In addition, we have
examined neither algorithms nor implementations for en-
coding and decoding the input and output signals, respec-
tively. Because these encoder and decoder blocks must
operate within the energetic and physical constraints of
the autonomous system, the encoder and decoder func-
tions cannot be arbitrarily complex. In future work, we
will begin to address these issues.
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