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Abstract—Knowledge discovery in databases (KDD) has re-
ceived great progress in recent years for the need of mining
useful knowledge in the ever growing information. The advances
in machine learning technologies effectively promote KDD in the
procedures of feature extraction and data categorization. This
paper introduces a framework that combines feature extraction
and categorization of the collected data in order to recognize
useful structured patterns that underlies the raw data. This frame
work consists of three modules: data pre-processing module,
feature extraction module, and feature classification module.
We propose a four-layered deep neural network as the feature
extraction architecture. Each layer is trained in an unsupervised
way as one auto-encoder with sparsity constraint. We employ a
softmax classifier to assign a label to the extracted feature. The
supervised and unsupervised training strategies are discussed at
the end of this paper to disambiguate the training procedure of
the entire model.

Index Terms—Knowledge discovery, deep neural network,
sparse auto-encoder, softmax classification

I. INTRODUCTION

The last decades witnessed a great progress in information
technology. The amount of information that is delivered,
transmitted or processed increases at a fast pace. People are
buried in the ocean of information. Knowledge discovery in
databases(KDD) is a technique that has attracted considerable
researchers to discover knowledge that is useful to people
from information [1]. The knowledge is referred to as the
information that represents the inner connection of subjects,
underlies the raw data, and is easy to be accepted [2]. To
deal with the ever increasing market competition and need
for decision support, many manager of the enterprises resort
to knowledge discovery in databases as a powerful tool for
decision making, demand analysis, etc [3], [4].
Previous methods are well-suited for problems that have

limited amount of data, or fixed size data. However, they are
less efficient for larger databases. Hence, research work has
been dedicated to finding an appropriate data arrangement,
an discriminative representation, and a expressive model [5].
Researchers have found that the above mentioned three factors
are highly correlated. A key factor in KDD is data min-
ing, which incorporates database system, statistics, machine
learning, neural networks, logistic theory, rough sets, etc. A

Fig. 1. Common knowledge discovery in databases procedure.

proposed discovery strategy can increase the efficient of data
mining, as well as reduce human intervention [6].
A common knowledge discovery procedure is illustrated

in Figure 1, in which we can see that it consists of 5
parts, i.e. data collection, data pre-processing, data transform,
data mining, and pattern interpretation. Data collection means
creating a database from immense information in real world
according to the user’s specific interest. The raw data in the
world often exist in a chaotic order. The data collection is
accomplished by human labor and the data usually comprise
noise, which need the data pre-processing procedure to remove
the noise. Data pre-processing employs techniques such as
low-pass/high-pass filtering for signal data, median/average
filtering for image data, and Gaussian filtering for audio data.
Among the collected data, there are also many instances that
come from other domain, and that have a long distance to
the desired data according to a specific distance metric. These
instances are usually regarded as the outliers, which also need
to be removed in the data pre-processing procedure. Since the
model for data mining varies in different circumstances, the
input data vary in format accordingly, which needs the data
transform to accomplish this. For example, the conventional
convolutional neural networks require the input image to have
a fixed size [7], while the collected images have arbitrary sizes.
The kernel support vector machine performs well when the
input data to be in a relatively low dimension, while the data
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collected often resides in a relatively high feature space [8].
The core of a knowledge discovery strategy is the data min-

ing. It has a direct impact on the performance and effectiveness
of the whole procedure. Most data mining methods are based
on machine learning, pattern recognition, and statistics. Par-
ticularly, they can be generally categorized into the following
groups:
1) Categorization. Mine for interpretation or model of

each category among the statistics in the database. This is
accomplished by technique such as decision tree, rough set,
neural network, etc.
2) Regression analyses. Find a function that maps the data

to a real number, predictive variable in order to discover the
dependencies between variables and attributes.
3) Clustering. Recognize a set of clustering rules, mainly by

means of feasibility density estimation, so that the data can be
clustered into different groups.
4) Parsimony. Given a dataset, find a tight description of

it. Most descriptions employ linked data rules, visualization
techniques, and business diagrams.
One of the most widely accepted technique in data mining

is machine learning [9], which investigates how to simulate
or realize the learning behavior of human beings to obtain
new knowledge or skills, or to organize learned knowledge
structure in a new way so that the performance could be
continuously updated. As the core of artificial intelligent, ma-
chine learning is a fundamental way to computer intelligence.
Its applications include many aspects in artificial intelligence,
employing induction and synthesis rather than deduction. Deep
learning, a branch of machine learning, obtains a more power-
ful feature representation ability in recent years. The coming
of big data era stimulates the progress of data-driven deep
learning model, enabling a more effective feature extraction
mechanism [10].
Deep neural network is a mathematical model of informa-

tion processing that is similar to the structure of brain synaptic.
Deep neural network is a kind of computational model, com-
posed of a large set of nodes(or neurons) connected between
each other. Each node represents a specific output function
called the activation function. Each connection between two
nodes represents a weight, which is equivalent to the artificial
neural network memory. The network’s output depends on the
connection of the nodes, the weight and activation function.
The network itself may be an approximation of some algo-
rithms in nature, or the expression of a logical strategy.

II. FEATURE EXTRACTION STRATEGY

In this section, we introduce the feature extraction strategy,
which plays an important role in data mining. One of the most
widely used strategy is to extract features from raw data in
a bottom-up processing order, including low-level extraction,
encoding, pooling, etc. Another effective feature extraction
method is the deep neural network model that extracts features
automatically.

A. Low-level feature extraction

Low-level feature extraction is the first step toward pattern
recognition, including two extraction strategy: interested point
extraction and dense feature extraction. Common local feature
points include Scale-Invariant Feature Transform (SIFT) [11],
Histogram of Oriented Gradient (HOG) [12], Local Binary
Pattern (LBP) [13], etc. Methods that achieve better perfor-
mance often employ a combination of feature point types in
a densely extraction way. By extracting a large number of
redundant features, these methods aim at capturing the low-
level information in a greedy way, preventing the loss of too
much useful information.

B. Feature encoding

Since the densely extracted low-level features contain a
much redundancy and noise, an encoding mechanism is needed
to enhance the robustness of feature expression as well as to
obtain the more discriminative features. Some most famous
feature encoding algorithms include vector quantization [14],
kernel codebooks [15], sparse coding [16], locality-constrained
linear coding [17], salient coding [18], Fisher vector coding
[19], super-vector coding [20], Bag of Word model [21](Fig-
ure 2), etc.

Fig. 2. Bag of Words representation of image features. Left: object presented
in an image. Right: object parts in a bag.

C. Feature pooling

Feature pooling integrates the encoded feature set with
spatial information. Among the encoded features, take the
mean or average value of each dimension to a pooled feature.
In this step we can get a more robust feature representation
which is invariant to certain transforms, as well as avoid
high computational cost when using the entire feature set.
Spatial Pyramid Matching (SPM) [22] is proposed to averagely
divide an image into several subregions, i.e. 1*1, 2*2, 4*4.
Take feature pooling operation in each subregion and then
concatenate the subregion feature as a feature representation.
It is the dual form of Pyramid Matching Kernel (PMK) [23] in
spatial region. Yang et al. [24] proposed linear spatial pyramid
matching using sparse coding (ScSPM). By learning over-
complete sparse features, ScSPM maps linear non-separable
features in low dimension into linear separable features in
high dimension, so that linear Support Vector machine (SVM)
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(a) (b)

Fig. 3. Basic architectures of human neuron and artificial neuron.

can be applied on them, which greatly reducing the classifier
training time and memory space consumption.

D. Auto-encoder

The auto-encoder [25] is a basic neural network structure
which is proposed in twentieth century, and it is widely
used for dimension reduction and feature extraction. The
auto-encoder consists of two basic components: encoder and
decoder. The encoder transforms the input data to the hidden
layer while the decoder transforms the hidden layer to the
output layer, requiring that the output data resemble the input
data. Auto-encoder is an unsupervised learning method based
on feature reconstruction. Added with different constraints, we
can get different variations such as Denoising Auto-encoders
[26] and Sparse Auto-encoders [27].

III. MULTI-LAYER NEURAL NETWORKS
A. Model architecture

Studies in neurophysiology and neuroanatomy have shown
that neuron is the basic unit of brain tissue. It is structured as
four main parts: cell body, dendrite, axon, and axon terminal
(as shown in Figure 3(a)). The cell body is the main part of a
neuron. The dendrite has exquisite tubes that extent out from
the cell body, which receive information from surrounding
neurons, known as the input of a neuron. The axon is the
longest channel that transforms information to other neurons
via its terminal, which is known as the output. Similarly,
researchers have proposed a basic artificial neuron model that
simulate the basic structure and function of human neuron
(as shown in Figure 3(b)). It typically consists of three parts:
input, summation unit, and activation function. The input data
(denoted as X = {x1, x2, ..., xn}), together with a bias term
b, are taken as the input to the summation unit through the
weights W = {w1, w2, ..., wn}:

u =WX + b =

n∑
i=1

wixi + b (1)

Alternatively, the above summation function is usually denoted
as a more uniform form:

u =WX =

n∑
i=0

wixi (2)

where the bias term b is denoted as w0 and X is add by one
dimension X = {1, x1, x2, ..., xn}. The activation function

transforms u to the final output. Many types of functions can
be chosen to be the activation function. We choose the most
common one, known as the sigmoid function:

y = sigmoid(u) =
1

1 + exp(−u) (3)

The proposed multi-layer neural network is structured by
hooking together many of the single artificial neuron, as
illustrated in Figure 4. In this figure, the circles denote the
summation unit and the activation function. Input and output
data are connected by a straight line. The network has four
layers: input layer (X), hidden layer 1 (a1), hidden layer 2
(a2), and output layer (y). The information is passed through
the network by the weights in each layer (W 1,W 2,W 3).
Specifically, the computation that this neural network repre-
sents is given by the following equations:

u1 =W 1X

a1 = sigmoid(u1)

u2 =W 2a1

a2 = sigmoid(u2)

u3 =W 3a2

y = sigmoid(u3)

(4)

Fig. 4. Architecture of the proposed multi-layer neural network.

B. Back propagation

For a training set with labels
(x(1), y(1)), (x(2), y(2)), ..., (x(m), y(m)), We can obtain
the weights for each layer by batch gradient descent [28].
The cost function of a single sample point is as follows:

J(W, b;x, y) =
1

2
||hW,b(x)− y||2 (5)

The cost function of the entire dataset with m samples is:

J(W, b) = [
1

m

m∑
i=1

J(W, b;x(i), y(i))]+
λ

2

nl−1∑
l=1

sl∑
i=1

sl+1∑
j=1

(W
(l)
ji )

2

(6)
Our objective is to optimize W and b such that the cost func-
tion is minimized. The batch gradient descent first initializes
all parameter W (l)

ji and b(l)i to a random number near zero.
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The gradients are obtained by computing the partial derivative
of the cost function with respect to W (l)

ji and b(l)i :

∂

∂W
(l)
ji

J(W, b) =

[
1

m

m∑
i=1

∂

∂W
(l)
ji

J(W, b;x(i), y(i))

]
+ λW

(l)
ji

(7)
∂

∂b
(l)
i

J(W, b) =
1

m

m∑
i=1

∂

∂b
(l)
i

J(W, b;x(i), y(i)) (8)

Then the parameters are obtained by iteratively minimizing
the following functions:

W
(l)
ji =W

(l)
ji − α ∂

∂W
(l)
ji

J(W, b) (9)

b
(l)
i = b

(l)
i − α ∂

∂b
(l)
i

J(W, b) (10)

where α is the learning rate, which should be elaborately
chosen because the learning rate affects the algorithm’s con-
vergence speed, or even leads to divergence.

C. Sparse auto-encoder

The architecture of an auto-encoder is shown in Figure 5, in
which a three layer neural network is presented. The basic idea
of the auto-encoder is that by enforcing the output values to be
equal to the input, the auto-encoder can learning its weight all
by itself. Thus, it is an unsupervised feature learning method.

Fig. 5. Basic architecture of sparse auto-encoder. This network learns an
alternative representation of the input data by transforming the input data from
a feature space to another feature space while imposing constraints that the
outputs must be equal to the inputs.

Given a set of training examples without labels, we first
perform forward propagation to get the output hW,b(x), hence
the error is obtained δ(x) = x− hW,b(x). We back propagate
the error to the input as we optimize the weight W =
{W (1),W (2)} according to the gradients in order to minimize
the error. We perform the forward-backward propagation iter-
atively until the weights converge.

This type of network consists of only three layers, two of
which are of the same size (the input layer and the output
layer have the same number of neurons). The only difference
is in the hidden layer. Different number of neurons in the
hidden layer can lead to different representations to be learned
from the training examples. We can put sparsity constraints
on the hidden layer. The sparsity constraints imply that the
minimum number of neurons in the hidden layer are activated.
The average activation of hidden neuron j is:

ρ̂j =
1

m

m∑
i=1

[
a
(2)
j (x

(i))
]

(11)

where a(2)j (x
(i)) denotes the activation of hidden neuron j. If

the average activation of the hidden neuron is enforced to be a
small value close to zero, ρ̂j = ρ, hence ρ is called the sparsity
parameter. The sparsity constraint is achieved by adding a
penalty term in the energy function to penalize ρ̂j deviating
significantly from ρ. The Kullback-Leibler (KL) distance [29]
is a desirable metric for this penalty.

s2∑
j=1

KL(ρ||ρ̂j) (12)

Hence, the cost function with sparsity constraint can be
explicitly formulated as follows:

Js(W, b) = J(W, b) + β

s2∑
j=1

KL(ρ||ρ̂j) (13)

where J(W, b) is defined in equation 6, and β is the tradeoff
between sparsity penalty term and the cost function.
In fact, sparse auto-encoder learns another representation of

the input data by transforming the input to the hidden layer.
The dimension of the projected feature space depends on the
number of hidden neurons. The overall structure of the pro-
posed neural network shown in Figure 4 can be accomplished
by stacking multiple sparse auto-encoders together. Let the
output of layer i be the input to layer j. Thus the weight
W (i) can be learned in an unsupervised way.

D. Softmax classification

Analyzing the data from web can be regarded as the prob-
lem of categorization. The number of labels depends on the
problem. Generally speaking, most problems we encountered
are the multi-label categorization. The Softmax classification
model is an efficient classifier that can tackle this problem.
This model is the generalization of logistic classification,
which is used to decide whether a sample belongs to one of
two classes. The softmax classification degrades to logistic
classification when there are only two labels. Different from
the sparse auto-encoder, softmax classification is accomplished
in a supervised way. The softmax classifier can be used to
categorize the features extracted by the deep neural network
as shown in Figure 6.
Given a training set with m training examples

{(x(i), y(i)), ..., (x(m), y(m))}, the parameter θ can be
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Fig. 6. Softmax classification system consists of three parts. The input data
are fed into the multi-layer neural network, followed by the softmax classifier.

vectorized in the following format:

θ =
[
θT1 θ

T
2 . . . θ

T
k

]T
(14)

The cost function for the training set is:

J(θ) = − 1
m

⎡
⎣ m∑
i=1

k∑
j=1

1{y(i) = j}log eθ
T
j x

(i)

∑k
j=1 e

θT
j
x(i)

⎤
⎦ (15)

where 1(·) is the indicator function, meaning that it is 1 if (·)
holds true and 0 if (·) do not. The gradient is as follows:
∂

∂θj
J(θ) = − 1

m

m∑
i=1

[
x(i)(1{y(i) = j} − p(y(i) = j|x(i); θ))

]
(16)

where p is the output of softmax classifier:

p(y(i) = j|x(i); θ)) = eθ
T
j x

(i)

∑k
j=1 e

θT
j
x(i)

(17)

Finally, we can optimize θ by iteratively updating θj := θj −
α ∂
∂θj
J(θ) for j = 1, ..., k, where α is the learning rate.

E. Training strategy

The supervised learning and unsupervised learning are two
major learning strategies in machine learning. The proposed
method encounters both of them, while they are suited for
different situations. The supervised way features training the
model parameter with the help of groundtruth, while the un-
supervised way features learning the model parameter without
the help of groundtruth. The supervised learning is often
used in training the classifier or the entire neural network.
The unsupervised learning is used in learning the weights of
sparse auto-encoder. Hence, to choose the appropriate learning
strategy depends on the groundtruth label. In our case, we
employ the supervised learning for training softmax classifier
and the unsupervised learning for training sparse auto-encoder.

IV. CONCLUSION AND FUTURE WORK

Nowadays, advances in social media have reduced the cost
of the information generation and delivery. A great amount of
information is being made every minute, known as the infor-
mation exploration. The information is organized in a chaotic
order. Knowledge discovery in databases is the technique that
mines for structured patterns in the raw data. This paper first
introduces the development of KDD and the overall system,
and then proposes a deep neural network for feature extraction
and the softmax classifier for feature extraction. Finally, the
different training strategies are discussed. Future work may
focus on developing a more effective neural network archi-
tecture in order to extract features with more discriminative
power. The choice of proper pre-processing algorithm has a
great impact on final result, which will also be discussed in
the future work.
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