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1. Introduction

Machine learning techniques have been actively pursued in the
last years, since the number of applications that require some
intelligent decision-making process is growing faster every year.
An interesting branch of pattern recognition techniques related to
deep learning has attracted a considerable attention in the last years
[3], since their prominent results have established a hallmark for
several applications, such as face and speech recognition, among
others.

Roughly speaking, deep learning algorithms are modelled by
means of several layers of a predefined set of operations. In regard
to Convolutional Neural Networks, for instance, such operations
may involve data preprocessing, convolution kernels and non-
linear functions [17]. If we consider Deep Boltzmann Machines [25],
which address layers of stacked Restricted Boltzmann Machines
(RBMs), the input data is mapped to a set of hidden units by means
of Gibbs sampling for further data reconstruction. Soon after, the
output ofan RBMis used to feed the upper RBM, being the sampling-
reconstruction process repeated over again until the top layer.

Restricted Boltzmann Machines have attracted considerable
attention in the last years due to their simplicity, high level
of parallelism and strong representation ability [13]. RBMs can
be interpreted as stochastic neural networks, being mainly used
for image reconstruction and collaborative filtering through
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unsupervised learning [2]. Later on, some works attempted to
develop supervised versions of Restricted Boltzmann Machines to
work as sole classifiers, since RBMs have been used, essentially, for
feeding supervised classifiers so far. One of such versions is the so-
called Discriminative Restricted Boltzmann Machine (DRBM) [16],
which now considers the label information during the learning pro-
cess, which allows it to be used for classification purposes. Recent
works have focused on RBMs in the context of classifier combi-
nation [32] and spectral classification in astronomy [8], as well as
a very interesting review about training algorithms for RBMs has
been provided by Fischer and Igel [7].

Aiming at providing a more powerful and discriminative ability
for learning features with RBMs, Hinton et al. [11] presented a deep
learning-oriented approach called Deep Belief Networks (DBNs),
which can be seen as a set of stacked RBMs that encode a differ-
ent amount of information at each layer. Soon after, a considerable
amount of works have been devoted to employ DBNs in a broad
range of applications, varying from natural language processing
[26] to image classification [33], just to name a few.

However, one of the main shortcomings of RBMs and DBNs
concerns with the proper selection of their parameters, i.e., the
number of hidden units, training iterations (epochs) and learning
rate, among others. Although a very useful training guide has been
provided by Hinton [13], there is a need for a manual inspection of
the algorithm’s convergence. Yosinski and Lipson [31], for instance,
highlighted some approaches for visualizing the behaviour of an
RBM during its learning procedure. The authors also argued the
RBM training algorithm is far from a straightforward approach.

The task of model selection in machine learning techniques aims
at finding a suitable set of parameters that maximizes some fitness
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function, such as the clustering quality in unsupervised approaches,
or a classifier’s recognition accuracy when dealing with supervised
problems. Meta-heuristic techniques are among the most used for
optimization problems, since they provide simple and elegant solu-
tions ina wide range of applications. Such techniques may comprise
swarm- and population-based algorithms, as well as stochastic and
other nature-inspired solutions.

Although some swarm- and population-based optimization
algorithms have obtained very promising results in several appli-
cations, they may suffer from a high computational burden in
large-scale problems, since there is a need for optimizing all agents
at each iteration. Some years ago, Geem [9] proposed the Harmony
Search (HS) technique, which falls in the field of meta-heuristic
optimization techniques. Basically, the idea of Harmony Search is to
solve optimization problems based on the way the musicians com-
pose a song with optimal harmony: the decision variables stand for
each musician, and the problem itself corresponds to a music. The
combination of musical notes that takes the music more harmo-
nious is the one which maximizes some fitness function.

However, the reader may face just a few and very recent works
that handle the problem of RBM model selection by means of
meta-heuristic techniques. Huang et al. [ 14], for instance, employed
the well-known Particle Swarm Optimization (PSO) to optimize
the number of input (visible) and hidden neurons, as well as the
RBM learning rate in the context of time series forecasting predic-
tion. Later on, Liu et al. [19] applied Genetic Algorithms (GA) for
RBM model selection. Additionally, Levy et al. [18] also employed
RBM and GA for automatic painter classification, but the former
was used only for unsupervised feature learning purposes, being
GA employed to optimize a weighted nearest neighbour classi-
fier. Very recently, Papa et al. [24] proposed to optimize DRBMs
by means of Harmony Search-based techniques, being the results
more accurate than some well-known optimization libraries out
there.

Therefore, the main contributions of this paper are twofold: (i)
to introduce HS and some of its variants to the context of DBN
model selection, and (ii) to fill the lack of research regarding DBN
parameter optimization by means of meta-heuristic techniques.
Although one can employ any other meta-heuristic technique, we
opted to use HS since is its not based on derivatives, and it can
be substantially faster than some swarm-based optimization tech-
niques (it does not update all possible solutions at each iteration,
only one). However, we must highlight the proposed approach used
in this paper can be used with any other optimization technique, as
recently presented by Papa et al. [23]. The remainder of this paper
is organized as follows. Sections 2 and 3 present some theoret-
ical background with respect to DBNs and HS, respectively. The
methodology is discussed in Section 4, while Section 5 presents
the experimental results. Finally, Section 6 states conclusions and
future works.

2. Deep Belief Networks

In this section, we describe the main concepts related to Deep
Belief Networks, but with a special attention to the theoretical back-
ground of RBMs, which are the basis for DBN understanding.

2.1. Restricted Boltzmann Machines

Restricted Boltzmann Machines are energy-based stochastic
neural networks composed by two layers of neurons (visible and
hidden), in which the learning phase is conducted by means of an
unsupervised fashion. The RBM is similar to the classical Boltz-
mann Machine [1], except that no connections between neurons

Fig. 1. The RBM architecture.

of the same layer are allowed.! Fig. 1 depicts the architecture of
a Restricted Boltzmann Machine, which comprises a visible layer
v with m units and a hidden layer h with n units. The real-valued
m x n matrix W models the weights between visible and hidden
neurons, where w;; stands for the weight between the visible unit
v; and the hidden unit h;.

At first, RBMs were designed using only binary visible and hid-
den units, the so-called Bernoulli Restricted Boltzmann Machines
(BRBMs). Later on, Welling et al. [29] shed light over other types of
units that can be used in an RBM, such as Gaussian and binomial
units, among others. Since in this paper we are interested in BRBMs,
we will introduce their main concepts, which are the basis for other
generalizations of RBMs.

Let us assume v and h as the binary visible and hidden units,
respectively. In other words, ve {0, 1} and h € {0, 1}". The energy
function of a Bernoulli Restricted Boltzmann Machine is given by:

m n m n
E(v,h) = —Za,-v,— - ijhj - szihfwij’ (1)
i=1 j=1

i=1 j=1

where a and b stand for the biases of visible and hidden units,
respectively. The probability of a configuration (v, h) is computed
as follows:

e—E(vh)
Zv‘he—E(v,h)

where the denominator of above equation is a normalization fac-
tor that stands for all possible configurations involving the visible
and hidden units.? In short, the BRBM learning algorithm aims at
estimating W, a and b. The next section describes in more details
this procedure.

P(v,h)= (2)

2.2. Learning algorithm

The parameters of an BRBM can be optimized by performing
stochastic gradient ascent on the log-likelihood of training patterns.
Given a training sample (visible unit), its probability is computed
over all possible hidden vectors, as follows:

Z e—E(v.h)
pv)=&=h (3)
T e

In order to update the weights and biases, it is necessary to
compute the following derivatives:

dlog P(v)

d del
ow; = E[hj;]"® — E[hju;]™*%, (4)

1 Essentially, an RBM is modelled as a bipartite graph.
2 Note this normalization factor is extremely hard to be computed when the
number of units is too large.
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Fig. 2. Alternating Gibbs sampling. The “red” arrows denote one single iteration.
(For interpretation of the references to colour in this figure legend, the reader is
referred to the web version of this article.)

dlog P(v) 4, E[y,.1model

Toa vi — E[y 7, (5)

dlogP(v) _ E[hj]dam -~ E[hj]model’ (6)
b,

where E[] stands for the expectation operation, and E[-]9%@ and
E[-]mode! correspond to the data-driven and the reconstructed-data-
driven probabilities, respectively.

In practical terms, we can compute E[hjvi]dam considering h and
v as follows:
E[hv]%® = p(hyv)vT, (7)

where P(h|v) stands for the probability of obtaining h given the
visible vector (training data) v:

Py = 1) =0 (ZWuvf + bj> ! (8)
i=1

where o(-) stands for the logistic sigmoid function.? Therefore, it is
straightforward to compute E[hv]99%; given a training data X € X,
where X'stands for a training set, we just need to set v < x and then
employ Eq. (8) to obtain P(h|v). Further, we use Eq. (7) to finally
obtain E[hv]data,

The big question now is how to obtain E[hv]™°d¢! which is the
model learned by the system. One possible strategy is to perform
alternating Gibbs sampling starting at any random state of the vis-
ible units until a certain convergence criterion, such as k steps,
for instance. The Gibbs sampling consists of updating hidden units
using Eq. (8) followed by updating the visible units using P(v/h),
given by:

n
P =1 =0 | > wyhi+a |, 9)
j=1

and then updating the hidden units once again using Eq. (8). In
short, it is possible to obtain an estimative of E[hv]™%! by ini-
tializing the visible unit with random values and then performing
Gibbs sampling. Fig. 2 illustrates this process, in which E[hv]model
can be approximated after k iterations. Notice a single iteration is
defined by computing P(h|v), followed by computing P(vih) and
then computing P(h|v) once again.

For sake of explanation, Fig. 2 employs P(v|h) instead of P(v|h),
and P(h[V) instead of P(h|v). Essentially, they stand for the same
meaning, but P(v|h) is used here to denote the visible unit v is

3 The logistic sigmoid function can be computed by the following equation:
o(x)=1/(1+exp(-x)).

4 We are now writing E[h;v;]™"

in terms of h and v.

going to be reconstructed using h, which was obtained through
P(h|v). The same takes place with P(h|¥), that reconstructs h using v,
which was obtained through P(v|h).

However, the procedure displayed in Fig. 2 is time-consuming,
being also quite hard to establish suitable values for k.> Fortunately,
Hinton [12] introduced a faster methodology to compute E[hv]mode!
based on contrastive divergence. Basically, the idea is to initialize
the visible units with a training sample, to compute the states of
the hidden units using Eq. (8), and then to compute the states of the
visible unit (reconstruction step) using Eq. (9). Roughly speaking,
this is equivalent to perform Gibbs sampling using k=1.

Based on the above assumption, we can now compute E[hv]mode!
as follows:

E[hv]™4% — p(hjw)v’. (10)

Therefore, the equation below leads to a simple learning rule for
updating the weight matrix W, as follows:

Wt+l — W[‘ + n(E[hV]data _ E[hv]model) (11)
= W' + n(P(hjv)vT — P(hjw)v"),

where W! stands for the weight matrix at time step t, and 7 cor-
responds to the learning rate. Additionally, we have the following
formulae to update the biases of the visible and hidden units:

at+1 = at 4 y(v — E[v]™%
n( [vI™) (12)
=a'+n(v-7),

and

b = b 4 (E[R] — E[h]™) (13)
= b’ + n(P(hv) — P(R[¥)),

where a! and b’ stand for the visible and hidden units biases at
time step t, respectively. In short, Egs. (11)-(13) are the vanilla
formulation for updating the RBM parameters.

Later on, Hinton [13] introduced a weight decay parameter
A, which penalizes weights with large magnitude,® as well as a
momentum parameter « to control possible oscillations during
the learning process. Therefore, we can rewrite Eqs. (11)-(13) as
follows’:

WHT = W p(P(hv)vT — P(RIV)V) — AW + 0 AW, (14)
=AW!
atl =af 4 v - )+ aAal! (15)
[ S S —
=Aat
and
b'*! =b' + n(P(hv) — P(AI¥)) + 2 Ab' . (16)
=Ab*

In order to clarify the above content, Algorithm 1 presents the
pseudo-code for RBM learning algorithm.

5 Actually, it is expected a good reconstruction of the input sample when k— + co.
6 The weights may increase during the convergence process.
7 Notice when A =0 and « =0, we have the naive gradient ascent.
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Algorithm 1. Bernoulli RBM learning algorithm.

Input: A training set X = {m(‘), PIC ,a:(l)}, learning rate 1, number of

hidden units n, number of epochs 7', weight decay A and momentum a.

Output: Weight matrix W and the biases a and b.

1 W« N(0,0.01); a<0; b+« 0; t =1; AW < 0; Aa < 0;;Ab «+ 0;
2 error =+o0; € = 0.0001;

3 while (¢t <T) and (error > ¢€) do

4 errorz();ye(];je(];heo;ﬁ%O;

5 for z from 1 to | do

6 Vex(2>;gex+v;

7 for j from 1 ton do

8 Compute P(h;|v) according to Equation 8;

9 if (P(hj|lv) > U(0,1)) then

10 7Lj =1

11 else

12 L ﬁj =0;

13 h« h+ P(hlv);

14 for i from 1 to m do

15 Compute P(v;|h) according to Equation 9;
16 if (P(vilh) > U(0,1)) then

17 | %=1

18 else

19 L =0

20 VvtV

21 for j from 1 to n do

22 Compute P(h;|V) according to Equation 8;
23 if (P(h;]®) > U(0,1)) then

24 ﬁ] =1

25 else

26 L h; =0;

27 h< k- P(h|v); error = error + MSE(z®),%);
28 error = error/l; v < v/l; ¥ < ¥/I; h%h/l;ﬁeﬁ/l;
29 AW — AW — AW + aAW; W « W + n(hv’ — bvT) + AW;
30 Aa < Aa+taa;a<a+t+nv—v) + Aa;

31 Ab « Ab + ab; b < b+75(h — h) + Ab;

32 t=t+1;

Line 1 initializes the weight matrix W with a normal distribu-
tion with zero mean and variance of 0.01, as well as it initializes
the biases of visible and hidden units, and the initial number of
iterations.® The main loop in Lines 3-32 is responsible for exe-
cuting the RBM learning procedure over T iterations or until the
minimum error bound € is reached.” After that, Line 4 initializes
vectors v and V, which are responsible for accumulating vectors v
and ¥ for each training data x(?, respectively, as well as it initializes
vectors h and h, which accumulate the values of vectors h and h,
respectively.!?

The inner loop in Lines 5-27 performs the contrastive diver-
gence algorithm for each training sample x(?: Line 6 sets the visible
unit v with the current training sample, for further computation
of P(h|v) in Lines 7-12 according to Eq. (8). The estimation of
h; is performed as follows: we first compute P(h;=1|v), and then
we compare it with a randomly generated number within the
interval [0, 1] in order to assign a binary value to h;.!'! Similarly,
Lines 14-19 and Lines 21-26 compute P(v|h) (Eq. (9)) and P(h[¥),
respectively.

8 Notice the symbol “<" is used for operations with vectors and matrices.
9 The reader can define its own bound €.

10 The summation of vectors v, ¥, h and h is required since we have a training set
with [ elements. Notice the theory previously presented in this section considers
only one training sample.

11" The term ¢(0, 1) stands for a uniform distribution within the interval [0, 1].

Line 27 computes the reconstruction error using the Minimum
Squared Error (MSE), although the reader can use any other sort of
error metric. After that, the error value and vectors v, ¥, h and h are
then averaged by the number of training samples [ (Line 28). The
weights are updated in Line 29 according to Eq. (14), as well as the
biases of visible and hidden units in Lines 30-31 according to Egs.
(15) and (16), respectively.

2.3. Stacked Restricted Boltzmann Machines

Truly speaking, DBNs are composed of a set of stacked RBMs,
being each of them trained using the learning algorithm presented
in Section 2.2 in a greedy fashion, which means an RBM at a certain
layer does not consider others during its learning procedure. Fig. 3
depicts such architecture, being each RBM at a certain layer repre-
sented as illustrated in Fig. 1. In this case, we have a DBN composed
of L layers, being Wi the weight matrix of RBM at layer i. Addition-
ally, we can observe the hidden units at layer i become the input
units to the layer i+ 1. Although we did not illustrate the bias units
for the visible (input) and hidden layers in Fig. 3, we also have such
units for each layer.

The approach proposed by Hinton et al. [11] for the training
step of DBNs also considers a fine-tuning as a final step after the
training of each RBM. Such procedure can be performed by means



J.P. Papa et al. / Applied Soft Computing 46 (2016) 875-885 879

Fig. 3. The DBN architecture.

of a Backpropagation or Gradient descent algorithm, for instance,
in order to adjust the matrices Wi, i=1, 2, ..., L. The optimization
algorithm aims at minimizing some error measure considering the
output of an additional layer placed at the top of the DBN after
its former greedy training. Such layer is often composed of soft-
max or logistic units, or even some supervised pattern recognition
technique. Zhou et al. [33], for instance, presented a Discriminative
Deep Belief Network for image classification, being the top layer
(additional layer) used to encode all possible labels (usually a binary
vector is used for such purpose). On that work, a function that com-
putes the classification error (loss) is then used for minimization
purposes.

3. Harmony Search

Harmony Search is a meta-heuristic algorithm inspired in the
improvisation process of music players. Musicians often improvise
the pitches of their instruments searching for a perfect state of har-
mony [9]. The mainideais to use the same process adopted by musi-
cians to create new songs to obtain a near-optimal solution accord-
ing to some fitness function. Each possible solution is modelled as a
harmony, and each musician corresponds to one decision variable.

Let ¢=(¢1, P2, ..., on) be a set of harmonies that compose
the so-called “Harmony Memory”, such that ¢; € ®™. The HS algo-
rithm generates after each iteration a new harmony vector (I) based
on memory considerations, pitch adjustments, and randomization
(music improvisation). Further, the new harmony vector $ is eval-
uated in order to be accepted in the harmony memory: if J) is better
than the worst harmony, the latter is then replaced by the new har-
mony. Roughly speaking, HS algorithm basically rules the process
of creating and evaluating new harmonies until some convergence
criterion is met.

Inregard to the memory consideration step, the idea is to model
the process of creating songs, in which the musician can use his/her
memories of good musical notes to create a new song. This process
is modelled by the Harmony Memory Considering Rate (HMCR)
parameter, which is the probability of choosing one value from the
historic values stored in the harmony memory, being (1 — HMCR)
the probability of randomly choosing one feasible value,!? as fol-
lows:

12 The term “feasible value” means the value that falls in the range of a given
decision variable.

o ¢’ with probability HMCR
V=9 ) (7
0 e ®; withprobability(1 — HMCR),

where A~1(1,2,...,N), and ®={dq, O,, ..., Dy} stands for the
set of feasible values for each decision variable.!3

Further, every component j of the new harmony vector JB is
examined to determine whether it should be pitch-adjusted or
not, which is controlled by the Pitch Adjusting Rate (PAR) variable,
according to Eq. (18):

~ ¢A>’ +@;0 withprobability PAR
P = { ° (18)

bl with probability(1 — PAR).

The pitch adjustment is often used to improve solutions and to
escape from local optima. This mechanism concerns shifting the
neighbouring values of some decision variable in the harmony,
where g is an arbitrary distance bandwidth, and ¢;~/(0, 1). Below,
we briefly present some variants of the vanilla Harmony Search
employed in this work.

Improved Harmony Search. The Improved Harmony Search (IHS)
[20] differs from traditional HS by updating the PAR and o values
dynamically. The PAR updating formulation at time step t is given
by:

PARmax — PARpin

—t7
T

where T stands for the number of iterations, and PAR;;, and PARax

denote the minimum and maximum PAR values, respectively. In

regard to the bandwidth value at time step ¢, it is computed as
follows:

PAR' = PAR i + (19)

Qt = Onax €XP ln(Qmir}/Qmax)t, (20)

where Qpin and Omax stand for the minimum and maximum values
of o, respectively.

Global-best Harmony Search. The Global-best Harmony Search
(GHS) [21] employs the same modification proposed by IHS with
respect to dynamic PAR values. However, it does not employ the
concept of bandwidth, being Eq. (18) replaced by:

(2)[:¢§est’ (21)

where z~U(1, 2, ..., N), and best stands for the index of the best
harmony.

Novel Global Harmony Search. The Novel Global Harmony Search
(NGHS) [34] differs from traditional HS in three aspects: (i) the
HMCR and PAR parameters are excluded, and a mutation probabil-
ity wis then used; (ii) the NGHS always replaces the worst harmony
with the new one, and (iii) the improvisation footsteps are also
modified, as follows:

R= 2¢lbest - ¢’w0rst’ (22)

& = ¢l!;vorst + /’Lj(R - q}l\‘/vorst)’ (23)

where @worst stands for the worst harmony, and w1~ U(0, 1). Fur-
ther, another modification with respect to the mutation probability
is performed in the new harmony:
{ U+ (U -U) ifkj<w

(24)

¢ otherwise,

where kj, @~ U(0, 1), and U and I/ stand for the upper and lower
bounds of decision variable j, respectively.

13 Variable A denotes a harmony index randomly chosen from the harmony mem-
ory.
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Table 1
Parameter configuration.
Technique Parameters
HS HMCR=0.7, PAR=0.7,0=10
HS HMCR=0.7, PAR i =0.1, PARpay = 0.7, Qmin =1, Omax =0.10
GHS HMCR=0.7, PARiin =0.1, PARjax = 0.7
NGHS w=0-t
SGHS HMCR;, =0.98, PARy =0.9, Omin =0, Omax =0.9, LP=5

Self-adaptive Global best Harmony Search. The SGHS algorithm
[22] is a modification of the aforementioned GHS, which employs
a new improvisation scheme and self-adaptive parameters. First of
all, Eq. (21) is rewritten as follows:

& = (25)
and Eq. (17) can be replaced by:

.. [ &, @0 withprobability HMCR
pg=3 1 N (26)
0 € O; with probability (1 — HMCR).

The main difference among SGHS and the aforementioned vari-
ants concerns with the computation of HMCR and PAR values, which
are estimated based on the average of their recorded values after
each LP (learning period) iterations. Every time a new harmony
is better than the worst one, the HMCR and PAR values are then
recorded to be used in the estimation of their new values, which
follow a Gaussian distribution, i.e., HMCR~NM{HMCR,, 0.01) and
PAR~MPARp;, 0.05), where HMCR;;, and PARy, stand for the mean
values of HMCR and PAR parameters, respectively.'# The initial val-
ues for HMCR;, and PARy, are the very same values for HMCR and
PAR displayed in Table 1, respectively.

Parameter-Setting-Free Harmony Search. The PSF-HS algorithm
[10] avoids using both HMCR and PAR parameters, since they are
computed based on the average of times a decision variable comes
from the Harmony Memory, or it has been pitched, respectively.

4. Methodology

In this section, we present the proposed approach for DBN model
selection, as well as we describe the employed datasets and the
experimental setup.

4.1. Modelling DBN parameter optimization

We propose to model the problem of selecting suitable param-
eters for DBNs by means of vanilla Harmony Search and some of
its variants. As aforementioned in Section 2.2, the learning step of
an RBM has four parameters: the learning rate 1, weight decay A,
penalty parameter ¢, and the number of hidden units n. Therefore,
we have a 4-dimensional search space with three real-valued vari-
ables, as well as the integer-valued number of hidden units, for each
layer. As we are working with L={1, 2, 3} layers, the search spaces
have 4, 8 and 12 decision variables, respectively. In short, the pro-
posed approach aims at selecting the set of DBN parameters that
minimizes the mean squared error (MSE) in the context of binary
image reconstruction, i.e.:

N
1 - 2
MSE = NE (T -1, (27)

i=1

14 The variance values used to compute HMCR and PAR are the same as proposed
by Kulluk et al. [15].

where I; and I; stand for the ith reconstructed and original images,
respectively. After that, the selected set of parameters is then
applied to reconstruct the test images.

4.2. Datasets

In regard to the image reconstruction experiment, we employed
three datasets, as described below:

e MNIST dataset': it is composed by images of handwritten digits.
The original version contains a training set with 60,000 images
from digits ‘0’ to ‘9", as well as a test set with 10,000 images.'6 Due
to the high computational burden for RBM model selection, we
decided to employ the original test set together with a reduced
version of the training set.!”

CalTech 101 Silhouettes dataset!®: it is based on the former Cal-
tech 101 dataset, and it comprises silhouettes of images from
101 classes with resolution of 28 x 28. Since we have gray-scale
images available in a training, validation and test sets, we con-
verted them in to binary images before using Bernoulli RBMs.
Additionally, we used only the training and test sets, since our
optimization model aims at minimizing the MSE error over the
training set.

Semeion Handwritten Digit dataset!?: this dataset contains 1593
binary images of manuscript digits with resolution of 16 x 16
from around 80 persons. We employed the whole dataset in the
experimental section.

Fig. 4 displays some training examples from both datasets,
which were partitioned in 2% for the training set and 98% to com-
pose the test set.

4.3. Experimental setup

In this work, we compared the proposed HS-based DBN model
selection against with a random initialization of parameters (RS)
and the Hyperopt library using random search (Hyper-RS) and Tree
of Parzen Estimators (Hyper-TPE) [4]. Additionally, we evaluated
five HS variants: (i) IHS, (ii) GHS, (iii) NGHS, (iv) SGHS and (v) PSF-
HS. We also evaluated the robustness of parameter fine-tuning in
three distinct DBN models: one layer (1L), two layers (2L) and three
layers (3L). Notice the 1L approach stands for the standard RBM.

In order to provide a statistical analysis by means of Wilcoxon
signed-rank test [30], we conducted a cross-validation with 20
runnings. Finally, we employed 5 agents over 50 iterations for con-
vergence considering all techniques. Therefore, this means we have
55 evaluations of the fitness function (DBN learning algorithm)
for each technique, except for Random Search (RS), in which we
allowed one evaluation only. However, to be fair with Hyper-RS
and Hyper-TPE, we allowed them to evaluate the fitness function
55 times either. Table 1 presents the parameter configuration for
each optimization technique.?®

Finally, we have set each DBN parameter according to the fol-
lowing ranges: n<[5, 100], n €[0.1, 0.9], A €[0.1, 0.9] and « €[0.0,
0.001]. Therefore, this means we have used such ranges to ini-
tialize the optimization techniques, as well as to conduct the
baseline experiment by means of randomly set values. We also

15 http://yann.lecun.com/exdb/mnist]/.

16 The images are originally available in gray-scale with resolution of 28 x 28. In
order to work with Bernoulli RBMs, all images were binary-scaled converted.

17 The original training set was reduced to 2% of its former size, which corresponds
to 1200 images.

18 https://people.cs.umass.edu/~marlin/data.shtml.

19 https://archive.ics.uci.edu/ml/datasets/Semeion+Handwritten+Digit.

20 Notice these values have been empirically chosen.
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Fig. 4. Some training examples from (a) MNIST, (b) CalTech 101 Silhouettes and (c) Semeion datasets.
Table 2
Average MSE over the test set considering MNIST dataset.
1L 2L 3L
CcD PCD FPCD CcD PCD FPCD CcD PCD FPCD
HS 0.1059 0.1325 0.1324 0.1059 0.1061 0.1057 0.1059 0.1058 0.1057
HS 0.0903 0.0879 0.0882 0.0885 0.0886 0.0886 0.0887 0.0885 0.0886
GHS 0.1063 0.1062 0.1063 0.1061 0.1063 0.1061 0.1063 0.1065 0.1062
NGHS 0.1066 0.1066 0.1063 0.1065 0.1062 0.1062 0.1069 0.1064 0.1062
SGHS 0.1067 0.1067 0.1062 0.1072 0.1066 0.1063 0.1068 0.1065 0.1064
PSF-HS 0.1005 0.1006 0.0998 0.1032 0.0976 0.1007 0.0992 0.0995 0.0998
RS 0.1105 0.1101 0.1102 0.1105 0.1101 0.1096 0.1108 0.1099 0.1096
Hyper-RS 0.1062 0.1062 0.1060 0.1062 0.1062 0.1060 0.1062 0.1061 0.1062
Hyper-TPE 0.1059 0.1059 0.1058 0.1059 0.1059 0.1057 0.1050 0.1051 0.1051

have employed T=100 as the number of epochs for DBN learning
weights procedure with mini-batches of size 20. The very same of
ranges were used to initialize the variables for all layers. In order
to provide a more detailed experimental validation, all DBNs were
trained with three different algorithms?!: Contrastive Divergence
(CD) [12], Persistent Contrastive Divergence (PCD) [27] and Fast
Persistent Contrastive Divergence (FPCD) [28]. Additionally, we
employed the Wilcoxon signed-rank test [30] for statistical vali-
dation purposes.

5. Experiments

In this section, we present the experimental evaluation consid-
ering each dataset individually. As aforementioned, the main idea
of this work is to evaluate the robustness of HS-based tech-
niques in the context of fine-tuning DBNs considering the task of
binary image reconstruction. Besides, the proposed approach can
be employed to fine-tune DBNs in the context of data classification
as well.

5.1. MNIST dataset

Table 2 presents the mean MSE over the test set for each opti-
mization technique considering DBNs with one (1L), two (2L) and
three (3L) layers, as well as DBNs trained with CD, PCD and FPCD
learning algorithms. The values in bold stand for the similar tech-
niques with the lowest errors according to Wilcoxon signed-rank
test.

The best mean squared errors were obtained by IHS using one
layer only and PCD as the learning algorithm. Although we can
notice lowest errors when increasing the number of layers for some
situations, it seems PCD and FPCD are most likely to benefit from
such improvement. However, it is important to consider we are

21 We used one sampling iteration for all learning algorithms.

using one sampling iteration for CD, PDC and FPCD only. This means
we might obtain better results using more layers when applying
more sampling iterations, but it is far from beyond the scope of
this work, since we are interested into showing that meta-heuristic
techniques can be successfully employed to fine-tune DBNs. Based
on the results, we may conclude HS-based techniques, specially
[HS, are suitable for the aforementioned task, since they obtained
better results than a random search, as well as lowest errors when
compared to a well-known optimization library (Hyperopt).

Fig. 5a shows the logarithm of the Pseudo-likelihood (PL) consid-
ering all training samples for a given execution of IHS-based DBN
fine-tuning with PCD and FPCD using one layer. Additionally, Fig. 5b
depicts the same information, but now considering RS technique.
Clearly, we can observe better values during the convergence pro-
cess among the epoch iterations for IHS (the greater the values, the
better is the technique).

Obviously, the optimization techniques require much more
computational effort than a simple random search, since the latter
one requires only one execution of the fitness function (DBN learn-
ing algorithm) for each layer, while all other techniques require
55 executions (number of harmonies x number of iterations).
Another interesting point we shall observe is related to the num-
ber of epochs, which is set to 10 in this work. Usually, we may
use hundreds or even thousands of them, but with the price of
a high computational burden. We did not employ such a num-
ber because even a random initialization of the parameters may
converge after a long period of learning. Then, there would be not
reason to employ meta-heuristics for such purpose. However, we
would like to emphasize if one has time-constraints, it is possible
to use the proposed approach to obtain suitable results.

5.2. CalTech 101 Silhouettes dataset

In this section, we present the reconstruction results consid-
ering Caltech 101 dataset, which is more challenging than MNIST
dataset, since it has more classes and complex shapes. Once again,
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Fig. 5. Logarithm of the Pseudo-likelihood values considering (a) IHS and (b) RS for MNIST dataset.

Table 3
Average MSE over the test set considering CalTech 101 Silhouettes dataset.
1L 2L 3L
CcD PCD FPCD CcD PCD FPCD CcD PCD FPCD
HS 0.1695 0.1696 0.1691 0.1695 0.1699 0.1693 0.1694 0.1696 0.1692
IHS 0.1696 0.1695 0.1693 0.1609 0.1607 0.1612 0.1611 0.1618 0.1606
GHS 0.1699 0.1697 0.1692 0.1699 0.1698 0.1695 0.1697 0.1696 0.1694
NGHS 0.1706 0.1703 0.1697 0.1697 0.1703 0.1694 0.1701 0.1699 0.1695
SGHS 0.1703 0.1703 0.1701 0.1709 0.1706 0.1700 0.1708 0.1703 0.1701
PSF-HS 0.1663 0.1670 0.1670 0.1689 0.1691 0.1681 0.1675 0.1684 0.1686
RS 0.1755 0.1759 0.1743 0.1758 0.1755 0.1748 0.1766 0.1766 0.1742
Hyper-RS 0.1696 0.1697 0.1694 0.1662 0.1662 0.1695 0.1652 0.1651 0.1650
Hyper-TPE 0.1694 0.1693 0.1691 0.1693 0.1693 0.1691 0.1649 0.1642 0.1642

IHS obtained the best results, but now with a DBN using three lay-
ers and FPCD as the learning algorithm. As aforementioned, it is
expected a better resulting using a deeper DBN, since this dataset
present more complex shapes, thus requiring better learned fea-
tures. Table 3 displays such results, being the bolded values the
similar techniques with the lowest errors.

Fig. 6a shows the logarithm of the Pseudo-likelihood (PL) at the
second layer considering all training samples for a given execution
of IHS-based DBN fine-tuning with PCD and FPCD using three layers,
and Fig. 6b depicts the very same information for RS. These results
follow the same pattern observed in Table 3, i.e., the greater PL
values, the smaller the amount of reconstruction error.

The proposed approach performs a greedy-based optimization
at each layer, as usually recommended by the literature. Therefore,
we need to re-run HS (and all compared techniques) for each layer
with the parameters fine-tuned in the previous one. In this work,
we did not employ a post-optimization such as gradient descent or
backpropagation, since we believe it would not modify the main
contribution of the paper, which relies on which situations one
should employ a meta-heuristic-based DBN fine-tuning.

5.3. Semeion Handwritten Digit dataset

In this section, we present the results regarding Semeion Hand-
written Digit Data Set, being 30% of the dataset used for training,
and the remaining 70% used for testing purposes. Table 4 displays
the MSE over the test set using the very same procedure applied
to the other datasets, i.e., we evaluate DBNs with 1, 2 and 3 lay-
ers, as well as CD, PCD and FPCD as the learning algorithms. Taking
into account the MSE values, Semeion dataset comprises a more

challenging task, since the techniques used in this work obtained
the highest errors on such data. Such behaviour favoured a larger
number of layers, since the best results were obtained with IHS
using CD and 3 layers. Therefore, a larger number of layers allows
a better description of the data.

Fig. 7a shows the logarithm of the Pseudo-likelihood (PL) at the
first layer considering all training samples for a given execution
of IHS-based DBN fine-tuning with CD and PCD (the second best
result) using three layers, and Fig. 7b depicts the very same infor-
mation for RS. Both figures depict similar PL values, since the results
presented in Table 4 are close to each other with respect to the
techniques considered in these figures.

Differently from the results displayed in Figs. 5 and 6, the
results depicted in Fig. 7 highlighted an interesting situation we
shall consider as future works: we can realize, for some iterations
(e.g., iteration #6 considering Fig. 7a) the worst technique (PCD)
obtained better results than CD, although the latter one achieved
the best PLvalue so far (iteration #10). Such behaviour is very inter-
esting to go towards approaches that combine DBN trained with
different learning algorithms. Cho et al. [6], for instance, showed
the suitability of Parallel Tempering (PT) for training RBMs. Roughly
speaking, the idea of PT is to run several Markov chains at the
same time with different temperatures each. Then, we can select
the Markov chain with the best PL value, for instance. Later on,
Brakel et al. [5] introduced Multi-Tempering to the same context,
i.e., training RBMs. In such approach, the chains can interchange
information, which does not happen with Parallel Tempering (each
chain runs independently). Therefore, a possible idea would be to
run parallel Markov chains with different temperatures also, but
using a different sampling method on each one, i.e., we can use CD
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Fig. 6. Logarithm of the Pseudo-likelihood values considering (a) IHS and (b) RS for CalTech 101 Silhouettes dataset.

Table 4
Average MSE over the test set considering Semeion Handwritten Digit dataset.
1L 2L 3L
CD PCD FPCD CcD PCD FPCD CcD PCD FPCD
HS 0.2128 0.2128 0.2129 0.2202 0.2128 02128 0.2199 0.2128 0.2128
IHS 0.2131 0.2130 02128 0.2116 02114 0.2121 0.2103 0.2109 0.2119
GHS 0.2133 0.2129 0.2128 0.2129 0.2130 0.2129 0.2129 0.2129 0.2128
NGHS 02134 0.2132 0.2131 0.2130 0.2131 0.2129 0.2131 0.2132 0.2130
SGHS 0.2135 0.2131 0.2130 0.2131 02131 0.2130 02132 0.2132 0.2130
PSF-HS 0.2137 0.2130 0.2130 0.2121 0.2120 0.2124 0.2120 0.2120 0.2121
RS 0.2146 0.2143 0.2145 0.2146 0.2144 0.2139 0.2143 0.2140 0.2140
Hyper-RS 02127 0.2129 02129 0.2129 02129 0.2129 0.2129 0.2129 0.2128
Hyper-TPE 0.2128 0.2128 02128 0.2128 02128 0.2127 02128 0.2128 0.2128

for one chain and PCD for another. Then, we can use the best learn-
ing algorithm considering each iteration, thus “jumping” from one
chain to another.

5.4. Discussion

The experimental results over the datasets allow us to draw
some important conclusions. First, the reader can benefit from
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any optimization technique instead of using a random search for
DBN fine-tuning. Although we may pay the price of a higher com-
putational load, we can apply meta-heuristic techniques for such
purpose whenever the computational time is not a big deal. Second,
IHS seemed to be the most effective technique among all HS-based
variants, showing the strategy of dynamic updating PAR and band-
width values is of great importance in the context addressed in this
paper.
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Fig. 7. Logarithm of the Pseudo-likelihood values considering (a) IHS and (b) RS for Semeion Handwritten Digit.
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In regard to the DBN architecture, we have observed the more
complex the datasets are, the more layers we need to better
describe them. Considering MNIST dataset, the best results were
achieved with one layer only, while we needed three layers to
obtain the lowest reconstruction errors over Semeion dataset. Tak-
ing a look at Fig. 4a and c, we can observe the digits comprised in
MNIST dataset are “well-behaved”, thus imposing a less difficult
problem than Semeion dataset.

Although CD obtained the best results considering Semeion
dataset, PCD was the second best approach, with results very close
to CD. The Persistent Contrastive Divergence also obtained the best
results together with CD and FPCD over Caltech dataset, and once
again the best results with FPCD with respect to MNIST data. There-
fore, the idea of building a persistent chain instead of reinitializing
itwhenever a new training sample appears during the learning pro-
cedure seems to improve DBN results. We must highlight here we
have used 10 iterations for the training step only, since we are not
interested into outperforming the best results to date. If we have
time enough for learning purposes (i.e., thousands of iterations),
the idea is that both random search and meta-heuristic techniques
may obtain very similar results, although we still have observed
a slight advantage of meta-heuristic techniques over the random
search.

6. Conclusions

Deep Belief Networks have been extensively used for several
applications in the last years due to their capability on describing
data using a number of layers that encode different source of infor-
mation. However, we can observe only a few works that aim at
tackling the problem of model selection for such techniques, i.e., to
learn the set of parameters that lead to the best results. It is usual
to find works that an employ empirical evaluation of such param-
eters, or even random values. While the former approach might
be time-consuming, the latter one may not be the best choice. In
this work, we introduced Harmony Search in the context of DBN
parameters fine-tuning, as well as we compared a number of its
variants against with a random search and the well-known Hyper-
opt library.

In order to fulfil the purpose of this work, we used three
public datasets aiming at binary image reconstruction with dif-
ferent characteristics. Although all datasets are shape-oriented,
Semeion Handwritten Digit is more challenging, since it has more
complex shapes. The experimental results were carried out using
cross-validation with 20 runnings and with three different learn-
ing algorithms: Contrastive Divergence, Persistent Contrastive
Divergence and Fast Persistent Contrastive Divergence. Consid-
ering MNIST dataset, the best results were obtained with PCD
and FPCD learning algorithms using IHS and one layer only,
while for Caltech dataset, the best results were obtained with
FPCD using IHS and three layers. The latter dataset required
a deeper DBN than the first one, since it contains more com-
plex shapes at different positions. Since Semeion dataset poses
a more challenging task, it required more layers than the
other datasets to obtain the best results, which is not surpris-
ingly.

We believe we could achieve the main goal of this work, which
is based on the hypothesis that a fast meta-heuristic technique
is suitable to fine-tune DBN parameters. Although swarm-based
techniques such as Particle Swarm Optimization or evolutionary
approaches such as Genetic Algorithms may obtain slightly bet-
ter results, we believe their high computational load may not fit to
this problem. In regard to future works, we aim at fine-tuning Deep
Boltzmann Machines, which have a close formulation to that one
of DBNs.
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