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The Diffusion Network in Analog VLSI Exploiting
Noise-Induced Stochastic Dynamics to Regenerate

Various Continuous Paths
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Abstract—The Diffusion Network (DN) is a stochastic recurrent
network capable of learning to regenerate various distributions
of continuous-valued, continuous-time paths. By generalizing the
data variability with internal stochasticity, the DN is found useful
for distinguishing time-varying, biomedical signals reliably. In
addition, the DN is a generalized form of the hidden Markov
model and the Kalman filter, both of which have been useful in
many applications. However, the continuous-time dynamics of the
DN are governed by stochastic differential equations, making the
DN unfavorable for execution in a digital computer. This paper
presents the translation of the DN into analog very large scale
integration (VLSI). By exploiting the natural differential cur-
rent-voltage relationship of capacitors, the stochastic differential
equations are computed by analog VLSI simultaneously in real
time. The stochasticity required by the DN in VLSI is induced
by a multi-channel noise generator on-chip, such that the DN
actually uses noise-induced stochastic dynamics to generate con-
tinuous paths. Moreover, log-domain representation is employed
to increase the dynamic range for diffusion processes, as well as
to facilitate the subthreshold operation for power reduction. As
subthreshold operation is prone to more nonlinear effects, the
biasing conditions and operation ranges that minimize the effects
are identified. Afterwards, a DN system-on-a-chip with four
stochastic units is fabricated with the 0.18 CMOS technology.
The measurement results reveal the DN in VLSI is able to regen-
erate a variety of continuous paths with noise-induced stochastic
dynamics in VLSI. Moreover, the practical utility of the DN system
is demonstrated in the context of recognizing electrocardiograms.
Index Terms—Analog VLSI implementation, Diffusion Net-

work, noise, stochastic dynamics.

I. INTRODUCTION

P ROBABILISTIC models are able to use stochasticity to
generalize the variability of data. This feature is particular

useful for robust classification of biomedical signals which
are inherently noisy and drifting. Therefore, implementing
probabilistic models in very large scale integration (VLSI) has
been attractive to low-power signal processing in biomedical
implants [1], [2]. For example, recognizing multi-channel
neural activity on-line is important for implantable brain-ma-
chine interfaces to avoid transmitting all data wirelessly, and to
control prosthetic devices in real time [3]–[5].
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Among various probabilistic models implemented in
VLSI [6]–[15], the continuous restricted Boltzmann machine
(CRBM) in VLSI uses noise to implement the stochastic units
of the CRBM, and the CRBM in VLSI is shown capable of
using noise-induced stochastic equilibriums to regenerate static
data distributions of various forms [15]. In addition, as noise
is used to represent the variability of data in the same cate-
gory, the CRBM is able to cluster or to classify data reliably
[16], [17]. These intriguing findings point towards the novel
concept of using noise for computation, which is especially
attractive for advanced VLSI technologies where noise grows
dramatically. However, the CRBM is not suitable for modelling
time-varying signals because each time-varying signal needs
to be represented as a static vector containing all the signal's
samples across time. The number of computing units required
for modelling the signal then grows in proportion to the number
of samples. Although a large CRBM network in VLSI can
be formed by interconnecting multiple CRBM chips in [18],
modeling time-varying signals with a large CRBM network is
prone to considerable power-and area-consumption.
The Diffusion Network (DN) is a stochastic recurrent neural

network, whose dynamics are governed by stochastic differen-
tial equations (SDEs). According to [19], the DN is equivalent
to a variant of the hidden Markov model, which possesses con-
tinuous-valued states and continuous-time dynamics. Basing on
theMonte-Carlo expectation-maximization (EM) algorithm, the
stochastic dynamics of the DN can be trained to regenerate var-
ious distributions of continuous-valued, continuous-time paths
[19]. As the continuous-time dynamics of one computing unit in
the DN is able to represent a one-dimensional path, a DN with
only two computing units is sufficient for regenerating a set of
one-dimensional paths. This feature makes the DN much more
favorable than the CRBM for modeling time-varying signals. In
addition, the DN also uses noise to represent the variability of
continuous paths in the same category. The DN is shown suit-
able for distinguishing noisy, continuous-time, biomedical sig-
nals reliably [20]. However, the speed of simulating stochastic
differential equations in a digital computer is inherently limited
by the serial processing and numerical iterations of the com-
puter. Translating the DN into analog circuits is thus of great
interests because all differential equations can be simulated si-
multaneously in real time by exploiting the natural, differential
current-voltage (I-V) relationship of capacitors [21].
The analog VLSI implementation of the DN is first proposed

in [22], in which the state of each stochastic unit is represented
as a voltage on a capacitor. The continuous-time, stochastic dy-
namics of the state are then generated by injecting noisy current
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inputs to the capacitor. However, the dynamic range of the state
is limited by the supply voltage. To alleviate this constraint, this
paper derives the log-domain translation of the DN algorithm
according to [23]. The translation allows the state of each sto-
chastic unit to be represented as a current in VLSI, so that the
DN in VLSI is able to generate stochastic dynamics power-effi-
ciently with a wide dynamic range. In addition, the stochasticity
required by each unit is induced by a noise generator. Therefore,
the VLSI implementation of the DN allows us to examine the
feasibility of using noise-induced stochastic dynamics for com-
putation. While preliminary simulation results are presented in
[24], this paper further investigates how nonideal characteris-
tics of VLSI circuits could impede the DN in VLSI from regen-
erating continuous paths correctly. The biasing conditions and
operation ranges for minimizing the nonideal effects are then
identified and implemented in our final VLSI design. A DN
system-on-a-chip with four stochastic units is fabricated with
the 0.18 CMOS technology. By measuring the function-
ality of the DN system, the feasibility of using noise-induced
stochastic dynamics to regenerate various distributions of con-
tinuous paths are verified and discussed.
Following the brief introduction to the DN in Section II, Sec-

tion III derives the log-domain representation of the DN, and
the corresponding VLSI implementation is described in Sec-
tion IV. Afterwards, Section V investigates the nonideal effects
of VLSI circuits and identifies the design guidelines for mini-
mizing these nonideal effects. Section VI then presents and dis-
cusses themeasurement results of using the DN system to regen-
erate different types of continuous paths. Finally, Section VII
concludes the contribution and future works.

II. THE DIFFUSION NETWORK

Fig. 1 shows the architecture of the DN, comprising con-
tinuous-time, continuous-valued stochastic units with fully con-
nections. The strength of the connections are defined by an
weight matrix for . Let denote the state
of the unit at time . The dynamics of during the in-
terval are governed by the following SDE.

(1)
where is a deterministic drift term given in (2), while
represents a one-dimensional Brownian motion with the noise
amplitude determined by the positive constant . The Brownian
motion introduces the stochasticity, enriching greatly the repre-
sentational capability of the DN [19].

(2)

In (2), defines the connection strength from unit to unit
. and represent the input capacitance and transmem-
brane resistance, respectively, of the unit. is the input
bias, and is the sigmoid function given as (3), where adapts
the slope of the sigmoid function. As shown by Fig. 1, the DN
contains both visible (white) and hidden (grey) stochastic units.
It is notable that, if is replaced by a linear function and the
connections from visible to all other neurons are removed, the
DN with is equivalent to a Kalman filter [25].

(3)

Fig. 1. The architecture of a Diffusion Network with two visible units in white
and two hidden units in grey.

Basing on the Monte-Carlo EM algorithm, the DN is able to
learn to regenerate at visible units a specific set of continuous
paths with a given probability distribution [19]. The number of
visible units, hence, equals the dimension of the training data
set, while the minimum number of hidden units required for
modelling the data satisfactorily is identified by experimental
trials. During training, visible units are clamped to the dynamics
of the training data. The corresponding dynamics of the hidden
units are then Monte-Carlo sampled to estimate the optimal
values for , so as to maximize the expectation of
the training data. After training, all units are given initial values
at , and then the dynamics of all units during
are sampled. The similarity between the training data and the
dynamics regenerated at visible units indicate how well the DN
models the data.
To employ a trained DN as a classifier, calculating the likeli-

hood of regenerating an unknown datum is the principlemethod.
However, the likelihood calculation is not hardware-friendly.
Instead, the deterministic dynamics of hidden units generated as
the datum is clamped to visible units are shown useful for data
identification [20]. This alternative is especially suitable for the
DN in VLSI to recognize data in real time, and will be demon-
strated in Section VI-E.

III. LOG-DOMAIN TRANSLATION INTO VLSI

A. Log-Domain Translation
To maximize the dynamic ranges for diffusion processes in

VLSI, the stochastic state is represented as a current and
then logarithmically-compressed into a voltage in VLSI
[24]. The logarithmic compression allows to change over
several decades within a limited voltage range for . On the
other hand, the voltage representation facilitates the ex-
ploitation of the nature, differential (I-V) relationship of a ca-
pacitor to simulate SDEs in real time and in parallel.
The logarithmic relationship between and is real-

ized by the exponential I-V characteristics ofMOS transistors in
subthreshold operation. To maintain a non-negative cur-
rent in VLSI, an offset is added to result in

(4)

where and are process-dependent constants. Substituting
(4) into (1) then gives

(5)

where equals . Fig. 2 illustrates the block diagram
for implementing (5) in VLSI. is a capacitor and the
voltage across the capacitor. Each term on the right hand side of
(5) then corresponds to a current charging or discharging .
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Fig. 2. The block diagram of a stochastic unit of the DN in VLSI.

TABLE I
THE PARAMETER MAPPINGS BETWEEN NUMERICAL SIMULATION AND VLSI

IMPLEMENTATION

The EXP-element in Fig. 2 produces an output current of
, where and stand for

the input current and the differential input voltage, respectively.
Therefore, the first term in (5), , is implemented by a
constant current source, while the other three terms by the EXP-
elements. Finally, the sigmoid circuit converts into ,
and the multipliers output a total current proportional to

.

B. Parameter Mappings
By extensive simulation, the dynamic ranges of parameters

and their mappings from numerical simulation into VLSI im-
plementation are identified and summarized in Table I [24]. The
unit values give the current or voltage level corresponding to 1
in numerical simulation. The unit currents of , , and
are defined as 10 nA to match the current scale of subthreshold
operation, as well as to reduce the power consumption. While
the diffusion process in (1) is iterated with in nu-
merical simulation, is set to be 5 in VLSI, corresponding
to a reasonable sampling rate of 200 kHz at which most instru-
ments can sample multiple channels (units) simultaneously. Fi-
nally, the unit capacitance for is calculated as

, equaling 1 pF and resulting in
.

IV. CIRCUIT IMPLEMENTATION

A. The EXP-Element
Fig. 3(a) shows the schematics of the EXP-element. With M1

and M2 operated in the subthreshold region, the output current
is given as

(6)

where denotes the thermal voltage and the gate-coupling
coefficient. Transistors M3–M5 form an active biasing circuit,
allowing to change over several decades. Comparing (6)

Fig. 3. (a) The schematics and (b) the block diagram of the EXP-element.

Fig. 4. (a) The schematics of the one-quadrant multiplier. (b) The block dia-
gram of the four-quadrant multiplier consisting of the circuit in (a).

with (4) reveals that . However, actually varies
with the current level of M2. To prevent the variable from
introducing simulation errors, all EXP-elements of the DN unit
are biased with a constant . of each element is
then re-scaled by the one-quadrant current multiplier in Fig. 4(a)
to produce (Fig. 3(b)). represents
the current input to each element in Fig. 2 (e.g., or )
[26].

B. Current Multipliers
Four-quadrant multipliers basing on translinear loops are em-

ployed to calculate in (5). Both and are
represented by differential currents as

(7)

Let the differential current represent the mul-
tiplier's output and a unit current. Equation (8) indicates
that the four-quadrant multiplication can be composed of four
one-quadrant multipliers in Fig. 4(a), as illustrated by Fig. 4(b).

(8)

C. Sigmoid Function
Fig. 5 shows the block diagram for implementing the sig-

moid function in (3). The current representing is firstly
converted into a voltage by the operational amplifier (OPA)
with the voltage-controlled active resistor (VCR) proposed in
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Fig. 5. The block diagram of the sigmoid circuit.

Fig. 6. The circuit diagram of the single-to-differential current conveyor.

[27]. is then sent to an operational transconductance ampli-
fier (OTA) in subthreshold operation, producing an output cur-
rent of

(9)

Since and is the resistance of the VCR,
the voltage controls and thus the slope of the sigmoid
function. Finally, the 2nd generation current conveyor (CCII) in
Fig. 6 converts the current into a pair of differential currents
( , ) ranging between 400 nA and 400 nA [28]. The
differential currents are then duplicated for the inputs of four-
quadrant multipliers of all DN units.

D. The Noise Generator

The noise generator proposed in [29] is employed to produce
multi-channel, uncorrelated noise for DN units. Fig. 7 shows the
switch-capacitor circuit and its control signals that performs the
following MASH quantization

if
if (10)

By cascading four identical circuits in a ring topology, four
channels of nearly-uncorrelated noise with uniform distribution
over are generated. The amplitude of is then reduced
to around 100 mV by C3–C4 for the differential pair, which
steers 70 nA of noise current into the EXP-element in accor-
dancewith Fig. 2. It is notable that, although the original DN for-
mula in (1) incorporates Gaussian noise, the main utility of noise
is representing data variability. Therefore, different noise distri-
butions could only cause the DN to regenerate slightly different
data distributions. To keep the circuit simple, the uniformly-dis-
tributed noise is used directly in VLSI.

Fig. 7. The schematics of the noise unit and its corresponding timing.

V. CIRCUIT NONIDEALITIES

Although the circuits described in Section IV realizes the
log-domain translation of the DN, the SPICE simulation in [24]
reveals that the dynamics generated by the circuits could deviate
from those in ideal numerical simulation. The main reason is be-
cause the subthreshold parameter in (6) is dependent on the
biasing condition of a transistor. As corresponds directly to
in the exponential terms in (5), the errors induced by could

easily drive the circuit dynamics to deviate from ideal ones. The
deviation could even grow dramatically if the errors are accu-
mulated during the recurrent regeneration of dynamics.
To minimize the nonideal effect in real circuits, this section

first investigates the nonlinear dependence of on the biasing
conditions of a transistor. How the nonlinearity affects the pre-
cision of the circuits described in Section IV is then evaluated
quantitatively. Subsequently, a macromodel of the log-domain
DN in VLSI is built for behavioral simulation in SPICE. By
replacing individual circuit blocks one at a time with its tran-
sistor-level circuit, the circuit affecting dynamics most is iden-
tified. Finally, the biasing conditions of transistors and the dy-
namic ranges of component circuits are selected to minimize
these nonideal effects.

A. The Nonlinear Variability of

The drain current of a subthreshold MOS in saturation is
given as

(11)

where is a technology-dependent constant and denotes the
ratio of the transistor. The drain current of M2 in the EXP-

element (Fig. 3(a)) is simulated in SPICE by sweeping the gate-
to-source voltage under different drain-to-source volt-
ages . The effective is then calculated according to (12)
and illustrated in Fig. 8.

(12)

Fig. 8 reveals that is nearly independent of when is
greater than 0.3 V. To reduce the variability of , all transistors
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Fig. 8. The kappa simulation of a subthreshold MOS versus with respect
to different .

in subthreshold operation are biased in the region circled by the
red dashed line in Fig. 8.

B. The EXP Element

As still depends on , the effective implemented by
an EXP-element circuit actually varies with its input voltage.
According to (6), the effective is expressed as

(13)

With fixed to 0.75 V, the output current of the EXP-element
circuit is simulated for different . Fig. 9(a) compares the sim-
ulated current with the ideal current derived from (4) with

. The relative error and are shown in Fig. 9(b). The
output current is greater than the ideal value when .
This is because becomes greater than 30 in this operation
region. The increase of can be reasoned from the fact that
M1 and M2 with different have different . Let the drain
currents of M1 and M2 be written as

(14)

(15)

Dividing (15) by (14) gives

(16)

is constant because is constant in this simulation. So
merely depends on . According to Fig. 8, decreasing

causes and to increase. Moreover, since the drain of
M2 is connected to a folded-cascode current mirror, of M2
increases significantly when the current of M2 reduces with .
The channel-length modulation effect of M2 further augments

and , as indicated by (13).

C. Current Multiplier

The simulation of the one-quadrant multiplier in Fig. 4(a) in-
dicates that the channel-length-modulation effect encountered
by M4 and the variability of could cause output current to in-
crease. To minimize the channel-length modulation effect and
the variability, transistors M1–M4 are designed to have long
channel lengths and operated in the region circled by the red
curves in Fig. 8. Fig. 10(a) compares the simulated and ideal cur-
rents of a four-quadrant multiplier, and the corresponding errors
are displayed by Fig. 10(b). Although the simulated currents are

Fig. 9. The nonidealities simulation of the EXP element. (a) The output current
deviation. (b) The relative error and effective .

Fig. 10. The nonidealities simulation of the four-quadrant multiplier. (a) The
output current deviation. (b) The relative error.

greater than the ideal values for most dynamic ranges, the max-
imum error is below 4%.

D. Sigmoid Circuit

The transfer curves of the sigmoid circuit in Fig. 5 are sim-
ulated and compared with those of the ideal sigmoid function,
as illustrated by Fig. 11(a). The corresponding errors are shown
in Fig. 11(b). The error mainly results from the fact that the dif-
ferential-input transistors of the OTA in Fig. 5 have different
whenever . The more differs from , the larger
difference in is induced. This explains why the largest error
occurs around the bending corners of the sigmoid curves, where
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Fig. 11. The nonidealities simulation of the sigmoid function . (a) The output
current deviation. (b) The relative error.

differs from significantly but has not driven the sig-
moid output to its maximum or minimum. Beyond the bending
corners, the output current of the OTA reaches its maximum or
minimum. As long as the maximum or minimum current com-
plies with mapping defined in Table I, the errors are small, as
revealed by Fig. 11(b).

E. Ideal Macromodels of Component Circuits
To investigate how the nonidealities of individual circuits af-

fect the dynamics of a DN in VLSI, the ideal, behavioral macro-
model of all component circuits are built for HSPICE simula-
tion. The macromodels allow us to simulate the dynamics of an
ideal DN system in VLSI without circuit nonidealities. By re-
placing one component at a time with its transistor-level circuit
in HSPICE, how the nonidealities of this component circuit af-
fect the system dynamics is revealed. As all the building blocks
in Fig. 2 generate current outputs, their macromodels are de-
scribed as Behavioral Current Sources (BCS) as follows
1) The EXP element:

Each EXP element sinks a current exponentially propor-
tional to its differential input voltage. With and

, the macromodel of the EXP element is de-
scribed as

2) The current multiplier:
As each one-quadrant multiplier generates an output cur-
rent of , the correspondingmodel is described
as

where , , and are the ideal voltage sources that con-
duct the input currents , , and , respectively. The
four-quadrant multipliers are further built by assembling
four one-quadrant multipliers.

Fig. 12. The impact on the regenerated sinusoidal dynamics by the nonideali-
ties of different component circuits.

3) The sigmoid function :
The sigmoid function produces a hyperbolic tangent output
according to (3) Therefore, the behavioral model of the
sigmoid circuit in Fig. 5 is described as

where represents the ideal voltage source that conducts
the input current of the sigmoid circuit.

F. Nonideal Effects on System Dynamics
To obviate how circuit nonidealities affect the dynamics gen-

erated by a DN in VLSI, the task of regenerating a sinusoidal
signal with a DN containing one visible and one hidden neu-
rons is simulated. As the current multipliers are replaced by real
circuits, the sinusoidal signal regenerated by the DN is shown
by the blue curve in Fig. 12. It agrees with the black dashed
curve generated with ideal macromodels. Therefore, the nonide-
alities of the currentmultipliers do not disturb the dynamics seri-
ously. Themain reason is that the inputs of all multipliers,
and , are confined within [ 200 nA 200 nA]. According to
Fig. 10(b), the relative errors are kept below 2%, such that the
dynamics are hardly affected. As the sigmoid circuits are re-
placed by real circuits, the sinusoidal signal regenerated by the
DN is shown by the red curve in Fig. 12. Real sigmoid circuits
also have negligible effect on the dynamics because the errors
of real circuits are below 2% for most of the dynamic range
(Fig. 11(b)). Finally, as real EXP-element circuits are substi-
tuted for their macromodels, the sinusoidal signal regenerated
by the DN is shown by the grey dashed curve in Fig. 12. The re-
generated signal has not only an attenuating amplitude but also
an increasing phase delay with respect to the ideal signal. This
is mainly attributed to the fact that of the EXP-element
circuit becomes greater than 30, the ideal value, for more than
half of the dynamic range. As indicated by (5), the dynamics of

are driven by current components proportional to .
Large causes the real currents to be smaller than their ideal
values, such that the amplitude and the phase of the sinusoidal
signal generated on is attenuated and delayed.
The simulation results above reveal that the nonidealities of

the EXP-element circuit affect the dynamics of a DN system
more significantly. To minimize the nonideal effect, the nom-
inal biasing for is set to be 0.82 V and transistors M1 and
M2 in the EXP-element circuits are operated within the region
indicated by the red dashed circle in Fig. 8. This choice of bi-
asing and operating conditions allow to stay as close to 30
as possible.
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Fig. 13. (a) The chip micro-photograph. 1. Capacitor 2. Neuron 3. Synapse
4. Noise generator 5. Testkeys. (b) The measurement setup. 1. The Diffusion
Network chip 2. Potentiastats for setting initial conditions 3–4. Potentiastats for
setting parameters , , and 5. Potentiastats for setting weights and
reference voltagles/currents 6. Connections to the oscilloscope for measuring
neurons' dynamics.

TABLE II
THE SPECIFICATION OF THE DN SYSTEM IN VLSI

Fig. 14. The circuits for clamping the initial condition of DN units and the
current buffer for measuring dynamics.

VI. EXPERIMENTAL RESULTS

A. The Full System
The DN system consisting of four stochastic units is fab-

ricated with the CMOS 0.18 technology provided by the
Taiwan Semiconductor Manufacturing Company (TSMC).
Fig. 13 shows the chip layout and the measurement setup.
The system specification is summarized in Table II. The total
power dissipation is 948 , and the total area of the core
circuit is 1.2 . Testkeys of the component circuits (e.g., the
EXP-element) are also included to characterize their dynamic
range and linearity. As shown by Fig. 14, the initial condition
on each is determined by an external resistor and set
through an NMOS switch. The dynamics of each (i.e., the
current of M2) are amplified by 800 times and converted into a
voltage by an external 10 resistor to ease measurement with
an oscilloscope.

B. Measurement of Component Circuits
Fig. 15 shows the measured characteristics of the EXP-ele-

ment circuit. As varies from 750 mV to 840 mV, the output

Fig. 15. The DC measurement of an EXP-element. The error-bars indicate the
standard deviations measured across four samples.

Fig. 16. The measured characteristics of the sigmoid circuit. The error-bars
indicate the standard deviations (STD) measured across four samples.

Fig. 17. The measured characteristics of the four quadrant multiplier with
. The error-bars indicate the STDs across four samples.

current increases from 9.7 nA to 140 nA. The log-scale plot re-
veals clearly that the EXP-element possesses satisfactory ex-
ponential relationship over the desired dynamic range of .
Fig. 16 shows the measured characteristics of the sigmoid cir-
cuit with various . adapts the sigmoid slope effectively,
and themapping between and the parameter in (3) is further
derived and shown by the inset. Moreover, Fig. 17 shows the
measured characteristics of the four-quadrant multiplier. Obvi-
ously, the multiplier has satisfactory linearity and precision over
the dynamic ranges of and .
The error bars in Fig. 15–Fig. 17 further reveal the process

variations measured across four chips (samples) for each circuit.
The mean standard deviations normalized with respect to output
currents are 7.2% for the EXP-element circuit, 4.8% for the sig-
moid circuit, and 1.86% for the multiplier. The EXP-element
circuit exhibits largest variation because is process-
dependent and its variation is amplified by the exponential rela-
tionship in (6). Similarly, the output current of the sigmoid cir-
cuit also depends on exponentially in (9), so that the sigmoid
circuit exhibits larger variation than the multiplier. Although the
process variations are non-negligible, the error values are com-
parable to those discussed in Section V. Therefore, it is expected
that only the process variation of the EXP-element circuit would
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Fig. 18. The desired sinusoidal path (dotted curve) and 10 dynamics regener-
ated by the DN system (blue curves).

Fig. 19. The desired bifurcating paths (dotted curves) and the dynamics regen-
erated by the DN system in 12 experimental trials (blue curves).

affect the dynamics of the DN system significantly. On the other
hand, as the DN system computes with and transmit signals as
currents, careful layout design has been adopted to achieve a
mismatch error smaller than 1.5% for current mirrors (data not
shown). Assume the variation across neighboring circuits on the
same chip is much smaller than that across different chips. The
effect of process variations can be reduced significantly.

C. Regenerating 1D Stochastic Dynamics
A DN with one visible and one hidden units was first trained

to model the sinusoidal wave (the dotted curve in Fig. 18) in
MATLAB. The parameter values obtained from numerical sim-
ulation were then programmed into the DN system according to
Table I. (The same procedure was applied to program the DN
system to model different data in the following experiments.)
The stochastic dynamics regenerated by the visible unit of the
DN system were shown by the blue curves in Fig. 18. Each
curve corresponded to the measured dynamics in one experi-
mental trial, and the noise made the dynamics different from
one to another. Nevertheless, the amplitude and the frequency
agreed with the training data after the first two sinusoid cycles.
This indicated that the circuit realized the mapping in Table I
faithfully.
To demonstrate the noise-enhanced representational capa-

bility, the DN system was further programmed to regenerate
the bifurcating dynamics shown by the dotted curves in Fig. 19.
The blue curves in Fig. 19 showed the measured dynamics of
the visible unit. Even with an identical initial condition, the
dynamics were disturbed by noise and converged into one of
the four equilibriums after 0.8 ms. The agreement between the
training data and the regenerated dynamics demonstrated that
the noise-induced stochastic dynamics were well-controlled to
regenerate the four bifurcating curves simultaneously.
Both Fig. 18 and Fig. 19 reveal that the dynamics regener-

ated by the DN system do not follow the training data well

Fig. 20. The dynamics regenerated by the DN system in 10 experimental trials
(blue curves), as it was programmed to model: (a) the hand written (the dotted
curve); (b) the spiral curve (the dotted curve).

in the beginning. This phenomenon is attributed to the clock-
feedthrough errors introduced to by the initialization cir-
cuit. An error of a few millivolts can cause the initial dynamics
to be very different because grows exponentially with .
Nevertheless, the dynamics are brought back to the modelled
paths within 0.5 ms.

D. Regenerating 2D Stochastic Dynamics
The DN system with two visible units were programmed to

regenerate the handwritten (the dotted curve) in Fig. 20(a).
With of both visible units initialized to 760 mV, the regen-
erated dynamics in 10 experimental trials were shown by the
blue curves. The variation among the regenerated dynamics was
attributed to the noise of the DN system. The DN system was
also able to regenerate spiral curves, as shown by Fig. 20(b). The
similarity between the regenerated data and the training data fur-
ther demonstrated the DN's ability to model two-dimensional
paths satisfactorily.

E. Signal Identification
In addition to regenerating different types of signals, the

utility of the DN system in identifying biomedical signals was
examined. The DN with one visible and one hidden units was
first trained in MATLAB to model the QRS segments of 10
normal electrocardiograms (ECGs). The training data were
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Fig. 21. The dynamics regenerated by the DN system in 10 experimental trials
(blue curves). The inset shows the magnification of the grey window as well as
the training data (the dotted curves).

extracted from a 30-minute long recording in the MIT-BIH
database (dotted curves in Fig. 21). The trained parameters
were obtained as

(17)

(18)

With the parameter values programmed onto the DN system,
the dynamics regenerated by the DN in 10 trials were shown
by the blue curves in Fig. 21. The inset revealed that the re-
generated dynamics agree with the training data. The prolonged
dynamics had their amplitudes attenuated towards zero within
0.8 ms. This phenomenon indicated that, although the QRS seg-
ments looked like sinusoidal signals, the modelled dynamics
differ significantly from those in Fig. 18.
To test the DN's ability to identify signals, a testing dataset

containing the QRS segments of 10 normal and 10 abnormal
ECGs was used (the insets of Fig. 22). With the noise of the DN
system turned off, the dynamics of visible unit were clamped
to each testing datum, and the corresponding dynamics of the
hidden neuron were measured and plotted in Fig. 22. For normal
ECGs, the dynamics (blue curves) looked like sinusoidal waves
with exponential decay towards the minimum output, while for
abnormal ECGs, the dynamics (red curves) saturated to themax-
imum output within 0.1 ms. This significant difference allowed
abnormal ECGs to be identified reliably with a simple threshold
detector, and the detection can be done at the early onset of
ECGs, i.e., before 0.1 ms. The reliability came from the fact that
the DN used noise to generalize data variability, such that the
connection weight could represent the key features of normal
ECGs effectively. Even though the normal and abnormal ECGs
had similar waveforms, the recurrent architecture accumulated
the difference and resulted in dramatically different dynamics
for the hidden neuron. Turning off the noise further allows the
DN system to generate nearly the same dynamics “determinis-
tically” for the same type of ECGs. Nevertheless, it is notable
that real ECGs exhibit a much greater variety of waveforms than
those in Fig. 22. This experiment only demonstrates the utility
of the DN system, while a larger DN network will be essential
for modelling more complex waveforms.

F. Discussion
The DN system is shown capable of exploiting noise-induced

stochastic dynamics to regenerate a variety of continuous paths.
Table III summarizes the mean correlation coefficients (CCs)

Fig. 22. The dynamics regenerated at the hidden unit as the visible unit was
clamped to the testing data shown in the insets.

TABLE III
THE CORRELATION COEF. BETWEEN DESIRED AND REGENERATED PATHS

between desired and regenerated paths. For the sinusoidal
signal, the CC is increased to 0.72 if the first sinusoidal cycle
is not taken into account. This is because, given zero initial
values, it takes time for the regenerated dynamics to catch up
with the desired sinusoidal curve (Fig. 18). The same reason
explains why the regenerated paths in Fig. 19 do not reproduce
the second break points at . Instead of regenerating
the triangular ramps of the 2nd and 3rd bifurcating curves, the
DN simply regenerates paths that have the same equilibrium
values as the two bifurcating curves. Therefore, the mean CC
for the 2nd and 3rd curves is increased to 0.89 if the first 0.1 ms
is not taken into account. For the 2D dynamics, the spiral curve
is regenerated better than the hand-written because the former
increases gradually from small initial values. The comparison
implies that increasing the number of hidden units helps to
improve the representational ability of the DN system. For
example, a DN with five hidden neurons is able to model the
difference between hand-written and [20]. Certainly, careful
design will be crucial to avoid process variations (observed in
Section VI-B) from distorting the dynamics regenerated by a
large DN network.

VII. CONCLUSION
The Diffusion Network is translated into log domain and

implemented as a stochastic system in analog VLSI. The
stochasticity comes from the injection of noise into the VLSI
system. The log-domain translation further allows the diffusion
processes to be simulated power-efficiently with sufficient
dynamic ranges. More importantly, the measurement results
demonstrates for the first time that noise-induced stochastic
dynamics is useful for regenerating a variety of continuous
paths. This not only relies on a good definition of the parameter
mapping in Table I, but also requires careful consideration of
circuit nonidealities in Section V. Based on the DN algorithm,
the intriguing utility of noise-induced stochastic dynamics is
illustrated as generalizing the variability of ECGs, so that the
DN system is able to distinguish ECG signals reliably. These
promising results shed the light on the potential of using noise
for computation in advanced VLSI technologies. In addition,
the DN system exemplifies the advantage of analog VLSI for
solving stochastic differential equations in parallel and in real
time. Many stochastic dynamic systems (e.g., the brain) could
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be simulated more efficiently with dedicated analog VLSI in a
similar way.
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