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An Adaptable Continuous Restricted Boltzmann
Machine in VLSI for Fusing the Sensory

Data of an Electronic Nose
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Abstract— An embedded system capable of fusing sensory data
is demanded for many portable or implantable microsystems.
The continuous restricted Boltzmann machine (CRBM) is a
probabilistic neural network not only capable of classifying data
reliably but also amenable to very-large-scale-integration (VLSI)
implementation. Although the embedded system based on the
CRBM has been demonstrated with analog VLSI, the precision
required by the learning algorithm is hardly achievable with
analog circuits. Therefore, this paper investigates the feasibility
of realizing the CRBM as a digital embedded system for fusing
the sensory data of an electronic nose (eNose). The fusion here
refers to data clustering and dimensional reduction that facilitates
reliable classification. The capability of the CRBM to model
different types of eNose data is first examined by MATLAB
simulation. Afterward, the CRBM algorithm is customdesigned
as a digital embedded system within an eNose microsystem. The
functionality of the embedded CRBM system is then tested and
discussed. With on-chip learning ability, the CRBM-embedded
eNose is able to adapt its parameters in response to new data
inputs or environmental changes.

Index Terms— Boltzmann machine, electronic nose (eNose),
on-chip learning, probabilistic neural network, sensor fusion.

I. INTRODUCTION

THE electronic nose (eNose) mimicking the mammalian
olfactory system has been found useful in many

applications, including food safety [1]–[3], environmental
protection [4], [5], and disease diagnosis [6]–[10]. To detect
a large variety of odors, an eNose normally contains a sensor
array whose diversity rather than specificity is optimized.
Different types of sensors can respond to the same odorant
but with different extents. As a result, the eNose responds to
each odor with a specific response pattern called the odor’s
fingerprint. Different types of odors are then distinguished
according to their fingerprints. However, the real environment
contains multiple odors, some of which even interact with each
other. These cause the sensory responses of an eNose to exhibit
high variability, and the responses to different odors usually
overlap with each other [12]. This could be challenging for
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deterministic classifiers such as those in [13]–[15] to clas-
sify the sensory responses with 100% accuracy. In addition,
following the development of portable eNose microsystems,
realizing the classification algorithm as an embedded system is
demanded for real-time monitoring of environments or in situ
diagnosis of diseases [16], [17]. Following these demands, the
ability to extract the features of sensory data and to learn new
data online becomes crucial for an eNose.

Probabilistic models are able to use stochasticity to gener-
alize the natural variability of data within the same class, so
as to extract data features or to classify data without being
affected by the variability too much [18]–[21]. However, only
a few probabilistic models are amenable to very-large-scale-
integration (VLSI) implementation. Although VLSI designs
of Boltzmann machines and Bayesian networks have been
demonstrated in [22]–[28], these designs rely on precise
analog computation, which becomes infeasible as transistor
mismatches and nonlinearity grow in advanced technologies.
The digital implementation of Bayesian networks is demon-
strated in [29] with the field-programmable gate array, but the
power consumption is relatively high (>200 mW), making
it unsuitable for an embedded system. Instead, the continu-
ous restricted Boltzmann machine (CRBM) is a probabilistic
neural network that has been shown capable of classifying
biomedical data reliably [21]. Analog VLSI implementation
of the CRBM is also demonstrated in [32]–[34], exploiting
noise-induced stochasticity to model data distributions. The
noise causes analog circuits to exhibit probabilistic behavior,
enhancing the robustness against external interferences and
computational errors [35]. However, the learning algorithm
of the CRBM still requires precise computation for training
parameters optimally [32], [33]. The required precision
(12-b resolution) demands either sophisticate analog design
with calibration circuits [36] or customized digital design
with a large overhead of analog-to-digital conversion. This
makes analog design lose its general advantages of power and
area. In addition, transmitting analog signals precisely in a
large-scale neural network is threatened by the reduced
signal-to-noise ratio in advanced technologies.

This paper investigates the feasibility of realizing the
CRBM as a low-power embedded system by an application-
specific digital design. The digital CRBM (dCRBM) system
is inherently immune to transistor mismatches and noise
interferences, preserving satisfactory precision for training
the dCRBM on-chip. In addition, digital implementation
facilitates adapting and storing all CRBM parameters in

2162-237X © 2016 IEEE. Personal use is permitted, but republication/redistribution requires IEEE permission.
See http://www.ieee.org/publications_standards/publications/rights/index.html for more information.



IE
EE

Pr
oo

f

2 IEEE TRANSACTIONS ON NEURAL NETWORKS AND LEARNING SYSTEMS

Fig. 1. (a) CRBM network with visible (white region) and hid-
den (gray region) neurons. (b) Diagram illustrating multistep Gibbs sampling.

digital memory directly. The training circuit no longer requires
analog-to-digital conversion of CRBM neurons’ states.
Moreover, the digital design can be transferred to advanced
technologies directly and easily. The dCRBM system has been
designed and fabricated with the 0.18-μm CMOS technology
provided by the Taiwan Semiconductor Manufacturer
Company, Ltd (TSMC). It functions as an embedded system
for clustering the sensory signals of an eNose and reducing
the data dimension. The on-chip learning ability of the
dCRBM system further enables the eNose to learn new data
distribution online.

Following an introduction to the CRBM algorithm, the
CRBM’s ability to model different types of eNose data is
examined by numerical simulation in Section III. The design
and measurement results of the dCRBM system are then
presented in Sections IV and V, respectively. Section VI
discusses the hardware limitations by comparing the measure-
ment with simulation results. Finally, the conclusion is drawn
in Section VII.

II. CONTINUOUS RESTRICTED BOLTZMANN MACHINE

The CRBM consists of one visible and one hidden layers
of stochastic neurons, as shown in Fig. 1. The neurons only
have interlayer, bidirectional connections. v0 and h0 represent
biasing neurons whose states always equal to 1. Let vi rep-
resent the state of the i th visible neuron and h j represent
the state of the j th hidden neuron. The restricted connection
allows neurons in the same layer to be conditionally inde-
pendent of each other given the states of neurons in the other
layer. Therefore, given {vi }, the states of hidden neurons {h j }
are sampled according to

h j = ϕ

(∑
i

wi j · vi + G j (σ, 0)

)
(1)

with

ϕ(x) = −1 + 2

1 + e−a j x (2)

where wij represents the weight connection between neuron i
and neuron j , G j a zero-mean Gaussian noise with
variance σ 2, and ϕ a logistic function.

The sampling process refers to randomly selecting a value
from the Gaussian distributed N j and substituting the value
into (1) to derive h j . The parameter a j controls the slope of
the logistic function. Given the sampled hidden state h = {h j },
the visible state v = {vi } can be resampled according to (1)
with vi and h j substituted for each other. The sampling process
is called Gibbs sampling. Assume visible and hidden states

are sampled alternatively for n times and let vn and hn denote
the nth sample of visible and hidden states, respectively. The
stochastic equilibrium of the CRBM exists, such that, as
n approaches infinite, vn becomes independent of v0, and the
distribution of vt over all times t < n is stationary. In other
words, an equilibrium probability distribution can be defined
for v∞.

As a generative model, the CRBM learns to regenerate the
distribution of training data as the equilibrium probability
distribution of v∞. Therefore, the number of visible neurons
equals to the dimension of the data to be modeled, while
the number of hidden neurons is chosen according to data
complexity. How the number of hidden neurons and the
noise variance σ 2 affect the performance of the CRBM is
detailed in [21].

During training, each training datum is set as the initial state
of visible neurons, v0. The corresponding hidden state, h0,
is then sampled. By sampling visible and hidden neurons
for one more step to get v1 and h1, the update values for
all parameters are calculated according to the minimizing-
contrastive-divergence (MCD) rules as [21]

�wij = ηw · (〈
v0

i · h0
j

〉
m − 〈

v1
i · h1

j

〉
m

)
�ai = ηa · (〈(v0

i

)2〉
m − 〈(

v1
i

)2〉
m

)
�a j = ηa · (〈(h0

j

)2〉
m − 〈(

h1
j

)2〉
m

)
(3)

where ηw and ηa are the learning rates. 〈·〉m denotes the
expectation over m training data points. To reduce the area
of hardware implementation, m = 4 is proved to be sufficient
for modeling the data of our interests [37]. The success of
learning depends very much on the precision of computing the
contrastive divergence in (3) rather than on the exact values
of ηw and ηa [32], [33]. The precision determines whether the
parameters are updated in correct directions. Given sufficient
precision, (3) can be further simplified by taking the sign of
the MCD terms to ease hardware implementation. As long as
ηw and ηa are small enough with correct updating directions,
the learning is able to converge [33].

After training, the data distribution learned by the CRBM
can be examined by initializing visible states with random
values and then sampling hidden and visible states alter-
natively for N steps [22]. The sampled vN is called the
N-step reconstruction, whose distribution approximates the
equilibrium distribution when N is large (normally N > 10
is sufficient for the data of our interests [21]). Therefore, the
similarity between the N-step reconstruction and the training
data indicates how well the data are modeled. Given the
CRBM models a data set satisfactorily, different types of
data could be classified according to the responses of hidden
neurons [21]. To demonstrate how the CRBM operates and to
verify its capability of modeling the sensory data of an eNose,
Section III presents and discusses the MATLAB simulation of
using the CRBM to model different eNose data.

III. LEARNING TO CLUSTER SENSORY DATA OF AN eNOSE

A. Fake-Whiskey Experiment

An eNose with eight sensors [38] was exposed to three
types of odors: 1) pure (100%) whiskey; 2) the mixture
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Fig. 2. (a) Recorded resistance changes of eight sensors exposed to whiskey
during t = 20 s to t = 80 s. (b) Radar plot of the raw sensory responses
of an eNose exposed to three types of mixtures of whiskey and methanol.
(c) 15-step reconstruction of 500 samples generated by the trained CRBM.

of 50% whiskey and 50% methanol; and 3) pure (100%)
methanol. Fig. 2(a) shows one representative measurement
of the sensory responses of the eNose to the whiskey odor.
The equilibrium values of the resistance changes are sampled
(at t = 60 s) as one experimental datum. The response to
each odor was measured for 30 times and plotted together
in Fig. 2(b). One third of the raw data (ten responses for each
odor) were used as the training data. With ηw = ηa = 0.5
and σ = 0.25, the CRBM with eight visible and three hidden
neurons was trained for 10 000 epochs.

Fig. 3 shows the learning trajectories of {a j } of hidden
neurons and the weights {wij } connected between visible
and hidden neurons. Most parameters no longer have
significant updates after 8000 epochs, indicating the training
has reached equilibrium. The trained CRBM regenerates the
15-step reconstruction shown in Fig. 2(c). The similarity
between Fig. 2(b) and (c) indicates that the CRBM has learned
the distribution underlying the training data. According to [21],
the weight vectors connecting to individual hidden neurons
normally encode the feature vectors of the data distribution.
Therefore, the response of the three hidden neurons to each
raw datum d = {di } is calculated by (4) and shown in Fig. 4(a)

h j = ϕ(w( j ) · d) (4)

where w( j ) denotes the weight vector connected to the hidden
neuron h j (e.g., w(2) = {wi2} for the neuron h2 in Fig. 1).
Equation (4) actually shows the raw data to the state space of
hidden neurons, and it is notable that the Gaussian noise in (1)
is omitted for the projection. Fig. 4(a) shows the projection

Fig. 3. Trajectories of (a) {a j } of all neurons and (b) all {wi j } connected
between eight visible and three hidden neurons. {wi1}, {wi2}, and {wi3} are
the connections between all visible neurons and H1, H2, and H3, respectively.

Fig. 4. (a) Projection of the raw data into the state space of the hidden
neurons of the trained CRBM. (b) Projection of the raw data to their first
three principle components.

that contains three clearly separated clusters, corresponding
to the three types of raw data. To evaluate how well data
are clustered, the Fisher index (FI) (Appendix I) is com-
puted for both raw data and the hidden-space projection.
A smaller FI indicates a smaller within-class variance and
a larger between-class separation. While the FI of the raw
data is 0.0699, the FI of the CRBM projection in Fig. 4(a)
is reduced to 0.0166. Therefore, the CRBM is capable of
clustering the sensory data and reducing the dimensionality.
This promising result is attributed to the fact that the CRBM
uses noise to model the data variability within the same
class [21]. For example, the large variance of the second and
third sensory responses [Fig. 2(b)] is learned and regenerated
by the CRBM with larger a j for v2 and v3. The logistic
functions with a steeper slope allow the neurons to use their
noise rather than weighted inputs to regenerate the variability
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of data within the same class. As the noise is removed in (4),
data of the same type are inherently clustered to the same
region in the hidden space. In other words, the hidden-space
projection inherently exhibits less within-class variability.

For comparison, Fig. 4(b) shows the projection of the
raw data to their first three principle components obtained
by the principal component analysis (PCA). Although the
PCA has been used for feature extraction in an eNose or
other biomedical applications [39], [40], the PCA does not
guarantee to improve data clustering. Therefore, the FI of the
PCA projection is only slightly smaller than that of raw data.

B. Pneumonia Detection

The eNose with the embedded CRBM is designed to detect
pneumonia infection for patients in an intensive care center.
Therefore, the CRBM’s ability to model the sensory responses
to the exhalations of healthy and infected subjects is examined.

The clinical experiment with ventilation-associated pneu-
monia patients was approved by institutional review board
of Taipei Medical University, Taiwan. The sampled gas was
collected through the tube at the proximal end of the expiratory
device by using a bypass approach. To ensure safety, the
sampling time was restricted to 10 s. The sensory responses of
an eNose exposed to the gas exhaled by 15 pneumonia-infected
and 20 normal subjects were collected and shown in Fig. 5(a).
Two normal responses (red curves) overlapped with the
infected responses (blue curves), making the two types of data
not linearly separable. This was also indicated by the linear-
discriminant-analysis (LDA) result in Fig. 5(c). The projection
of all raw data to the discriminant axis identified by LDA still
exhibited overlapping between two data types.

With ηw = ηa = 0.15 and σ = 0.2, the CRBM with eight
visible and three hidden neurons is trained on the sensory
data for 2000 epochs. After training, the CRBM regenerates
100 data by the 15-step reconstruction shown in Fig. 5(b).
The similarity between Fig. 5(a) and (b) indicates that the
CRBM has learned the distribution of training data, and
the Kullback–Leibler divergence (Appendix II) between the
reconstruction and data is 7.68. Fig. 5(d) further shows the
responses of hidden neurons to all raw data. Two normal data
are projected into the cluster of infected data, because the
CRBM learns the two types of data as a whole data set.
Without labels for the data type in unsupervised learning,
it is infeasible for the CRBM to distinguish the two normal
data from the infected data overlapping with them.
Nevertheless, the CRBM achieves comparable performance
with the PCA [Fig. 5(e)].

C. Pneumonia Discrimination

The CRBM’s utility for discriminating different types of
pneumonia infection is further probed. The clinical data
are collected by a commercial eNose with 32 sensors
(Cyranose 320, Sensigent, USA), which is integrated with
an expiratory device for ventilator-associated pneumonia
patients. Fig. 6(a) shows the sensory data containing 19 cases
infected by Klebsiella (KL), 25 cases by Pseudomonas aerug-
inosa (PSU), and 16 cases by Staphylococcus aureus (STA).

Fig. 5. (a) Raw sensory responses of an eNose exposed to the exhalations
of 15 pneumonia-infected (blue triangles) and 20 healthy (red circles) subjects.
(b) 15-step reconstruction generated by the trained CRBM. (c) LDA projection
of the raw data. (d) Projection of the raw data to the hidden space of the trained
CRBM. (e) Projection of the raw data to their first three principle components.

The PCA projection in Fig. 6(b) still has three types of
data overlapping with each other. Therefore, the classification
is approached by training three classifiers, each of which
aims to discriminate one type of bacterial infection from all
others. This approach decomposes the multiclass classification
problem into a set of two-class problems, such that each
classifier only needs to answer a yes-or-no question, and the
number of classifiers required simply equals to the number of
classes.

For two-class problems, LDA is usually preferable
over PCA, because LDA aims to identify a discriminant vector,
which projects data to an axis by inner product, such that
the separation between the two classes is maximized, i.e., the
FI of the projection is minimized. Therefore, LDA is employed
to examine whether the raw data are linearly separable, as
well as to compare with the CRBM. Fig. 6(c) shows the
LDA projections of raw data for distinguishing one type of
pneumonia infection from the other two. All projections still
have two classes overlapped with each other, indicating that the
raw data are not linearly separable. If the data are classified by
selecting a threshold on the projection axis, the best accuracies
achieved by LDA are 95% for the three types of bacteria.



IE
EE

Pr
oo

f

WANG et al.: ADAPTABLE CRBM IN VLSI FOR FUSING THE SENSORY DATA OF AN ELECTRONIC NOSE 5

Fig. 6. (a) 32-D sensory data for infection 19 cases by KL, 25 cases by PSU, and 16 cases by STA. (b) Projection of all raw data to their first three principle
components. (c) LDA projections of raw data for discriminating KL, PSU, and STA. (d) LDA projections of the hidden-neuron responses of the trained CRBM
to all raw data for discriminating KL, PSU, and STA. (e) CRBM with the PWL approximation function in (6) was trained to model the same data, and the
subplots show the LDA projections of the hidden-neuron responses of the trained CRBM to all raw data. The numbers of hidden neurons required are 38, 43,
and 40 for the discriminating KL, PSU, and STA, respectively, from other infected cases. The FI and the best classification accuracy (acc.) for each projection
are shown on top of each subplot.

According to Cover’s theorem [41], data could become
linearly separable by projecting data nonlinearly to a high-
dimensional space. Therefore, the CRBM with more than
32 hidden neurons is trained to model the raw data preceding
LDA classifiers. The three two-class problems are learned by
three CRBM models separately with ηw = ηa = 0.1, σ = 0.05
for visible neurons, and σ = 0.25 for hidden neurons.

A smaller noise variance is set for visible neurons to enable
weight vectors to capture more detailed structures of data
distributions. After training, raw data are nonlinearly projected
to the hidden space according to (4). The projections are
further analyzed with LDA and shown in Fig. 6(d). Each
type of bacterial infection becomes linearly separable from
others. Therefore, the CRBM is able to improve the detection
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Fig. 7. (a) Architecture of the dCRBM system. (b) Allocation of the memory
space. The red numbers indicate the number of words required for each
subspace (block).

accuracy to 100% for LDA classifiers. After the utility of
the CRBM is verified, the CRBM is customdesigned as a
digital embedded system for our eNose system. The design
considerations are described in Section IV.

IV. VLSI IMPLEMENTATION

A. System Architecture

Fig. 7(a) shows the architecture of the dCRBM system,
which contains only one multiplier, one accumulator, one
subtractor, one sigmoid circuit that implements the logistic
function, and one noise generator. All the neuron functions
and the learning rules are carried out by the same circuits via
time multiplexing. This allows the dCRBM to consume an area
of only 350 × 400 μm2 and a maximum power of <100 μW.

As the dCRBM system is designed to be embedded in an
eNose microsystem with eight sensors and most experiments
in Section III indicate that three hidden neurons are sufficient
for the CRBM to preprocess the eNose data, the memory
size is designed to support a dCRBM system with eight
visible and three hidden neurons. Fig. 7(b) shows the memory
allocation for storing all parameters and computational results.
Eight visible and three hidden neurons have 35 (=8 × 3 + 11)
weights (wij ) and 11 noise-control parameters (avi and ahj ).
The update values of these parameters require another
46 words of memory. In addition, each training epoch needs
to store four training data (V 0

1 ∼ V 0
4 ), requiring 32 words of

memory. Finally, the Gibbs-sampled states (H 0, V 1, and H 1)
during training need another 14 words of memory. The total
memory size thus amounts to 138 words.

B. Operation Flow

The dCRBM system exhibits two operation modes: 1) the
parameter-training mode and 2) the data-clustering mode.
Fig. 8(a) shows the flowchart of the parameter-training mode.

Fig. 8. Operation flow for (a) parameter training and (b) data clustering in
the dCRBM system.

After the training conditions are initialized, four training data
are rescaled and stored into the data memory. With each
training datum set as v0, the neuron equation module encircled
by the blue dotted line in Fig. 7(a) calculates the corresponding
h0, v1, and h1 according to (1). These values are stored
in the Gibbs-sampled-state space. The MCD-learning module
encircled by the red dotted line in Fig. 7(a) then calculates
�wij , �avi, and �ahj . The update values are divided by four
and memorized in the update-value space. The division by four
simply requires a right shift of binary data by two bits. The
same calculation is repeated for the other three training data,
and the corresponding update values are added up to obtain
the mean update values. Finally, the accumulator updates all
parameters once and stores the new values in the parameter
space. Another four training data are then loaded for the next
training epoch. At the end of training, the parameter values can
be read out through the data bus or used for data-clustering
directly.

Fig. 8(b) shows the flowchart of the data-clustering mode.
The parameter values are first obtained by the training process
above or loaded from the result of a numerical simula-
tion. After each testing datum is rescaled and stored in the
data space, the neuron module calculates the hidden-neuron
response according to (4). The result is stored in the Gibbs-
sampled-state space and is accessible through the data bus.

C. Design Considerations

To reduce circuit complexity, the nonlinear logistic function
is approximated by piecewise-linear (PWL) curves, as shown
in Fig. 9(a). The derivative of the logistic function ϕ(x) at
x = 0 is given as

dϕ(x)

dx

∣∣∣∣
x=0

= 2a j (1 + e−a j x )−2(e−a j x )
∣∣∣
x=0

= 0.5a j . (5)

If each sigmoid curve is approximated by a PWL curve
with only three segments (ϕ(x) = 1, 0.5a j x , and −1), the
approximation error is so large that the CRBM is not
able to regenerate data distributions satisfactorily, as shown
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Fig. 9. (a) Ideal sigmoid curves and their PWL approximation. With
three-segment PWL approximation, the CRBM generates (b) 15-step
reconstruction and (c) hidden-space projection after 10 000 training epochs.
With five-segment PWL approximation, the CRBM generates (d) 15-step
reconstruction and (e) hidden-space projection after 10 000 training epochs.

in Fig. 9(b). Neither can the trained CRBM project differ-
ent types of data to different clusters in the hidden space
[Fig. 9(c)]. Therefore, the logistic function is approximated
by the five-segment PWL function in

ϕ(x)PWL =

⎧⎪⎪⎪⎨
⎪⎪⎪⎩

0.5a j x, if |a j x | < 1

0.25a j x + 0.25, if 1 ≤ |a j x | < 3

1, if a j x ≥ 3

−1, if a j x ≤ 3

(6)

ϕ(x) is approximated as 0.5a j x only when |a j x | < 1. For
1 ≤ |a j x | < 3, ϕ(x) is approximated as (0.25a j x + 0.25)
instead. Fig. 9(a) shows the differences between the ideal
sigmoid curves and their PWL approximations in (6) are negli-
gible. The simulation results in Fig. 9(d) and (e) indicate that,
under this approximation, the CRBM is able to model three
types of eNose data and projects different types of data into
distinctly separated clusters. Even for the task of pneumonia
discrimination, the CRBM with the approximated function
ϕ(x)PWL remains capable of finding linearly separable pro-
jections for classifying bacterial types with 100% accuracy,
as shown in Fig. 6(e). Therefore, the approximation in (6) is
sufficient for modeling the data of our interests. Moreover, (6)
consumes negligible circuit area for the following reasons.
First, the slopes of neighboring segments are scaled by 2,
because the division simply requires a right arithmetic shift
of binary data. Second, the PWL equations can be simply

Fig. 10. (a) Architecture of the noise generator and (b) output distribution
of the noise generator with k = 4. The effective σ for different values of k is
shown on the right.

implemented by the multiplier and accumulator in the neuron
module. Third, different curves in Fig. 9(a) simply correspond
to multiplying with different values of a j . No extra circuit or
lookup table is required. This allows the dCRBM to reduce
its circuit area significantly.

Fig. 10(a) shows that the noise generator employs a linear-
feedback shift register to generate a pseudorandom binary
sequence [42]. The counter then counts the number of 1’s
during every 32 clock cycles. Subsequently, the counter output
is subtracted by 16 and divided by 2k , resulting in a binomially
distributed random value with zero mean. Fig. 10(b) shows the
histogram of 2048 samples of the generated noise as k = 4.
The integer k controls the noise variance, corresponding to σ
in (1) with the mapping given in Fig. 10(b).

According to [33], the learning rule in (3) requires 12-b res-
olution for the training process to reach equilibrium. To realize
the on-chip learning ability, the multiplier takes 12-b inputs
and generates a 24-b output. The accumulator further updates
all parameters with 24-b resolution. In addition, the learning
rates ηw and ηa are designed to have only four possible values
(1, 0.5, 0.25, and 0.125), such that the multiplication with
learning rates is simply implemented by the right arithmetic
shift.

D. System Integration

The dCRBM system is designed and fabricated with the
standard CMOS 0.18-μm technology provided by the TSMC.
Fig. 11(a) shows the layout and the photo of the dCRBM
system, which is embedded in an eNose microsystem inte-
grating eight sensors, interface circuits, an Analog-to-digital
Converter (ADC), and an OPENRISC core. With carbon-black
polymers coated on the eight electrodes, the resistance changes
of the polymers are detected by the interface circuits and
converted into binary data by the ADC. The dCRBM system
then learns to project different types of data as separate clusters
into the hidden space. Subsequently, the OPENRISC core
classifies the clustered projection online by executing simple
linear classifiers.

Table I shows the specification of the dCRBM system. The
power is estimated by measuring the difference in the power
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Fig. 11. (a) Chip photo of the eNose microsystem and the layout of the
dCRBM system. (b) Measurement setup of the dCRBM system.

TABLE I

SPECIFICATION OF THE dCRBM SYSTEM

consumed by the chip before and after the dCRBM system
is activated. To ease experiments with different sensing data,
the dCRBM system is first tested independently by the setup
shown in Fig. 11(b). The data acquisition card (PXI 7831R,
National Instruments) controls the operation of the dCRBM
system and acquires the computational results. A graphical
user interface based on Labview is designed to load the
experimental data and to display the results. The measurement
results are presented and discussed in Section V.

V. MEASUREMENT RESULTS

A. Fake-Whiskey Experiment

The eNose data in Fig. 2(b) are used to examine the
functionality of the dCRBM first. After the dCRBM is trained
with ηw = 1, ηa = 0.5, and k = 2 for 10 000 epochs, the
dCRBM regenerates the 15-step reconstruction in Fig. 12(a).
The similarity between Figs. 2(b) and 12(a) indicates that the
dCRBM has learned the data distribution. Fig. 12(b) further

Fig. 12. (a) 15-step reconstruction of 50 samples generated by the trained
dCRBM. (b) Projection of raw data to the hidden space by the trained dCRBM.

shows that the trained dCRBM is able to project different types
of data into distinct regions in the hidden space, analogous
to the simulation result in Fig. 4(a). Moreover, the learning
trajectories of {a j } and {wij } in Fig. 13 demonstrate that the
on-chip learning does reach equilibrium. Although the equilib-
rium values of some parameters differ from those in simulation
(Fig. 3), the difference results from the nature of stochastic
learning and merely causes the hidden-space projection to
differ, as shown by comparing Fig. 12(b) with Fig. 4(a). These
results prove that the circuit resolution is sufficient for the
dCRBM to model eNose data comparably well to numerical
simulation.

To illustrate how the dCRBM encodes the distribution as
its weight vectors, Fig. 14 shows the weight vectors w( j )

of all hidden neurons. w(1) and w(3) encode the dynamic
range of the sensory responses, while w(0) and w(2) are
very dissimilar in all except the third dimensions, where
both parameters are nearly zero. During N-step reconstruction,
if h3 approximates 1 at the (N − 1)th step of Gibbs sampling,
w(3) dominates the N th sampling, such that the dCRBM is
more likely to regenerate the pure-whiskey response.

Contrarily, if h1 approximates 1 at the (N − 1)th step,
the dCRBM is more likely to regenerate the pure-methonal
response. When both h1 and h3 approximate 1, the response
of their mixture is regenerated. This viewpoint also explains
the locations of different clusters in Fig. 12(b). For example,
the projection of the pure-methonal responses locates nearby
(h1, h3) = (1,−1).

B. Pneumonia Detection

The on-chip learning capability of the dCRBM system is
further exploited to learn new eNose data for pneumonia
detection whenever necessary. The sensory responses in this
application depend on many uncontrollable factors and vary
significantly across subjects [43]. On-chip learning ability is
helpful to maintain reliable detection.

The sensory responses of an eNose exposed to the gas
exhaled by patients in an intensive care unit are divided
into two data sets, as shown in Fig. 15. This allows us to
test whether the CRBM trained on first data set is able to
cluster the second data set, as well as whether retraining
helps to improve the clustering performance. The first data
set contains the sensory responses to seven infected and ten
normal subjects. The second data set contains the responses
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Fig. 13. Trajectories of (a) {a j } of hidden neurons and (b) {wi j } connected
to the hidden neurons H1 ({wi1}), H2 ({wi2}), and H3 ({wi3}).

Fig. 14. Radar plots of (a) w(1) and w(3) and (b) w(0) and w(2).

Fig. 15. Raw sensory responses to the exhalations of normal and pneumonia-
infected patients. (a) Data set 1. (b) Data set 2.

to eight infected and ten normal subjects. The dCRBM is first
trained on four normal and four infected cases of the data set 1
with ηw = 0.5, ηa = 0.25, and k = 1 for 5000 epochs. After
training, the dCRBM regenerates the 15-step reconstruction
in Fig. 16(a). The Kullback–Leibler divergence (DKL) between
the reconstruction and data set 1 is 9.24, while DKL is 14.23
between the reconstruction and all sensory data in Fig. 5(a).
This indicates that the CRBM models the distribution of data
set 1 rather than that of all data. Fig. 16(c) shows the projection
of data set 1 in the hidden space. All normal and infected
cases are projected to two distinct clusters with an FI of 0.026,

Fig. 16. (a) 15-step reconstruction of 50 samples generated by the dCRBM
trained on data set 1. (b) 15-step reconstruction of 50 samples generated by
the dCRBM trained on both data sets 1 and 2. (c) Projection of the data set 1
to the hidden space. (d) Projection of the data set 2 to the hidden space.
(e) Projection of data set 2 to the hidden space of the trained dCRBM.

smaller than that of raw data (0.0748). Although the dCRBM
does not see data set 2 during training, the trained dCRBM
is still able to project data set 2 into two separate clusters,
as shown in Fig. 16(d). However, the separation is hardly
visible and the FI increases to 0.5455. This is because the
CRBM is only trained on data set 1, while two normal cases
of data set 2 overlapped with the infected cases of data set 1
[Fig. 5(a)]. Therefore, the dCRBM system is retrained on eight
normal and eight infected cases randomly selected from both
data sets. After 5000 training epochs, the dCRBM generates
the 15-step reconstruction in Fig. 16(b). DKL between the
reconstruction and all data reduces to 11.79, indicating that the
modeling of both data sets is improved. The retrained dCRBM
projects data set 2 into its hidden space, as shown in Fig. 16(e).
Although comparing Fig. 16(e) with Fig. 16(d) does not reveal
significant improvement in the separation between two clus-
ters, the FI is reduced to 0.2948. This result demonstrates that
on-chip training is helpful for the dCRBM to learn the overall
distribution when new data are collected. This characteristic is
particularly important for our target application, which takes a
long time to accumulate enough samples (subjects) to obtain
a statistically representative distribution.

C. Learning Neuronal Spikes

In addition to modeling the sensory responses of an eNose,
the dCRBM’s ability to model other biomedical data is tested
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Fig. 17. (a) Three types of neuronal spikes recorded by a microelectrode
in the rat brain. (b) Downsampled spikes. (c) 15-step reconstruction of
80 samples generated by the trained dCRBM. (d) Projection of the spike
data into the hidden space of the trained dCRBM.

Fig. 18. Learning trajectories of (a) {a j } of hidden neurons and (b) {wi j }
connected to hidden neurons H1 ({wi1}), H2 ({wi2}), and H3 ({wi3}).

by the neuronal spikes shown in Fig. 17(a). The raw data
contain three types of neuronal spikes recorded by a micro-
electrode in the motor cortex of a rat [44]. One challenge of
the brain–machine interface is to sort neuronal spikes in real
time, so as to interact with the brain in a closed-loop manner.
The raw data contain 85 samples for each type of spike, and
each spike consists of 64 samples across time. The maxima
of all spikes in Fig. 17(a) are aligned to the 20th sample.
As the dCRBM contains only eight visible neurons, each spike
is downsampled with a sampling rate, which is one-eighth of
the original one. The resulting spikes become 8-D, as shown
in Fig. 17(b). Subsequently, 24 samples of each type of spike
are used as the training data.

The dCRBM is trained with ηw = 0.125, ηa = 0.5, and
k = 1 for 2500 epochs. Fig. 18 shows the learning trajecto-
ries, indicating that the training reaches equilibrium before

Fig. 19. Plot of {wi j } connected with H0, H1, H2, and H3 in spikes data
experiment.

epoch 2000. The trained dCRBM regenerates the 15-step
reconstruction shown in Fig. 17(c). The similarity between
Fig. 17(b) and (c) indicates that the neuronal spikes have been
modeled. Therefore, different types of spike are projected to
distinctly separated clusters in the hidden space, as shown
in Fig. 17(d). While the FI of the raw data is 0.0922, the FI of
the projection is reduced to 0.0262. This result proves that the
dCRBM system is capable of modeling the spike data and
producing a clustered projection with reduced dimensionality.

Fig. 19 further shows how the weight vectors w( j ) encode
the features of the spikes. The biasing vector w(0) learns the
mean of all spikes. w(1) and w(2) then encode the ascending
and descending features, respectively, from the fifth to the
eighth dimensions. Finally, w(2) mainly encodes the negative
peak of the type-2 spike. To regenerate the type-1 spike,
for example, h2 ≈ −1 inverts the negative peak of w(2) to
cancel with the negative peak of w(0). h3 < 0 inverts the
descending slope of w(3), allowing w(3) and w(1) to reconstruct
the ascending slope of the type-1 spike. This explains why
the projection of type-1 spikes clusters around (h1, h2, h3) =
(0.36,−0.96,−0.44) in Fig. 17(d). Similarly, the descending
segment of the type-3 spike is reconstructed with h1 ≈ −1
and h3 ≈ 1. h2 ≈ −1 further removes the negative peak in
the third dimension. Therefore, the projection of the type-3
spikes clusters around (h1, h2, h3) = (−0.7,−0.99, 0.99)
in Fig. 17(d).

The CRBM is further trained to model another set of
downsampled spikes, as shown in Fig. 20(a). Two types of
spikes (blue and red) overlap with each other in all dimensions,
and the third type (green) is only not overlapped in the fourth
dimension. The FI of raw data is 1.8436. Fig. 20(b) shows
the PCA projection, which exhibits overlapped clusters with
an FI of 0.3682. The ideal CRBM is first trained on half
of the data set with ηw = ηa = 0.15 and σ = 0.05 for
60 000 epochs. The trained CRBM regenerates the 15-step
reconstruction in Fig. 20(c), and the hidden-space projection
of all raw data is shown in Fig. 20(d). The projection of
green spikes is separated more from the other two clusters,
so that the FI reduces to 0.1507. The dCRBM is also trained
on the same data with ηw = ηa = 0.125 and k = 6
for 2000 epochs. Fig. 20(e) and (f) shows the 15-step
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Fig. 20. (a) Three types of neuronal spikes. Each type contains 100 samples.
(b) Projection of (a) to the first three principle components. (c) 15-step
reconstruction of 200 samples generated by the trained CRBM. (d) Projection
of (a) into the hidden space of the trained CRBM. (e) 15-step reconstruction
of 200 samples generated by the trained dCRBM. (f) Projection of (a) into
the hidden space of the trained dCRBM.

TABLE II

FIS OF EXPERIMENTS WITH eNOSE DATA AND NEURONAL SPIKES

reconstruction and the hidden-space projection, respectively,
after training. Obviously, the dCRBM does not perform as
well as the ideal CRBM. The FI increases to 0.19, because
both the within-class and between-class separation become
small. The performance degradation is mainly attributed to the
hardware limitations discussed in Section VI. Nevertheless, the
performance remains comparable with that of the PCA.

VI. DISCUSSION

A. Data Clustering and Dimensional Reduction

The experimental results in Section V demonstrate that the
dCRBM is able to use noise to regenerate the distribution
of biomedical data and subsequently to project the differ-
ent types of data to different clusters in the hidden space.
Table II compares the FIs of: 1) raw data; 2) their hidden-
space projection by the CRBM in the MATLAB simulation;
and 3) their hidden-space projection by the dCRBM system.
The FIs of the hidden-space projections reduce signifi-
cantly for all experiments. Therefore, the CRBM is useful
for clustering sensory data and reducing data dimension.
However, the dCRBM system does not achieve as small FIs
as the ideal CRBM in simulation. This is attributed to the

TABLE III

KULLBACK–LEIBLER DIVERGENCE BETWEEN TRAINING DATA AND
DIFFERENT RECONSTRUCTIONS IN THE EXPERIMENTS

WITH eNOSE DATA AND NEURONAL SPIKES

following reasons. First, the expectation of the MCD learning
rules is calculated over only four data in hardware, while the
expectation is calculated over 100 data in simulation. The later
gives a better estimation on the difference between training and
Gibbs-sampled distributions, such that a more optimal training
result is guaranteed. Second, the ideal CRBM uses Gaussian
noise, while the dCRBM uses binomially distributed noise.
Difference in noise distributions could also limit the CRBM’s
ability to represent data variability [30]. Finally, the limited
computational resolution and the PWL approximation to the
logistic function could also degrade the modeling ability of
the dCRBM. Nevertheless, the dCRBM system is capable of
modeling the eNose data in our application.

B. Data Reconstruction

The hardware limitations also affect how well the dCRBM
reconstructs the training data. This is revealed by the quan-
titative index called the Kullback–Leibler divergence (DKL)
(Appendix II), which measures the difference between the
statistical distributions of training data and multistep recon-
structions. A smaller DKL indicates a smaller difference, but
it is notable that only DKL calculated for the same target
distribution can be compared.

Therefore, the pseudo-optimal reconstruction is generated
by multivariate Gaussians. Each type of data is modeled by one
Gaussian, which considers both the mean and the covariance
structure of the data.

Table III shows DKL between the training data, and pseudo-
optimal reconstruction, the reconstruction by ideal CRBM
in the MATLAB simulation, and the reconstruction by the
dCRBM system. DKL achieved by the ideal CRBM is larger
than that achieved by the pseudo-optimal reconstruction, while
DKL achieved by the dCRBM is even larger. This indicates
that the dCRBM does not model the data as optimally as
the ideal CRBM due to the above-mentioned hardware limi-
tations. Nevertheless, taking the fake-whiskey experiment, for
example, DKL achieved by the dCRBM is still much smaller
than DKL = 31.91 of the unsatisfactory result in Fig. 9(b).
Therefore, a tradeoff exists between hardware simplicity and
optimal modeling, and the results in Section V demonstrate
that the dCRBM achieves a good tradeoff. Moreover, the
data-reconstruction ability makes the dCRBM potential for
compressive sensing [45], [46]. If a portable or implantable
microsystem contains a dCRBM able to regenerate all sensory
data after training, the microsystem only needs to transmit
the trained parameter values wirelessly to a server for retriev-
ing the data. The power and the bandwidth for wireless
transmission could thus be reduced dramatically by avoiding
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transmitting all raw data. Nevertheless, it is notable that
discriminative models are also able to learn an efficient
representation of raw data for compressive sensing. For a
specific application, it is important to identify a model not
only efficient in data compression but also friendly to hardware
implementation.

C. On-Chip Training Capability

The analog VLSI implementation of the CRBM was
presented in [20], wherein analog MCD learning circuit
was unable to train the CRBM optimally, because transistor
mismatches introduced nonnegligible training errors. The pre-
cision (12-b resolution) required by the MCD learning was
even hardly achievable by a sophisticated analog circuit
design [31]. On the contrary, the promising experimental
results in Section V demonstrate that digital rather than analog
implementation can easily guarantee sufficient precision for
training the CRBM on-chip. Careful design considerations
further allow the power and area consumption to be com-
parable or even smaller than that of analog implementation.
Therefore, digital implementation is preferable for implement-
ing the CRBM in the eNose application. Moreover, compared
with LDA or PCA in terms of hardware implementation, the
dCRBM has the advantage that its MCD learning rule is
able to share the same multiplier and accumulator circuits
with neuron functions. Somebody may ask why not simply
executing the CRBM with a microcontroller? Our answer
is the customized digital design provides better power effi-
ciency and the ability to operate alone without a micro-
controller for the CRBM in eNose applications. As shown
in Table I, the dCRBM consumes less than 15 μW during
operation (clock = 1 MHz), while a 8051 microcontroller
(e.g., AT89c2051 by ATMEL) consumes 3 and 16.5 mW in
the standby and active modes (clock = 12 MHz), respectively.
This feature makes the dCRBM more favorable for a portable
or implantable microsystem. Certainly, for a more complicated
task such as the one in Section III-C, the dCRBM and the
microcontroller in the eNose can cooperate in a way that the
dCRBM generates linearly separable projection of data and
the microcontroller subsequently executes LDA to classify the
projection reliably.

D. Scalability

The study in Section III-C indicates that a larger CRBM
network is required for modeling more complicated or high-
dimensional data. Although the prototype reported here only
implements a network of eight visible and three hidden
neurons, all the neurons actually share the same circuits
by time multiplexing. Therefore, based on the same system
architecture, the network size can be easily expanded by
increasing the memory size to store all parameters and com-
puting results of a large network. The maximally expandable
size would be mainly bounded by the speed demanded
in specific applications. The proposed dCRBM requires
4725 clock cycles for each training epoch and 318 cycles for
generating the hidden-space projection of one datum. With a
clock frequency of 1 MHz, the computational time is <5 ms.

For a dCRBM with 32 visible and 50 hidden neurons to model
the data in Section III-C, 46390 and 4109 clock cycles are
required for the training and clustering modes, respectively.
The computational time (<40 ms) remains much shorter than
the time required for eNose sensors to reach equilibrium in
each experimental trial (more than a few seconds).

VII. CONCLUSION

A dCRBM system with on-chip learning ability has been
designed for sensory fusion in a portable eNose microsystem.
Based on numerical simulations, the system architecture is cus-
tomdesigned to achieve low area and power consumption. The
measurement results demonstrate that the dCRBM system is
able to model eNose data satisfactorily and generate clustered
projection with reduced dimensionality. This greatly facilitates
reliable and real-time data classification. This also elucidates
the CRBM’s particular advantage of using noise to obtain
a more general model of data with variability. In addition,
the convergence of on-chip MCD learning is demonstrated
for the first time. The on-chip training circuit allows the
dCRBM to obtain a more general model as more data are
collected or to compensate for sensory drifts [46] on the fly.
The latter is particularly important when an eNose is exposed
to an environment with variable temperature and humidity.
Compared with PCA or LDA, the dCRBM not only exhibits
comparable performance, but also facilitates the hardware
implementation of on-chip learning rule. Compared with the
k-nearest neighbor commonly used for classifying eNose data,
the dCRBM avoids the need for a memory to store all example
(training) data. Therefore, how a CRBM model could consider
temperature or humidity changes to achieve reliable sensory
fusion will be further studied. In addition, to extend the utility
of the embedded dCRBM system, a dCRBM system with a
scalable network size will be designed for general biomedical
applications. In addition, the data-reconstruction ability of the
dCRBM system will be exploited for compressive sensing in
implantable or portable devices.

APPENDIX I

Given a data set containing K clusters of data points, the
FI is defined as

�internal

�between
=

1
K

∑K
k=1

∑nk
i=1

1
nk

(xik − μk)
2

1
K

∑K
k=1 (μk − μall)2

(7)

where nk denotes the number of samples in the kth cluster,
μk denotes the mean of the kth cluster, and μall denotes the
mean over all data. The numerator in (6) estimates the internal
density of individual clusters, while the denominator evaluates
the degree of dispersion among different clusters. Therefore,
a smaller index indicates better clustering.

APPENDIX II

Let P represent a target probability distribution to be
modeled and Q represent a model or an approximation of P .
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The Kullback–Leibler divergence measures the difference
between P and Q according to

DKL(P||Q) =
∑

i

ln

(
P(i)

Q(i)

)
P(i). (8)

In our experiments, P is the distribution of training data, and
Q is the distribution of multistep reconstructions generated
by the CRBM. As (8) actually measures the information lost
when Q is used to approximate P , a smaller DKL value
indicates Q approximate P with better fidelity.
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