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Abstract

There is a question in machine learning of how to use representation and feature
learning to develop e�ective mo dels for pattern recognition. This thesis prop oses
two metho ds of e�cient time series recognition. The �rst mo del prop oses the use
of Dynamic Time Wa rpi ng (DTW) as a distance measure for time series to emb ed
dissimilarities into vector space using Dissimilarity Space Emb edding (DSE). Next,
the thesis intro duces the idea of using AdaBo ost as a prototyp e selection and ensemble
classi�er building solution to reduce the dimensionality of the space created by DSE.
For the second metho d, a novel fee d forward network for time series called a Dynamic
Time Warping Neural Network (DTW-NN) is prop osed. DTW-NNs implement DTW
as a kernel-l ike function and integrate them into fully-connected neural networks by
replacing the traditional l inear kernel. In addition, this thesis explores the internal
representations learned by Convolutional Neural Networks (CNN). CNNs typically
are trained on large quantities of data, but often times acquiring heavily annotated
sup ervised lab els for ob ject detection is di�cult. However, the thesi s shows that it is
p ossible for CNNs to develop inferred representations of image comp onents with only
image-level lab els. This thesis also explores the internal representations and describ e s
the characteristics of correctly detected comp onents.
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Chapter 1

Intro duction

Pattern recognition is a branch of study that aims to �nd patterns in data and to

understand its attributes [1]. In particular, pattern classi�cation assigns lab els, or

classes , to data. Pattern recognition and classi�cation are essential for understanding

the real world and can b e traced back to the b eginning of human evolution and

cognition [2]. It is thoroughly intertwined in daily life and machine-based pattern

recognition aims to solve a wide array of applications with the use of computers. For

example, some of these applications include, ob ject de te ction and recognition, text

recognition, handwri ting and sp eech recognition, action and gesture analysis, and

more.

In the past, pattern recognition algorithms used rul e-based systems which im-

plement hand-designed programs for decision making. Howe ver, these metho ds are

in�exible and cannot b e generalized to applications they were not designed for. Fol-

lowing rule-based systems, early machine learning metho ds employed more general

mo dels which could learn from predetermined features. U sing machine learning was

a large step forward b ecause it gave computers the ability to le arn without explicit

instructions [3].

Furthermore, an imp ortant issue in pattern rec ognition and machine learning is

the features used for the metho d a nd the way in which the data is represented.

17



18 CHAPTER 1. INTRODU CTI ON

Figure 1-1: Flowchart comparing representation learning to classic machine learning
as detailed in [7]. The b oxes shaded blue are learned from data.

An e�ective data representation for machine learning mo dels would b e one that b est

describ es the data or one that captures the most discriminating features [4]. However,

determining that representation is not a straightforward task and there has b een much

research dedicated to prepro cessing, feature design, and transformation of data [5, 6]

for that purp ose. Despite this, often it is di�cult to know which features or what

representation is b est for the mo del.

To overcome this, the concept of representation learning is used [8]. Figure 1-1

compares the di�erence b etween classic rule-based systems, traditional machine learn-

ing m o dels, and representation learning. Representation learning employs machine
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learning to discover and learn features from the data with minimal interference from

humans. Using represe ntation learning in thi s way requires neither explicit instruc-

tions nor hand-crafted features. This allows the recognition me tho d to b e able to

learn the b est representation of the data and features for its own system.

1.1 Motivation

The central asp ect of any representation learning metho d is to �nd the b est represen-

tation of the data. The success at which a mo del can distinguish classes dep ends on

how well the representation of the data could discriminate patterns into the classes.

A go o d represe ntation learning mo del would b e able to learn the b est features to in-

crease its p erformance, use and understand the structure and attributes of the data,

and b e able to generalize to unseen instances of the data. This can b e done by

improving the robustness of the mo del and by increasing training examples for the

mo del.

1.1.1 E�ectiveness

The manner in how a pattern is represented a�ects the ability of a pattern recognition

metho d. For instance, supp ose a classi�e r was given the task of separating images

into two c lasses, �Cars� and �Motorcycle s.� From the images, it would b e p ossible to

identify hand-crafted features , such as �height,� �width,� �color,� �numb er of wheels,�

�window size,� etc. A classic machine learning metho d would b e suggested these

features and the classic machine learning metho d would p erform its task. But in

this example, if a classi�er wa s provided with arbitrary classes such as �color� and

�height,� then it would b e di�cult to distinguish the ob ject. However, if it was

provided with �numb er of wheels� or �window size,� then it would intuitively b e easier.

Although, even then, the ob jects could have variations in lighting, angles, p osition,

scale, obstructions, etc. which would e�ect the accuracy.
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A di�erent approach to the problem would b e to utili ze representation learning

and provide the classi�er with a version of the data which allows the system to

discover features with minimal human intervention. In thi s way, the e�ectiveness

of the classi�er would b e determined by its ability to represe nt the data and use

the learned features. Consequently, it would b e di�cult to learn high-level features

based on the raw data alone. The data could b e complex with structural asp ects,

such as image s or time seri es. These forms of data would require extra attention to

maintain their structures and mo dels would need to b e develop ed to tackl e the extra

considerations.

1.1.2 E�ciency

Recently, it has b een a trend in pattern recognition and machine learning to use large

datasets in order to build more robust mo dels. By using larger data sets, it is p ossible

to build b etter representations of the data and avoid biases [9]. For example, a famous

work by Banko and Brill [10] demonstrated that for natural l anguage pro cessing, the

numb er of words in the training dataset was more imp ortant than the complexity of

the classi�er. In mo dern times, a tremendous amount of data has b ee n made available

which has increased the accuracy of pattern recognition. For instance, the work of

80 mill ion tiny images [11] revealed that even a simple nearest neighb or classi�er

p erforms su�ciently with a massive numb er of image patterns. Similar trials with

large amounts of patterns have b een made for image segmentation [12], video image

recognition [13, 14], and character images [15, 16].

Howeve r, while large data has increased the e�e ctiveness of mo dels, it comes with

the price of a large computational requirement. The desire for real-time and fast

pattern recognition combined with the growing complexity of learning mo dels leads

to a massive requirement for pro cessing p ower to b e able to use the large data. Whil e

advances in technology have aided the supp ort of the com putatio nal requirement, an

alternative would b e to design more e�cient metho ds of utilizing the data.
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1.2 Purp ose

The purp ose of this thesis is to extend e xisting metho ds of representation learning by

improving their e�ectivene ss and e�ciency with novel metho ds and to create a b etter

understanding of the learned representations.

1.2.1 Extending Dissimilarity Representation

Dissimilarity representation is an approach to represent the data as dissimil arities to

prototyp e patterns rather than the pattern's features direc tly [17]. By representing

the data as dissimilarities, complex structural patterns, such as online handwritten

characters, can b e used with vector space with the use of Dissimila ri ty Space Em-

b edding (DSE). However, using DSE with massive sets of prototyp es creates a very

high-dimensional vector space that is sub ject to the curse of dimensionality [18].

Consequently, using feature learning and fea ture sele ction, it is p ossible to reduce

the dimensionality of the DSE while simultaneously building a b etter representatio n

mo del for classi�cation. This thesis demonstrates the ability to extend DSE to time

series recognition as well as prop oses the use of Adaptive Bo osting (AdaBo ost) [19]

to create an e�ective and e�cient classi�er for DSE.

1.2.2 Extending Deep Learning Representation

Deep learning attempts to recognize complex patterns by learning higher level fea-

tures based on lower level features [7]. For example, Multi-Layer Perc eptro ns (MLP)

combine stacked layers of p e rceptrons, or neurons, to map simple features into high-

level representations of the data for probabilistic mo dels. These features are learned

by training parameters through the minimiz ati on of the e rro r.

Where MLPs tackl e statistical data, sp ecialized Arti�cia l Neural Networks (ANN)

are used to learn structural features by resp ecting structural asp ects of data. Some

examples include Convolutional Neural Networks (CNN ) [20] for images and Recur-
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rent N eural Networks (RNN) [21] for time series. These metho ds were bui lt to exploit

the structures i nhe rent to their data domains as well as le arn features of that domain.

While RNNs have had success with time series patterns, they are not necessarily

the most e�ective solution for all time serie s patte rns. RNNs use recurrent connec-

tions to learn temp oral relations b etween time se ries elements. Long Short-Term

Memory (LSTM) [22] networks, in particular, deve lop long-term dep endencies b e-

tween ele ments. However, for time series patterns with spatial asp ects, such as online

handwriting, just learning relationships b etween elements is not su�cient. This thesis

prop oses a feed forward neural network with the ability to lea rn the structural rel a-

tionships, overcome temp oral distortions, and demonstrate advantages over RNNs.

1.2.3 Insp ecting Representation Learning

It is imp ortant to understand the representations learned by the representation learn-

ing mo dels. By understanding the represe ntations and the characteristics, mo dels can

b e built up on and b e extended to data of other tasks and domains. The purp ose of

this thesis is to understand the internal representations learned by the mo dels.

To understand the representations learned, this thesi s aims to do thorough anal-

ysis on the prop osed metho ds and comparative evaluations. It explores the di�erent

asp ects of the mo dels and demonstrates their usefulness. Insight into the prop osed

mo dels is useful for their future extension and use for future applications.

In addition, this thesis i nvestigates the ability of CNNs to use weakly sup ervised

lab els which co nsi sti ng of only image-level comp onent annotations. Traditional ma-

chine learning ob ject detec tion techniques [23, 24, 25, 26] require detailed sup ervision

during training. For som e datasets, annotating the lo calization of e very comp onent is

costly to obtain. Thus, it is imp ortant to determine the ability of CNNs to infer the

shap e and lo cation of comp onents and analyze the asp ects of the comp onents that are

learned. This insp ecti on can aid in the understanding of CNNs and representation

learning as a whole.
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1.3 Contributions

The fo cus of this thesis is to develop metho ds that are b oth e�cient at representing

the data as wel l as e�ective as pattern recognition mo dels. In this thesis, two novel

metho ds of e�ci ent and e�e ctive classi�cation of discrete time series patterns using

representation learning are presented. In addition, the di�erent asp ects and features

that were le arne d are explored.

The contributions of this thesis are as follows:

� It prop oses the use of Dynamic Time Warping (DTW) as a distance m easure

to emb ed time series patterns into DSE.

� It addresses the dimensionality reduction requirement of DSE with the use of

AdaBo ost. DSE o�ers an interesting prop erty in which feature selection is the

equivalent to prototyp e selection, thus, using feature sele ction on a vector space

created by DSE reduces the computational time. By using AdaBo ost, features

are selected through training and a �nal strong ensemble classi�er is built. This

thesis shows that using AdaBo ost with DSE in this way is an e �ective metho d

of representation learning.

� It demonstrates the strength of using DSE with AdaBo ost on the task of time se-

ries by evaluating the metho d on isolated online handwritten characters. Using

DSE with D TW based emb eddings, exp erimental analysis shows that AdaBo ost

can achieve a high accuracy wi th very few prototyp e patterns.

� It analyzes the patterns that AdaBo ost uses to develop a strong cl assi�er for

dissimilarity representations. Exp eriments are conducted to show the discrim-

ination p ower of the prototyp es selected by AdaBo ost. In a ddi ti on, this the sis

prop oses the use of prototyp es from classes external to two-cl ass classi�cations.

� It describ es a novel feed forward neural network for time series data called a

Dynamic Time Warping Neural Network (D TW-N N). The DTW-NN exploits
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DTW as a dynamic alignment technique to align weights to inputs in order to

adapt MLPs for time series patterns. It is able to accomplish this by considering

DTW as a nonlinear inner pro duct to replace the traditional inner pro duct. In

this way, an optimized representation of the data can b e learned while enforcing

consideration for temp oral structure.

� It demonstrates the e�ectiveness of DTW-NN by classifying online handwritten

characters. The exp eriments demonstrate that DTW-NNs are state-of-the-art,

e�cient, and robust to temp oral distortions. They also reveal the advantages

of DTW-NNs over the established metho d of using deep learning on time series,

RNNs.

� It investigates the abil ity of CNNs to determine the presence of comp onents

given only weak sup ervision. With the use of Chinese characters, this thesis

demonstrates that Chinese character comp onent awareness is p ossible based

only on the inference that the com p onent exists somewhere within the context

of the image. Through the investigation, it is reveal some of the factors and

characteristics of the inferred representation of the data.

� It veri�es the abil ity of CNNs to learn inferred representations of the data

by running exp eriments with the target c omp onent removed. Removing the

comp onent and testing on the trained mo dels ensures that the learning of the

comp onents is not only based on context, but the comp onent itself. For e xa mple,

given the Chinese character � „ ,� a CNN is trained with weak sup ervision to

detect the presence of the � l � comp onent. Then, the CNN is tested wi th a

� „ � with the � l � removed to verify that the CN N learned the structure of the

comp onent.
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1.4 Organization of Thesis

The remainder of this thesis is organized as follows:

Part I de sc rib es representatio n learning for time series recognition. Chapter 2 pro-

vides the background for time se ries recognition and intro duces dissimilarity represen-

tation metho ds and deep learning metho ds. Chapter 3 demonstrates that AdaBo ost

with a DTW distance based DSE is an e�ective metho d of representation learning for

time series recognition. Chapter 4 prop oses DTW-NN, a novel feed forward neural

network with dynamic weight alignment.

Part I I describ es image recognition with representation learning. Chapter 5 pro-

vides the background for image classi�c ati on and ob ject detection metho ds with

CNNs. Chapter 6 investigates the fe ature s learned by CNNs on the task of weakly

sup ervised comp onent detection.

Conclusions and future work of this thesis are drawn in Chapter 7.

This thesis also includes three a pp endices. App endix A and B contain the pro-

totyp es sel ected by AdaBo ost and AdaBo ost with external classes, resp ective ly. Ap-

p endix C contains the confusion m atri ces for DTW-NN and a comparative metho d

using an LSTM.
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Chapter 2

Background

In this chapter, a basic de�nition for time series recognition and examples of repre-

sentation learning metho ds are describ ed. Section 2.1 intro duces time series and their

application to time serie s recognition. In addition, Section 2.1 thoroughly details an

e�ective dynamic programming solution to calculate the distance b etween tim e series

called Dynamic Time Warping (DTW). Sections 2.2 and 2.3 provide background for

dissimilarity representations and deep learning representations, resp ectively. These

sections provide a foundation for re pre sentation learning with time series.

2.1 Time Series Recognition

A discrete time series is de�ned as an ordered sequence of values indexed over tim e

intervals. Time series recognition covers a wide range of domai ns related to patterns

dep endent on time, some of which includes, gestures, sp eech and sound, handwriting,

video, signal s, �nance, etc. Unlike statistical, or ve ctor spac e, pattern recognition,

time series intro duce di�culties such as dep endency on sequence order and intercon-

nectivity b etwe en elements. In addition, di�culties such as temp oral distortions need

to b e considered. Some temp oral distortions can include variance in rate, length, and

translation. Due to these challenges, traditional statistical metho ds cannot b e used

27
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Figure 2-1: Example of three time series patterns which b elong to the same class but
have large temp oral distortions.

with temp ora l patterns.

2.1.1 Example: Online Hand written Character Recognition

Isolated online handwritten characters are a classic source of data for time series

classi�cation. Pen tip-based online handwriting consists of ordered spatial co ordinates

which represent di gits and characters. They are useful for time series recognition due

to having distinct classes yet fac e di�culties such as temp oral distortions and within-

class variance, such as the patterns in Fig. 2-1 . The �gure shows three handwritten

digits which are structurally similar but have temp orally di�erent rates. Without

temp oral consideration, the three digits could b e classi�ed as di�erent classes.

An imp ortant quality of handwritten digits and characters is that the p ositioning

of the elements is de lib erate and generally conform to distinct classes. However,

there are many variations of each character, hence, isol ated characters o�er distinct

classes whi le maintaining a high variation within the classes. Therefore, isolated

online handwritten digits and characters can provide representation learning mo dels

with complex data with hi gh variation and temp oral distortions while still re qui ring

the mo del to adhere to the structural nature of time se ri es.

Unip en Online Handwritten Digit and Character Dataset

The online handwritten digit a nd character datasets used for the exp eriments were

the Unip en multi-writer 1a (digits), Unip en 1b (upp ercase alphab et), and Unip en 1c
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(a)

(b)

(c)

Figure 2-2: A representa ti ve example of each c lass of the Unip en 1a (a), Unip en 1b
(b), and Unip en 1c (c ) datasets.

(lowercase alphab et) datasets [27]. Fi gure 2-2 shows an example from each of the

classes in each resp ective dataset. In the �gure, the patterns are rendered to images,

but in the dataset, they are time series consisting of 2D co ordinates. The dataset

consists of ab out 15 ,000 ordered sequences of p en tip c o ordinates and was collected

by the International Unip en Foundation (iUF). 1 The Unip en online handwritten digi t

and character datasets are well established and a common source of data for time se ries

recognition.

1 URL: http://www. unipen.org/home.html

http://www.unipen.org/home.html
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(a) (b)

Figure 2-3: A comparison to two o�set time series with (a) simple line ar matching
of ele ments and (b) dynamic matching of elements. The yellow lines are pairwise
matches.

2.1.2 Dynamic Tim e War ping (DTW)

The general i dea of distance-based learning i s that if a pattern has a smaller di�erence

than one category than a seco nd, the n it typic ally b elongs to the �rst category [28].

This idea is the general mechanism b ehind the classic pattern classi�cation metho d of

the nearest neighb or rule. However, determining the di�erence, or distance, b etwe en

complex or structured patterns can b e a di�cult task. In this se ction, the use of

DTW as a distance measure for time serie s is detailed.

Formulation of DTW

DTW is a p opular al gorithm to determine the di�erence b etween two di screte time

series patterns, which may vary in length and rate [29]. Shown in Fig. 2-3, DTW

tackles the problem of optimal matching o f elements b etwe en two sequences. It is

p ossible that each step in time for one pattern do es not necessarily match the same

step in time for a second pattern, thus, the general idea of dynamic matching is to

minimize the global distance by matching similar elements. In order to accomplish

this, DTW uses dynamic programming to determine the optim al matching b etween

elements and calculates a global distance from the summation of the lo cal distances
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b etween the matched elements. By dynamically matching el ements, the sequences

are warped in the time dimension to align similar features.

Given two discrete time series, sequence p = p1; : : : ; pi ; : : : ; pI of length I and

sequence s = s1; : : : ; sj ; : : : ; sJ of length J , where i and j are the index at each time

step and pi and sj are ele ments at i and j , resp ectively, the global cost is the total

summation of lo cal distances b etween pairwise element matches. DTW estimates

the minimal global cost by using the minimal warping path across the cost m atri x

which results in elements of each sequence b eing elastically matched. Figure 2-4

is a demonstration of the calculation of DTW b etween p and s. DTW �nds the

minimal total cost over an optimal warping path of a lo cal cost matrix using dynamic

programming.

DTW can b e denoted as:

DTW( p; s) =
X

( i 0;j 0)2M

d (pi 0; sj 0) ; (2.1)

where M is the set of all m atched indices (i 0; j 0) . The matched indice s i 0 and j 0

corresp ond to the original indices i of p and j of s. It should b e noted that the set

of matched pairs M can contain rep eated and skipp ed indices of i and j from the

original sequences, therefore, M has a nonlinear c orre sp ondence to 1; : : : ; i; : : : ; I and

1; : : : ; j; : : : ; J . Finally, d(�; �) is a lo cal distance function b etween elements. In DTW

implementations, p is sometime s referred to as the prototype and s as a sample .

Lo cal Distance Measure

The cost matrix is calculated using a lo cal distance d(pi ; sj ) b etween every element

of sequence p and sequence s. Therefore, a sui tabl e lo cal distance for the domain of

the particular time series must b e considered.

Euclidean distance, or the L2 distance, is the straight- line distance b etween two

p oints in Euclidean space. It is a natural lo cal distance metric choice for ti me se-
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(a) (b)

(c) (d) (e)

Figure 2-4: A demonstration of a DTW calc ul ation b etween two time series patterns.
(a) is the cost matrix given a Euclidean cost function d(�; �) with time serie s patterns
(c) and (e). The shade of each square represents the distance b etween each pairwise
element of (c) and (e). Dark pixels indicate low distance and light areas indicate
high distance . The yell ow line is the minimal warping path determined by dynamic
programming. (b) is the cumulative sum D (�; �) given the slop e constraint in Eq. (2.3).
(d) is the optimal matching b etween elements in the two sequences. The ye llow lines
show the resulting matching b etween elements in each pattern.

ries with spatially related elements, such as p en tip-based handwriting and gesture

tracking. DTW using Euclidean distance has b een used in many works, some of

which include [30, 31, 32, 33, 34, 35] and there has also b een work in deve loping a

complexity-invariant Euc lidean distance [36].

While Euclidean distance is the most common, there are other lo cal distance mea-
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sures tha t can b e used for tim e series analysis. DTW with Mahalanobis distance has

b een used for online signature veri�cation [ 37], multivariate time series classi�ca-

tion [38], and pro cess monitoring and fault diagnosis (PM-FD) [39]. Other distance

metrics used with DTW include a derivative-based DTW metho d [40] and Cosine

distance [41, 42].

Slop e Constraints

An imp ortant prop erty of DTW is that the warpi ng path is constrained to maintain

the temp oral qualities of the sequence. One of these constraints is a slope constraint .

The idea of using a slop e constraint is to limit the b ounds of the warpi ng path by

restricting the lo cal route choices of the algorithm. An example symmetric slop e

constraint prop osed by Sako e and Chiba [43] for sp oken word recognition, shown in

Fig. 2-5 (a), is de�ned by the recurrent function:

D (i; j ) = d(pi ; sj ) + min
( j 0;i 0)2f ( j;i � 1);( j � 1;i � 1);( j � 1;i )g

D (i 0; j 0); (2.2)

where d(pi ; sj ) is the lo cal cost b etween elements pi and sj is the lo cal cost and

D (i; j ) is the cumulative minimum cost at the i -th and j -th e lement. The value at

the cumulative sum at D (I; J ) is determined to b e the global DTW distance b etwe en

the two sequences. Figure 2-5 (b) illustrates the asymmetric slop e co nstraint used by

Itakura [44] which is de�ned by:

D (i; j ) = d(pi ; sj ) + min
j 02f j;j � 1;j � 2g

D (i � 1; j 0): (2.3)

There are many other slop e and lo cal constraints prop osed in literature [43, 45].

In addition, Kakisako et al. [35] demonstrated the use of non-Markovian lo cal con-

straints on handwritten digit recognition. These constraints on the warping path of

the dynamic matching over the cost matrix limit reduce over�tting while allowing

�exibility to overcome lo cal distortions.
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Figure 2-5: Example DTW slop e constraints. Where D (i; j ) is the cumulative sum
and i and j are the indexes of time steps given two time serie s p = p1; : : : ; pi ; : : : ; pI
and s = s1; : : : ; sj ; : : : ; sJ , (a) is a symmetric slop e constraint and (b) is an asymmetric
slop e constraint.

Global Constraint s

Another category of constraints are global constraints , which restrict the warping path

on a global scale rather than the lo cal scale of slop e constraints. Restricting the warp-

ing path on the global scale reduces the computational complexity by removing the

unnecessary calculations i n the regions excluded by the global constraint. Figure 2-6

illustrates three of such global co nstraints, the Sako e -Chiba band [43], the Itakura

parallelogram [44], and the Ratanamahatana-Keogh band [46]. In addition to re duc -

ing computational complexity, the use of global constraints have shown to improve

the accuracy of classi�cation [47, 48].

The Sako e-Chiba band, shown in Fig. 2-6 (a), creates an envelop e around the

warping path restricting it to a band. The intention is to prevent DTW from matching

features to o far apart in the sequences. The width of the band is de�ned by a

parameter where 0% would b e linear matching and 1 00% would b e unconstrained

matching. Ratanamahatana and Keo gh [47] exp erime nted with the widths of the

bands and found that it dep ends on the dataset a nd testing each width would b e

required to �nd the optimal band. However, the y also found that a narrower band

often pro duc es the b est results.

The Itakura parallelogram, shown in Fig. 2-6 (b), is another classic gl obal con-
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(a) (b) (c)

Figure 2-6: DTW global co nstraints on the warping path of the cost matrix. (a)
is the Sako e-Chiba band [43]. (b) is the Itakura parallelogram [ 44]. (c) is the
Ratanamahatana-Keogh band [46]. The white area is the p ermissible area of the
warping path. The wi dths of the global constraints are set through a parameter.

straint that restricts the warping path to a parallelogram. The constraint limits the

b ounds of the warping path to a minimum and maximum slop e. It should b e noted

that the asymmetric slop e constraint in Eq. (2.3) also acts as a global constraint

similar to a skewed Itakura parallelog ram .

The Ratanamahatana-Keogh ba nd, shown in Fig. 2-6 (c), is a more recent global

constraint that trains a search for the optimal size and shap e. The al gorithm starts

with a linear matching and expands the band based on an accuracy metric. Fur-

thermore, there has b een work on learning a combination of Ratanamahatana-Keogh

bands [49].

DTW as a Global D ist ance Measure

DTW has shown to b e a state-of-the art distance metric for time series analysis even

when compared to more mo dern distance metrics [34]. For example, Fig. 2-7 is the

matrices of pairwise distances b etween 1,000 patterns from the Unip en 1a dataset.

Figure 2-7 (a) i s the sum of the lo cal Euclidean distances using a linear matching

of elem ents and (b) is the DTW-based distance. Darker matrix elements represent

a smaller distance, lighter matrix elements represent a larger di stanc e, and the blue
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(a) Linearly Matched Distance (b) D TW Distance

Figure 2-7: Comparison of (a) the distance using the linear matching of elements
and (b) DTW distance on the U ni p en 1a (digit) da tase t. The �gure is the matrix of
each re sp ective distance b etween dig it patterns and the blue lines divide the classes.
Darker is more similar and lighter is more di�erent. 100 patterns from e ach class are
selected at random from the dataset.

lines separate the 10 di git classes. An e�ective distance measure would have a larger

separation b etween patterns of the same class and patterns of the other classes. In

the �gure, there is a noticeable improve ment of the DTW distance matrix for class

�0,� �7,� and �8.� For those classes, there is hardly a di�erence b etween within-class

and out-of-class patterns for Fig. 2-7 (a). However in the D TW distance matrix,

the within-class distances are much smaller (i.e. darke r) than the distances from the

other classes. This demonstrates the util ity of using DTW as a distance measure.

The combination of DTW as a distance measure for k -Nearest Neighb or ( k -NN)

has shown to b e successful and very di�cult to b eat [50, 51, 52] . However, in recent

times, the size of available data has b een inc re asing, and with increasingl y large

datasets, exhaustive se arch metho ds such as k -NN are not feasible for tasks that need

to b e executed in reasonable amounts of time [52].
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2.2 Dissimilarity Representation

Representation learning ai ms to learn the b est representation of the data, however

instead of learning from the features directly, it is p ossi bl e to classify a pattern by

its distance, or dissimilarity , to other patterns. While distance-based metho ds are

common to ols in pattern recognition, such as the nearest ne ighb or rule, it is p ossible to

exploit vector space pattern recognition by creating feature vectors of dissimila ri ti es.

This emb edding of dissimilarities into feature ve ctors is referred to as Dissimilarity

Space Emb edding (DSE).

2.2.1 Dissimilarity Space Emb edding (DSE)

DSE is a metho d using dissimilarity representation for vector space pattern recogni-

tion. The idea is to emb ed sample patterns into a vector space using the di ssimilarity

to reference patterns (i.e. prototyp e patterns). The resulting vector space is an N -

dimensional vector space where N is the numb er of prototyp e patterns. This emb ed-

ding of dissimilarities has shown [17] to create a useful space for class discrimination.

In addition, the use of DSE allows for the foundation of vector space mathematic al

mo dels and machine learning techniques to complex and structured patterns [53].

Furthermore, by creating mo de ls based o n the overall distance b etween patterns, less

emphasis is put on individual features of the patterns and more is put on how the

pattern exists within the system as a whole.

This implementation of dissimilarity representation using vector spaces was i ntro-

duced by Pekalska et al . [17] and is a currently growing �eld. In the original pro-

p osal, DSE was used for statistical data, but DSE has b een further extended to the

domain of graphs [54], string representations [55], and signature veri�cation [56, 57].

In addition, other asp ects of dissimi larity-based pattern recognition have b e en ex-

plored [58, 59, 60, 61].
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Figure 2-8: The visuali zation of emb edding with a sample sm in S into an N -
dimensional vector space using the distances d(�; �) to prototyp es p1; : : : ;pn ; : : : ;pN .

Formulation of DSE

As illustrated in Fig. 2-8, DSE uses a dissimilarity representation to create N -dimensional

dissimilarity based fe ature vectors to represent sample pa tte rns. Each sample sm in

S = s1; : : : ;sm ; : : : ;sM is represented as a vector of dissimilarities vsm to each pn in

P = p1; : : : ;pn ; : : : ;pN , or:

vsm = ( d(p1; sm ); : : : ; d(pn ; sm ); : : : ; d(pN ; sm ))T ; (2.4)

where d(�; �) is the dissimilarity, or distance function, b etween patterns. Or simply,

vsm is the vector of each distance in P to sample sm . Emb edding dissimilarities in

this way allows for the use of structural patterns to b e emb edded into vector space

and the application of vector space recognition metho ds.

2.2.2 Prototyp e Se lecti on for DSE

The vector spa ce create d by DSE has N numb er of di mensions where N is the num-

b er of prototyp e patterns. The numb er of prototyp es used to create the space can

in�uence the accuracy [62]. If the numb er of prototyp es is insu�cient, then the accu-

racy of the classi�er in DSE space will b e low. However, if the numb er of prototyp es

is to o large, then problems arise with computational time and an increasingly high
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dimensional vector space leading to the curse of dimensionality. There fore, steps

can b e used toward reducing the numb er of prototyp es or increasing the e �ciency of

classi�cation.

The purp ose of prototyp e selecti on is to reduce the initial set of prototyp es while

retaining the required information for accurate classi�cation. In ge neral, there are

three main categories of prototyp e selection condensation, edition, and hybrid meth-

o ds [63]. Condensation metho ds concentrate on the samples near the decision b ound-

aries and remove the redundant samples away from the b oundary. Edition metho ds

take opp osite approach and reduce the noise near the decision b oundary for more

generalized recognition. Finally, hybrid metho ds combine the two metho ds.

There are many m etho ds of prototyp e selection for DSE from literature. Pekalska

et al. [64] prop osed using prototyp e clustering and other prototyp e selection tech-

niques on DSE and Riesen and Bunke [62] exte nde d these metho ds and others to

graph based DSE. Pekalska et al. [65] used normal density-based classi�ers in DSE

to increase the e�ciency of k -NN. However, the work by Riesen et al. [62] found that

there was no signi�cant di�erence b etween the metho ds. The remaining of this sec-

tion details the metho ds used for prototyp e selection and dimensionality reduction

from literature.

Prototyp e Selection and Reduction Techniques for DSE

Prototyp e selecti on techniques create a subset P0 of the original prototyp e set P .

Generally, si milar patterns would create a simi lar dissimilarity and in turn b e redun-

dant for the vector space. The idea of prototyp e selection is to create an optimized set

of prototyp es which are not redundant but still c arry enough i nf orm ation without a

large degradation of accuracy. Most prototyp e selection techniques can b e p erformed

on the entire dataset or in a classwise fashion.

Random Selection . The most nai ve prototyp e selecti on metho d is selecting proto-

typ es at random. Random selection �lls the subset P0 with k random patterns from
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P . This pro cess can b e done p er c lass or over the entire set of P . Ideally, random

selection creates an even density distributi on of the prototyp es but since they are

selected in a nondirected manner, random selection is generally used as a baseline

metho d. Random selection was used in [64] and [62] and classwise random se lection

was used in [64].

Center Patterns . Center pattern selection, used i n [62], is a prototyp e selection

technique of picking k numb er of patterns from the center of the prototyp es set. This

metho d is not suitable for DSE b e cause it neither reduces redundancy nor maintains

useful information. However, the classwise center pattern provides a b etter distribu-

tion of prototyp es.

Border Patterns . Using b order patterns takes the opp osi te approach as center

patterns. Instead of �nding the center of the prototyp e set, b order pattern prototyp e

selection �nds the k prototyp es on the e dges of the set. This metho d was used on

graph patterns by Riesen and Bunke [62].

Similar to cho osing the cente r patterns, using the b order patterns creates a p o or

distribution of prototyp es. Border patterns are often outlier patterns and for the

purp ose of creating a vector space of dissimilarities, using only the very fringe patterns

cannot intuitively create a robust vector space of dissimil ari ties. Also similarly, thi s

selection m etho d could b e improved using a classwise version of b order patterns.

Mode Seeking . Pekalska et al. [64] prop osed the use of a mo de seeking metho d

of prototyp e se lection for dissimilarity space. Mo de seeking [66] estimates the mo des

by using mean shift to lo cate the maxima of a de nsity function. In [64], sets C are

created using mo de seeking and the selected prototyp es are de�ned a s the prototyp es

with the minimal distances to their resp ective relative neighb ors. The idea is to select

the p e aks of the k dense clusters.

Genetic Algorithms . Geneti c algorithms have a biological inspiration in that they

follow a natural selection pro cess of evolution. A genetic algorithm solution iter-

ates through generations with small mo di�cations to develop a b est �tted solution.
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Plasencia-Calana et al. [67] prop ose a sup ervised and unsup ervised genetic algorithms

for prototyp e selection of a DSE spa ce. To select prototyp es Plasencia-Calana et

al. use a Minimum Spanning Tre e (MST) [68] based on a unsup ervised criterion and

a sup e rvi sed criterion using the class lab els.

Condensing . Condensing [69 ] iterates through prototyp es until all of the patterns

from the training set are classi�ed correctly. This pro cess condenses the prototyp e

set to only what is needed for classi�cation. H owever, the numb er of selected proto-

typ es is not preemptive ly set and dep end on the complexity of the dataset. Also, the

order that prototyp es are selected a�ects the numb er of selected prototyp es. Riese n

and Bunke [ 62] used condensing and a mo di�ed order indiscriminate condensing al-

gorithm [70] for DSE with graph patterns.

Editing . Editing [71] removes the outliers from the prototyp e set to reduce the

noise. For this pro cess, each pattern in the training set is classi�ed using k -NN and

if i t was misclassi�ed, i t is counted as a outlie r. The prototyp e set is the n removed

of each of the outliers. Editing was used by [62] and [64] for prototyp e reduction for

DSE.

k -Centers . Clustering is a unsup ervised m etho d of grouping similar ob jects and

k -Centers as a prototyp e selec tion me tho d is the idea of using only the centers of

clusters as prototyp es. By only using the centers of clusters, a condensed training

set is created using representative patterns that are evenly distributed with resp ect

to dissimilarity information. This metho d of prototyp e selection was explored i n [64]

for statistical data and [62] for graph data.

To impleme nt k -Centers for prototyp e selection, k -medians clustering [72] is used.

k -Centers is a variation of the classic k -means clustering which uses the median pat-

tern rather than the mean for clustering. The median is use d so that a de�nite sample

is used rather than the mean sample. The k -Centers algorithm starts with a span-

ning prototyp e selector with the �rst pattern in P0 as the median and every other

pattern b eing the furthest away from every pattern b efore it. Next, it creates sets
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of the nearest patte rns to the initial patterns and �nds the pattern in the center of

each set. Then, the algorithm up dates the corresp onding prototyp e until i t reaches

an equilibrium with no prototyp es b eing up dated. The result i s the reduced subset

P0 with a target size of k that represents the centers of k -median clusters. Also, using

k -Centers can b e done classwise or over the entire prototyp e set.

Feature Selection Techniques for DSE

Selecting features in vec tor space re duces the dimensionality by using only relevant

features for classi�cati on and selecting features in dissimi larity spac e has the same

e�ect of prototyp e selection. The distinction b etween feature selection techniques

and prototyp e selection techniques i s that feature sele ction techniques are p erformed

within the dissimilarity space.

Feature Ranking . Feature ranking is metho d of feature selection using a rank-

ing of features based on a separability me tri c. In [64], Pekalska et al. use a forward

feature se lection [73] metho d with leave-one-out 1-NN for the ranking m etric. The

1-NN is determined within the dissimilarity space. Eskander et al. [74] use a dis-

similarity threshold optimization technique f or feature selection for signature-based

bio-cryptographic systems. Using an evaluation in DSE space, Eskande r et al. rank

the prototyp es based on their discriminative p ower and sets a threshold to determine

if the prototyp e should b e used. Alongside reducing the numb er of prototyp es, using

a threshold also increases the accuracy by removing the confusion causing prototyp es.

In addition, work has b een done using other ranking metrics including Chi-square

feature ranking, information gain (InfoGain) feature ranking, and SVM recursive

feature elimination [62]. I n Chi-square feature ranking, features are ranked using

multi-interval discretization [75]. The InfoGain feature ranking algorithm is based on

using mutual information to analyze the dep endency of features [76]. Finally, SVM

recursive feature elimination is a feature ranking system based on ranking a SVM

classi�er's hyp erplane [77].
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Linear Programming . Prototyp es can also b e selected based on feature selection

by linear pro gra mming [78]. This solution se lects prototyp es automatically based on

separating hyp erplanes in dissimilarity space. Pekalska et al . [64] used this technique

to select prototyp es for dissimilari ty emb edding.

Dimensionality Reduction Techniques for DSE

Principal Component Analysis . Jain and Spiege l [79] used Princi pal Comp onent

Analysis (PCA) [80] as a dimensionali ty reduction to ol in order to reduce the num-

b er of prototyp es of a vector space with DSE. They demonstrated that combining

PCA with Supp ort Vector Machines (SVM) on dissimilarity representations is an e�-

cient metho d of time series classi�cation. PCA is a p opular dim ensionality reduction

metho d that works by �tting an n -dimensional ellipsoid to data where each axis of

the ellipsoid is a principal comp onent. It reduces the dimensionality by removing

the axes wi th small variances. PCA was also used in [81] with k -NN for DSE graph

kernels and i n [82] with generalized kernels.

J -function . Ma et al. [83] prop ose a dimensionality reduction of dissimilarity

space using a novel metho d called J -function. Li ne ar classi�ers typically p erform

p o orly in high dimensional space but there also is a loss of data when reducing the

dimensions usi ng PCA. J -function c ombines a traditional two-step pro cedure of using

a linear classi�er with PCA into a single function. Ma et al. show that allowing the

classi�er acce ss to the high dimensional information while simultaneously reducing

the dimensionality improves the accuracy of classi�cation in a space created by DSE.

2.3 Deep Learning Representation

Representation l earning solves the problem of representing data with learned features

over hand-crafted features. Howe ver, it is p ossible that the data contains complex

structures that are not solvable with pattern recognition using low-level features alone.
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Deep learning attempts to solve this problem by learning high-level features built

from the low-level features. Arti�cial Neural Networks (ANN) are the quintessential

examples of deep learning representations.

2.3.1 Arti�cial Neura l Networks (ANN)

ANNs function by stacking layers of interconnecte d no des which consist of simple

functions which activate based on input stimuli. The key feature of ANN s is the

ability to mo del repre se ntations by expressing fe ature s in terms of other, lowe r leve l

features. Using multiple layers of no des, ANNs are able to map the input data to

approximations of c omplex functions [84].

ANNs have had a long history but recently they have b een the fo cus of the state-

of-the-art research [85, 7]. There have b een successes in many domains, some of which

include near p erfect accuracy in isolated character recognition [16], b e tte r than human

p erformance in image classi�cation [86], and record breaking results on established

datasets [87, 88, 89].

2.3.2 Feed Forward Neural Networks

A feed forward neural network is an ANN which o nl y maintains conne ctions in a

forward direc ti on. The most basic feed forward neural network is a Multi-Layer

Perceptron (MLP) network. Figure 2-9 (a) is an illustration of a MLP no de for laye r

and Fig. 2-9 (b) is the network. Given an input x , feed forward neural networks

approximate a function of the output x with no feedback connec tions. The forward

�ow of information and resulting approxim ati on is called the forward propagation .

Fee d forward neural networks, and more generally ANNs, train by calculating the

error to the exp ected result ŷ with the use of a loss function and back propagate the

error to up date the weights.
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(a) (b)

Figure 2-9: Illustration of (a) an MLP no de n and (b) an MLP. x is the i nput elements
x1; : : : ; x5 . wn is the weights wn;1; : : : ; wn;5 for each resp ective input. zn is the result
of wT

n x and a is the output vector of all of the no des.

Forward Propagation

Forward propagation, or the forward pass, is the calculation of a neural network

given inputs to pro duce a predictive outco me. In feed forward neural networks, the

layers contai n no des of simple op erations. Sp eci�cally, the no des usually contain

linear classi�ers, typically an inner pro duct, with a nonlinear activation function.

The combination of stacking layers of no des and the nonlinear ac tivation function

provides the network with the ability to le arn nonlinear functions [84].

The core of the forward propagation step is the forward c alculation of a no de.

The activation of a no de refers to if a no de turns on or o� and it is determined by a

sum of wei ghted inputs. Namely, the output an of no de n in a layer is:

an = �
�
wT

n x + bn
�

= �

 
X

i

wn;i x i + bn

!

;
(2.5)
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where x is a vector of the input values x1; : : : ; xi ; : : : ; xI and wn is a vector of the

resp ective weights wn;1; : : : ; wn;i ; : : : ; wn;I to no de n and � (�) is the activation function.

The variable bn is the bias for no de n .

Activation Functions . As mentioned previ ously, the activation function � (�) is a

nonlinear f unc ti on that acts on the inner pro duct of the weights and the inputs. The

intention of the activation function is to turn on given a high enough value and turn o�

otherwise. In addition, activation functions typically add fuzziness near the decision

b oundary. Finally, the nonline arity of the activation function allows the successive

layers to combine activations to approxi mate nonlinear functions. Some of the most

common activation functions are shown in Table 2.1.

In particular, the most common activation functions are the sigmoid, hyp erb olic

tangent, and recti�ed li near unit (ReLU) [90] activation functions. Sigmoid and hy-

p erb olic tangent activation functions can b e seen as a soft binarization, where if the

value of x is large then the output of the activation is near 1 and when the value

is ve ry negative then the output is near 0 for sigmoid and near -1 for hyp erb olic

tangent. The drawback to this is that there is little di�e re nce for values of x which

are to o large or to o small. This phenomenon is c alled the vanishing gradient prob-

lem and the ReLU activation function aim s to prevent it by b eing unb ounded in the

p ositive direction. In addition, there have b een attempts to improve ReLU by pre-

venting ReLU from zeroing out negative values of x with Leaky ReLU [91], Parametric

ReLU (PRe LU) [86], and Randomized ReLU (RReLU) [92]. However, Xu et al. [92]

found that of the recti�ed activations, Leaky ReLU with a small � , thus a steep slop e

was particularly e�ective, but there is no single b est function and it dep ends on the

dataset.

Output Activation Functions . The no des of the �nal l ayer in a network have a

sp ecialized activation function which can b e combined with a loss function for back

propagation discussed in the next section. The purp ose of the sp ecialized activation

function is to create a probability distribution of the data for classi �c ation or re -
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Table 2.1: Common Activation Functions for ANNs

Name Equation Range Plot

Step � (x) =

(
0 for x < 0
1 otherwise

f 0; 1g
� 1 � 0:5 0:5 1

� 0:5

0:5

1

Sigmoid � (x) = 1
1+e � x (0; 1)

� 4 � 3 � 2 � 1 1 2 3 4
� 0:5

0:5

1

Hyp erb olic Tangent � (x) = tanh x = 2
1+e � 2x � 1 (� 1; 1) � 2 � 1 1 2

� 1

1

Arctangent � (x) = tan � 1 x (� �
2 ; �

2 ) � 8 � 6 � 4 � 2 2 4 6 8

� 2

� 1

1

2

ReLU [90] � (x) =

(
0 for x < 0
x otherwise

[0; 1 )
� 1 � 0:5 0:5 1

� 0:5

0:5

1

Leaky ReLU [91] � (x) =

(
x
� for x < 0
x otherwise

(�1 ; 1 )
� 1 � 0:5 0:5 1

� 0:5

0:5

1
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gression. The softmax classi�er is a generalizatio n of logistic regression for multiple

classes and it is a p opular choice fo r ANNs. Softmax is de�ned by:

ŷ = � (z) =
1

P N
n0=1 ezn 0

0

BBBBBBBBB@

ez1

: : :

ezn

: : :

ezN

1

CCCCCCCCCA

; (2.6)

where N is the numb er of no des in the output layer and z is the vector of the

intermediary sums. The numb er of no des N is set to the numb er of classes available in

the multi-class classi�cation. The key feature of softmax is that the sum of all output

values is 1, thus the output of softmax represe nts the probability of each class. The

largest output of softmax, or the highest probabi lity, is the predicted class of the

neural network. While softmax is used for single lab el multi-class classi�cation, the

sigmoid activation in Table 2.1 can b e used for multi-lab el tasks.

Loss Functions . The loss function is then calculated based on the outc ome of

the pre diction from the output activation. Cross entropy is a logistic m easure to

determine the distance b etween the prediction outcome and the ground truth. The

cross entropy loss C is determined by:

C = �
NX

n=1

yn log(ŷn ): (2.7)

Alternatively, there are other loss functions that can b e used, some of which in-

clude, mean square error (MSE), hi ng e loss [93], Cauchy-Schwarz D ivergence [94],

and Wasserstein loss [95].
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Back Propagation

Back propagation is the pro cess in which a neural network up dates the weights using

feedback from a loss functio n. Foll owing ea ch forward propagation pass, the output

is the prediction of the network and the error is determined by a loss function. Next,

the error is back propagated through the network to up date the weights in order to

minimize the loss function. This is normally done through gradient decent where the

weights are adjusted negatively prop ortional to the derivative of the gradient of the

loss function with resp ect to the weights. Each weight is up dated by:

wn;i  wn;i � �
@C

@wn;i
; (2.8)

where C is the loss function and � is the learning rate. Simply, each we ight is moved

toward a minimum cost by a small amount prop ortional to the sl op e of the gradient.

For multi-layer networks, rep e ated use of the chain rule is used to �nd the gradient

of the loss function with resp ect to lower l ayers.

For the task of determining the derivative of the gradient of the cost with resp ect

to a wei ght for the two layer network in Fig. 2-9 (b) is p erformed by recursively using

chain rule:

@C
@wn;i

=
@C
@zn

@zn
@wn;i

=
@C
@an

@an
@zn

@zn
@wn;i

=
@C

@zn+1

@zn+1

@an
@an
@zn

@zn
@wn;i

; (2.9)

where zn is the intermedi ate sum of weight-input pro ducts of layer n , zn+1 is the

intermediate sum of the higher layer (output layer) n + 1 , and an is the re sul t of the

activation functi on of layer n . To determine the value of the partial derivatives of

Eq. (2.9), each one can b e categorized into four categories, the derivative across the

output layer @C
@zn +1

, the derivative b etween no des @zn +1
@an
, the derivative across a no de

@an
@zn
, and the derivative in resp ect to the target weights @zn

@wn;i
. The derivative across the

output layer @C
@zn +1

is the derivative of the loss function incl udi ng the output activation
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function with resp ect to the intermediate sum zn+1 from the forward propagation

pass. Similarly, the derivative across a hidden laye r no de @an
@zn
is done by taking the

derivative of the activation function with resp ect to the intermediate sum of forward

propagation. To take the derivative b etween no des and the derivative with resp ect to

weights is di�erent, however. The relationship b etween a no des activation function an

and the next intermediate sum zn+1 is a linear relationship by a factor of the weights,

as shown i n Eq. 2.5. Finally, the derivative of the intermediate sum with resp ect to

the weights @zn
@wn;i

is also a linear relationship but with the inputs instead. To up date

weights of deep er networks, more applications of the chain rule would reveal more

derivative s across connections and across no des.

Optimizers . In addition to sto chastic gradient decent (SDG) featured in Eq. (2.8),

there are other optimize rs from literature. The problem with SDG is that di�culties

arise from plateaus in the gradient and sadd le points which cause SDG to fail [96] and

b e stuck in sub-optimal lo cal minima. In order to overcome this, momentum can b e

used to a ccelerate SD G through plateaus and out of sub-optimal lo cal minima [97].

RMSprop [98] divides the learning rate by a running average of the recent gradients.

Other adaptive learning rate optimizers have b een prop osed including, Adagrad [99],

Adadelta [100], and Adaptive Moment Estimation (Adam) [101].

Generalization Techniques

The original SD G algorithm p erforms weight up dates for each training example, how-

ever when doing so, the gradient is sub ject to noise and high �uctuations in the up-

dates. To solve this, it is an established practic e to use mini-batch, or batch, gradient

decent which p erforms the forward and backward propagation on a set of inputs si-

multaneously. Batch normal ization [102] is a generalization technique that normaliz es

the acti vations of each batch by the mean and variance so that the mean is 0 and

the variance is 1. It has shown to b e e�ective generalization technique for neural

networks [103, 102].



2.3. D EEP LEARNING REPRESENTATION 51

Drop out [104] is another generaliz ation technique, which randomly re moves con-

nections to reduce over�tting. A concern of deep and wide neural networks is that the

network c an me morize the training data which causes over�tting. Drop out reduces

the memorization by dropping out connections, forcing the network to learn di�erent

relationships in the data.

2.3.3 Feed Forward Neural Networks for Time Series

ANNs have b een successful in statistical da ta and image data, thus it would b e natural

to apply neural networks to time series data. In thi s section, the previous works in

temp oral neural networks will b e discussed.

Multi-Laye r Perceptrons (MLP) and Fully-Connected ANNs

MLPs are traditionally used for statistical data, but they can b e adapted to time

series patterns by providing the network with a sliding window view of the input.

Fee di ng networks with subsequent elements in time has b een heavily used in fore-

casting [105, 106, 1 07], where the ne ura l network is used as a regression mo del with

the output predicting future steps in time . MLPs have also b een applied to wavelet

transforms [108] and b een used with spiking ne urons [109, 110].

Time Delay Neural Networks (TDNN)

Time Delay Neural Networks (TDNN) [111, 112] are a classic feed-forward approach

to neural networks with consideration to time which were c ommonly used in sp eech

recognition [113]. Shown in Fig. 2-10, they similarly are provided with steps in

time. However, TDNNs are sparse networks which use time-delay windows of shared

weights, similar to convolutional kernels, to connect to the subsequent hidden l ayer

no des. In this way, they function simil arl y to one-dimensional (1D) CNNs with-

out p o oling layers. However, the time-delays are hand crafted, yet Wöhler and

Joachim [114] attempted to overcome this using adaptive time-delays.
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Figure 2-10: Illustration of a TDNN. The weights of each no de are shared and applied
to each wi ndow of the input.

Convo lut io nal Neural Networks (CNN)

While CNNs are traditionally used for the image domain, there have b een attempts

to adapt them for time series patterns. One example is to split multivariate time

series into 1D subsequences [115] to take an approach similar to TDNNs.

Another attempt to exploit the p ower of CNNs for the time series and sequence

domains is to emb ed the data into 2D matrices [116, 117, 118, 119] for the convolu-

tional �lters of CNNs. However, in these approaches, while each row of the matrices

have a te mp oral dep endence, there is no guarantee that the columns are dep endent

for the convolutional �lters to learn from.

In othe r work [120, 121], temp oral patterns with spatial relationships, like gestures

and handwriting, can b e rasterized into images for the exploitation of the strength

of CNNs. However, this is only relevant for patterns with spatial relationships and

cannot b e used for al l sequence patterns.

Recently, WaveNet [122] was prop osed for audio generation. WaveNet uses dilate d

causal convolutional layers for audio time series. Causal convolutions are convolutions

which are only dep endent on past steps and dilated refers to skipping no des in sub-

sequent layers. Due to the lack of p o oling, a fully causal convolutional network with
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. . . . . .

Figure 2-11: Illustration of a WaveNet. WaveNet use s dilated convolutional �lte rs to
increase the e�ective range of the receptive �eld.

small convolutions would have relativel y small receptive �elds for the output. Thus,

dilation is added to incre ase the e�ective range of the receptive �eld. Figure 2-11

illustrates the dilated causal c onvolutions of a WaveNet.

2.3.4 Recurrent Neural Networks (RNN)

Recurrent Neural Networks (RNN) [21] are neural networks which use recurrent con-

nections and are typically used for sequential data, including time series [123]. The

recurrent connections are within layer feedback connections with shared parameters

across ti me steps. These recurrent connections allow sequences to b e fed to the no de

at each time step regardless of sequence length. Fig. 2-12 (c) shows an RN N in a

recurrent state and unrol led to demonstrate the input of a sequence. RNNs di�er

from other ANNs in that the no des of the recurrent hidden layer contain a hidden

state which c aptures information ab out what happ ened in previous time steps.

RNNs have b een used heavily i n natural language pro cessing (NLP), including

text generation [124, 125, 126] and machine translation [127, 128]. They have also

b een used for sp eech recognition [129]. Schuster and Paliwal [130] prop osed the idea
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Figure 2 -12: Illustration of an RNN. (left) is the RNN and (right) is an unrolled
visualization of the RNN.

of bidirectional RNNs (BRNN) which use connections b o th forward and backward in

time. This is done by stacking two RNNs on top of each other and computing the

hidden state based on b oth.

The core concept of RNNs is that previous time steps are stored in the hidden

state which is continuously up dated from steps in time. However, the �aw is that

after a su�cient numb er of steps, the hidden state is overwritte n, theref ore RNNs

lack lo ng- te rm dep endence. Long Short-Term Me mory (LSTM) networks [22], shown

in Fig. 2-13, tackle this problem using gates to control the information. The gates

of an LSTM restrict what can b e learned, what is given in the output, and what

is forgotten. By controlling the �ow of information, LSTMs can learn long term

dep endencies b etween elements of sequences. They have b een successful in many

tasks such as handwriting [131, 132], sp eech [133], and can deal with NLP [134].

2.4 Summary

Time series recognition is an imp o rtant �eld of pattern recogni ti on due to the high

frequency at which ti me series exist. Pen tip-based online handwritten characters,

for example, are time series patterns that describ e the spatia l tra jectories of a p en

through time. Recognition of online handwriting encounters di�culties that are not



2.4. SUM MARY 55

Figure 2-13: Illustration of an LSTM. (le ft) is the LSTM and (right) is an unrolled
visualization of the LSTM. tanh is the hyp erb olic tangent function and � is the l ogistic
sigmoid function.

present in o �ine handwriting which is only viewe d in the spatial dimension. These

di�culties include temp oral distortions b oth lo cal and global, such as variable rate

and inconsistent l engths.

To overcome these challenges, many mo dels use dynamic program ming for the

alignment of elements by using DTW. DTW is a distance measure for time se ries

patterns which estimates the optimal match of elements and provide the minimal

warping path across a cost matrix gi ven c onstrai nts. Moreove r, DTW has shown to

b e an e�ective distance measure which is able to b etter disc ri minate b e tween time

series classe s.

In resp ect to represe ntation learning, thi s chapter desc ri b ed two me tho ds of rep-

resenting data. The �rst, dissimilarity representation, represe nts the data as vectors

of dissimilarities rather than the pattern's raw fe ature s. With the use of DSE, it is

p ossible to adapt vector space based me tho ds for structural data such as time series.

Howeve r, in recent times, the availability of data has increased and to exploit DSE

for the use of big data, dimensionality reduction should b e considered. Thus, many

metho ds of dimensio na lity reduction for DSE has b ee n prop osed, including prototyp e

selection, prototyp e reduction, feature selection, and other dimensionality reduction
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techniques.

The second representation metho d detailed is the use o f deep learning its appli-

cation to time series data. Sp eci�cally, the use of feed forward and recurrent neural

networks were discussed. Feed forward neural networks are ANNs which only use

connections i n the forward direction. These networks have b een classically used to

for statistical data, howe ver, they have b een adapted for the use of time series. Al-

ternatively, RNNs use recurrent connections to maintain the temp oral structures of

time series.



Chapter 3

Ensemble Metho d for Dissimilarity

Representations

In the previ ous chapter, dissimilarity representation and the use of DSE for statistical

and graph data was intro duced. Thus, it would b e natural to extend DSE to time

series data. This chapter prop oses the use of DSE with DTW as the distance measure

for time series.

As evide nt by the numerous metho ds to reduce the dimensionality o f DSE outlined

in Section 2.2.2, there is a need to create a more e�c ient dissimilarity representation.

This chapter also demonstrates the use of AdaBo ost as a prototyp e selection technique

for a DTW distance based DSE. Using AdaBo ost in this way creates an e�cient and

e�ective mo de l for representing time series.

3.1 DTW Distance Based DSE

The use of DSE can extend vector space mathematics and recognition to patterns of

any dom ain as long as a su�cient distance measure d(�; �) is chosen. As describ ed

in Section 2 .1.2, DTW has shown to b e an e�ec tive distance measure for time series

patterns and is a natural choice for DSE. By emb edding DTW-based dissimilarities

57
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Figure 3-1: A demonstration of emb edding tim e series patterns using DSE. The
co ordinates of each p oint is the distance from a sample in S to the prototyp es p1 and
p2 . The shade of the p oint refers to the ground truth lab el of the sampl e.

into vector space, the vector for each sample vsm in Eq. (2.4) b ecomes:

vsm = (DTW( p1; sm ); : : : ;DTW( pn ; sm ); : : : ;DTW( pN ; sm ))T : (3.1)

Figure 3-1 demonstrates this DTW-based emb e ddi ng . The DTW-based DSE enables

vector space pattern recognition to b e directly used with time se ri es while maintaining

temp oral and structural qualities. In addition, when compared to the linear matching

of eleme nts like in Fig. 2-3, the DSE is robust to tem p oral distortions.

3.2 DSE with AdaBo ost for Prototyp e Selection

In DSE, the dissimilarity vector is used as a feature vec tor. Thus, by using feature

selection techniques, the numb er of dissimilarities (i.e. prototyp e s) is reduced. In

this way, for DSE, feature selection techniques can b e used for prototyp e selection.



3.2. D SE WITH ADABOOST FOR PROTOTYPE SELECTION 59

AdaBo ost o�ers two advantages for classi�cation with DSE; AdaBo ost can create a

nonlinear ensemble classi�er from linear weak learners and it can b e used to select

discriminative features when each weak learner dep ends on a single feature [135].

3.2.1 AdaBo ost

The Adab o ost algorithm co mbines a set of weak classi�ers to c reate a nonlinear

ensemble classi�er [19]. AdaBo ost is trained by applying a weak c lassi�er to samples

weighted to in�uence the we ak classi�er to consider the incorrect patterns. The

algorithm iterates through rounds of the weak classi�er application and maintains

cumulative weights on the sample patterns. The weak learners used in AdaBo ost

are typically fast or linear c lassi�ers. The only requirement for a weak learner i s

that it has a better than chance accuracy. The weighting of the inputs of the weak

learners is calculate d to emphasize the incorrect classi�cations and deemphasize the

correct classi�cations. The pro cess is continued until a desired low training error has

b een achieved. Up on completion, a �nal ensemble classi�er is constructed based on a

weighted vote of the weak classi�ers based on the con�dence value determined during

the training [1, 19]. The �nal e nse mble classi�er is a comp osite of the weak learners

weighted by the con�dence .

Algorithm 1 describ es the AdaBo ost algorithm. The training set is de�ned as

f (s1; l1); : : : ; (sm ; lm ); : : : ; (sM ; lM )g where lm is the lab e l of each sample sm . At e ach

round k , AdaBo ost up dates the we ights wk(m) of each sample by a factor of the

inverse p ower of the con�dence, or e� � k if the sample ground truth lab el matches

the lab el of the hyp othesi s hk(S) and e� k otherwise, where and � k is the con�dence

at round k , as shown in Alg. 1 Line 8. Shown in Alg. 1 Line 11, the �nal ensemble

classi�er H (S) is the con�dence weighted sum of the weak learner hyp otheses.
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Algorithm 1 AdaBo ost
1: function AdaBoost

2: Training set f (s1; l1); : : : ; (sm ; lm ); : : : ; (sM ; lM )g
3: Initialize weights: w1(m)  1

M for m = 1 ; : : : ; M
4: for k = 1 ; : : : ; kmax do
5: Train weak learner using wk(m) .
6: Select c lassi�er with the l owest e rror:

hk(S)  arg min
gn

� n =
X

m0

wk(m0)j[lm0 6= sign(gn (sm0))]

7: Calculate c on�de nc e:

� k  
1
2

ln
�

1 � � k

� k

�

8: Up date weights:

wk+1 (m)  wk(m) �

(
e� � k ; if hk(sm ) = lm
e� k ; otherwise

9: Normalize wk+1 (m) such that
P

m0
wk+1 (m0) = 1

10: end for
11: return comp osite classi�er:

H (S)  sign

 
kmaxX

k=1

� khk(S)

!

12: end function
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Figure 3-2: DSE with AdaBo ost where the weak learners of AdaBo ost are linear
classi�ers dep endent on one dimension. The red p oints represents samples b elongi ng
to one class and the blue p oints the other. The lines are the decision b oundaries
b etween the classes resp ective to the dissimilarity based axis. The ensembl e classi�er
is a wei ghted vote b etween the two weak learners.

3.2.2 DSE with Ada Bo ost

With resp ect to DSE, AdaBo ost is p erformed on the multi-dimensional spa ce cre-

ated from dissimilarity emb eddings. If a weak learner that is dep endent only on one

dimension is considered, the n the numb er of dimensions of the DSE is reduced to

the numb er of weak learners selected by AdaBo ost to form the �nal ensemble classi-

�er [135], as illustrated in Fig. 3-2. Furthermore, due to the unique prop erty of DSE,

reducing the di mensionality through dimension selection b ecomes a form of proto-

typ e selection b ecause every dimension is the distance to each prototyp e. This allows

AdaBo ost to b e used as a disc riminative prototyp e selection to ol which reduces the

overall computation required for test b ecause only the distance b etween the unknown

sample and the selected prototyp es need to b e calculated. All other prototyp es can

b e discarded.

Using AdaBo ost as a prototyp e selection metho d in this way is only p ossible if

the weak learner i s dep endent on a single axis, thus a distance to a single prototyp e.

To accomplish this, a nearest centroi d classi�er using only one feature as the weak
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learner is implemented. Let:

gn (S) =
1P

m0 [lm0 = 1]

X

m0

d(pn ; sm0)j[lm0 = 1]

�
1P

m0 [lm0 6= 0]

X

m0

d(pn ; sm0)j[lm0 6= 1] ; (3.2)

where lm0 is the lab el for each sample sm0, the hyp othesis of each prototyp e is

sign(gn (S)) over the sample set S . The selected weak learner hk(S) is the nearest

centroid classi�er with the minimum � n . This creates a �nal strong classi�er H (S)

that only consists of only a subset of discriminative prototyp es. In conjunction with

DSE, by only using the subset of discriminative prototyp es, it is p ossible to have a

complex nonli ne ar classi�er while using a reduced dimensionality.

3.3 Exp eriment Setup

To demonstrate the e�ectiveness of AdaBo ost as a prototyp e se lection and strong

classi�er building metho d for DTW-based dissimilarity space, exp eriments on isol ated

online handwritten digits is conducted. Online handwritten digits provide us with an

easy to interpret dataset to b e able to analyze the data representation learned by the

combination of AdaBo ost and DSE.

3.3.1 Dataset Prep aration

The Unip en 1a online handwritten digit dataset describ ed in Section 2.1.1 was used

to evaluate AdaBo ost as well as the comparative metho ds. The exp eriments used a

subset of the Unip en 1a dataset that contains 13,000 digits evenly split into 10 classes

representing the numerical digits �0� through �9.� To ensure an equal di stri bution

of each class, the dataset was reduce d to 1 3,000 by randomly selecting patterns.

Furthermore, every p en ti p tra je ctory was re-sampled to 50 elements and scaled to
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�t within a square with the corners (0; 0) and (127; 127).

Before exp erimentation, the dataset was distributed into three subsets, an initial

prototyp e set, a training set, and a te st set. The initial prototyp e sets and test sets

were constructed of 130 patterns of each class. The training set contained the 10,400

remaining patterns. These training patterns are only used to train the weak learner

prototyp es and are not used in the �nal calculation of AdaBo ost. In addition, the

exp eriment was re p eated for 9-fold cross-validation by using di�erent subsets o f initial

prototyp es, training, and test.

Online handwritten digit cla ssi �cation is a multi-class problem, however, a two-

class classi�er was employed by AdaBo ost. Thus, a two-class classi�cation problem

is adopted. A e ven representation of each class is put into each initial prototyp e set,

test set, and training set. Therefore, for each exp eriment, the test set and initial

prototyp e sets include 130 patterns of one class and 130 patterns of the other class

and the training set is similarly divided into 1,040 patterns of one class and 1 ,040

patterns of the other class. In order to attain an average accuracy, the exp eriments

are rep eated for all p ossible combinations of classes.

3.3.2 Comparative Metho ds

The Unip en datasets are p opular b enchmarks for time series c lassi�cation metho ds.

To c ompare the exp eriments to the state-of-the-art results found in literature are

rep orted. The metho ds rep orted are as follows:

� CSDTW [136]: A Hidden Markov Mo del (HMM) based metho d using Cluster

Generative Stati sti cal DTW (CSDTW) prop osed by Bahlmann and Burkhardt.

� DAG-SVM-GDTW [137]: This me tho d combines DTW and Supp ort Vector

Machines (SVM) [138, 139] by e mb edding DTW into the Gaussian kernel, re-

ferred to as a Gaussian DTW (GDTW) kernel.
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� HMM [140]: An HMM prop osed by Hu et al. with the additional combination

of signal normalization prepro cessing and the use of invari ant features.

� HMM SDTW [141]: This approach also uses a n HMM, however, the distinction

is that HMM SDTW uses Statistical DTW (SDTW) to calculate the Bayes

probability of e rro r.

� Interpolation Kernel [142]: Intro duced by Sivaramakrishnan et al. using an

SVM with an interp olation scheme which uses piecewise p olynomial functions

as basis functions for online handwriting recognition.

Each of the c omparison metho ds were rep orted using the same Unip en 1a dataset but

with di�erent arrangeme nts of training and test sets.

In addition, to evaluate AdaBo ost as a prototyp e se lection metho d, results are

compared to the following evaluations:

� DSE with AdaBoost : The metho d describ ed in Section 3.2 using a trained Ad-

aBo ost ensemble classi�er is used on a DTW-based dissimilarity space. In this

exp eriment, the initial set of prototyp es o nl y contain prototyp es of the pairwise

classes.

� DSE with AdaBoost + External Classes : Similar to the DSE with AdaBo ost

exp eriment, e xc ept that the initia l set of prototyp es includes prototyp es of any

class. This evaluation is p erformed to determine of classes outside the pairwise

classes are useful for the ensemble classi�er.

� DSE Random : As describ ed in 2.2.2, this exp eriment uses a ve ctor space with

DSE using randomly selected prototyp es equal to the numb er of prototyp es

with the same distribution of classes selected by DSE with AdaBo ost. For this

exp eriment, the same nearest c entroid classi�er is used.

� DSE k -Centers : Also describ ed in 2.2.2, k -Centers selects prototyp es in a man-

ner that the prototyp e s are selected through a k -medians clustering metho d.
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Like DSE Random, classi�cation is done i n a DSE created from the prototyp es

selected by k -Centers with a nearest centroid classi�e r and whe re k equals the

numb er of prototyp es selected by DSE with AdaBo ost.

� 1-NN with Random Prototypes : As a baseline to the dissimilarity space metho ds,

simple DTW-based 1-N N exp eriment with the same numb er of prototyp es is

evaluated. For this exp eriment prototyp es were sel ected at random. The 1-NN

with Random Prototyp es was also given a two-class classi�cation problem and

was rep eated for all p ossible class combinations.

� 1-NN with AdaBoost Prototypes : To test the discriminability of the prototyp es

selected by AdaBo ost, an e xp eriment was set up similar to 1-NN with Random

Prototyp es, but with the exact proto typ e s selected by AdaBo ost.

� 1-NN with Ful l Training Set : This exp eriment uses the full training set as

prototyp es with a DTW-based 1-NN. Also, this exp eriment similarly uses a two-

class classi �c ation problem and is rep eated for all p ossible class combinations.

In particul ar, these evaluations were conducted to compare accuracy, prototyp e selec-

tion ability, and co mputati on time. With exception to Prop osed Metho d + External

Classes, the evaluations use a numb er of prototyp e s equal to the Prop o sed Metho d.

The accuracie s are calculated by averaging all folds and the computational time cost

is determined on a system with a Intel Xeon E5 2.6 GHz pro cessor.

3.4 Results

The average results of pai rwi se classi�cations are rep orted in Table 3. 1. Shown in

Fig. 3-3, after 20 0 rounds, AdaBo ost on a DTW-based dissimilarity space achieved

a 95.15% average accuracy and an increased 96.67% accuracy when external classes

were added to the initial prototyp e set. Using a DTW-based dissimil arity space with

AdaBo ost was dramatically b etter than using the dissim ilarity space with the other
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Table 3.1: Comparative Acc ura cies for DTW-based DSE with AdaBo ost f or the
Unip en 1a Dataset.

Evaluation Accuracy Numb er Per Digit
(%) of Prototyp es Time (s)

DSE with AdaBo ost
+ External Classes 96:67 14:66 � 6:97 0.09
DSE with AdaBo ost 95:15 13:25 � 6:02 0.09
DSE Random 83:19 " 0.09
DSE k -Centers 80:75 " 0.09
1-NN
with Random Prototyp e s 86:94 " 0.12
1-NN
with AdaBo ost Prototyp es 89:06 " 0.12
1-NN
with Full Trai ning Set 99:03 2,080 14.3
CSDTW [136] 97.1 � �
DAG-SVM-GDTW [137] 96.2 � �
HMM [140] 96.8 � �
HMM-SDTW [141] 96.8 � �
Interp olation Kernel [142] 97.1 � �

evaluated prototyp e selection metho ds. In particular there was a large increase in

accuracy versus the intui tive prototyp e selection technique, k -Centers, even when

compared to random selection. Using the ensemble classi�er from AdaBo ost even

outp erformed 1-NN when given the same numb er of prototyp es. However, using 1-

NN with the full training set for pairwise classi�cation is extremely di�cult to b eat

and it achieved an average 99.03% accuracy. Conversely, 1-NN wi th Full Training Set

was 159 ti mes slower at 14.3 seconds p er di git classi�cation compared to only 0. 09s

p er classi�cation.

When compared to the rep orted results from literature, the DSE with AdaBo ost

+ External Classes metho d achieves comp etitive results despi te only using a very few

numb er of prototyp es. The accuracy of DAG-SVM-GDTW and Fuzzy Rep. KP were

rep ortedly lower accuracy while the HMM, HMM+SDTW, and Interp olation K ernel

had slightly hig he r accuracies.
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Figure 3-3: The average test accuracy of the 45 pairwise classi�cations over 9-fold val-
idation. DSE with AdaBo ost is the DTW-based DSE with AdaBo ost as a prototyp e
selection metho d and DSE with AdaBo ost + Exte rnal Classes includes a ll classes in
the initial prototyp e selection p o ol. DSE Random is randomly selected prototyp es for
a DTW-based DSE and DSE k -Centers is prototyp e selection with k -Centers. The
accuracy of DSE Random and DSE k -Centers are graphed using the same numb er of
prototyp es selected by DSE AdaBo ost at each round.

3.5 Discussion

3.5.1 E�ciency of Prototyp e Reduction

The largest advantage o f using AdaBo ost wi th a DTW-based dissi milarity space for

time series classi�cation i s that only a very few numb er of prototyp es are needed for

accurate classi �c ation. DSE with AdaBo ost only required average of 13:25 � 6:02

prototyp es and DSE with AdaBo ost + External Classes only required 14:66 � 6:97

prototyp es. With such few uni que prototyp es required, ve ry few DTW calculations

is required. Figure 3-4 illustrates the reduction in prototyp es over the numb er of

AdaBo ost rounds. From the �gure, the �rst 50 rounds requires many new proto-

typ es, but after 5 0 rounds, the algorithm converges and do e s not select many more.

Combined with Fig. 3-3, this indicates that the �rst f ew rounds are imp ortant for the
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Figure 3-4: A c omparison of the re duc ti on in prototyp es b etween DSE with AdaBo ost
and DSE with AdaBo ost + External Classes. The graph indicates the average numb er
of unique prototyp es selected by Adab o ost over the numb er of rounds o f weak learner
decisions.

ensemble classi�er, a nd each subsequent AdaBo ost selection only improves classi�ca-

tions of the outliers. Furthe rm ore , the prototyp e selection pro cess b ecomes cyclic i n

that the algorithm will select prototyp es to accommo date the outliers but the n will

select al re ady used prototyp es for when the bulk of the patterns are weighted low.

Figure 3-5 is an example of the prototyp es se lected by AdaBo ost in DSE for the

comparison of class �0� and class �6.� Due to the weak learner sele ction pro cess of

AdaBo ost, the �rst �6� is the most discriminating prototyp e based on distance to

�0�s and � 6�s. Furthermore, the rest of the initial selec te d prototyp es are idealize d

�6�s with ve ry small lo ops. As the selection pro cess pro ceeds, the prototyp e pattern

shap es degrade con�rming that the �rst selected prototyp es have a large dissimilarity

b etween the compared classes and the later prototyp es attempt to capture the outliers.

The prototyp es selected by AdaBo ost for the rem aining pairwise classi �c ations can

b e found in App endix A.
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Figure 3-5: The unique prototyp e patterns selected by DSE with AdaBo ost b etween
class �0� and class �6� in order of selection (top-left to b ottom-right).

(a) (b)

Figure 3-6: Histograms of dissimilarity distributions for (a) a prototyp e with a high
discriminablity for DSE and (b) a prototyp e with a low disciminability for DSE. Red
is one class and blue is the other.

3.5.2 What Makes a Go o d Prototyp e for DSE?

Given a dissimilarity space and the weak learner in Eq. (3.2), the ideal prototyp e

would maximize gn (S) for all S of one class and minimize gn (S) for the other. In

other words, the ideal prototyp e would have the maxim al di�erence b etween the

distances of the classes. The ideal prototyp e for dissimi larity space would have a

clear linear separation b etween classes with little overlap or noise, thus having a high

discriminative ability . For AdaBo ost, this means if an ideal prototyp e exists within

the initia l prototyp e set, it would b e selected with a high con�dence � and would have

few subsequent rounds of selection. Figure 3-6 demonstrates a 1D dissimilarity space

with a linearly separable distribution of dissimilaritie s, therefore a good prototyp e,

and one with an overlapping distribution of dissimilarities.



70 CHAPTER 3. ENSEMBLE METHOD FOR DISSIMILA RI TY REPS.

Class A

Class B

Class C

Class A Class B Class C

Figure 3-7: An idealized e xample where using an external class, class C , is b ene�cial
for two-class classi�cation in dissimil arity space. Class C is able to di�erenciate the
samples i n class A and class B more than the other samples of the resp ective c lasses.
The rings in (top) represent decision b oundaries for a classi�er based on the distance
to the resp ective c enters. (b ottom) are the resulting dissimilarity space created by
the prototyp es featured in (top).

3.5.3 On Usin g External Class Prototyp es

The implication of using a dissimi larity space for classi�ca ti on is that a prototyp e's

discriminative ability is de termined by its ability to di�erentiate classes based on

distance from the prototyp e. This means, for a two-class classi�cati on problem with

a linear cl assi�er, the va lue of a feature is ba sed on the separation b etween the two

classes. In other words, a prototyp e with a high disc ri minative p ower i n dissimilarity

space would b e more similar to all of the sample patterns in one class than it would

b e similar to the patterns of the second class. Intuitively, this would mean that

the prototyp e b e longs two one of the two classes. In the DSE with AdaBo ost +

External Classes exp eriment, the initial prototyp e which AdaBo ost could cho ose from

was constructed from an equal numb er of patterns from b oth pairwise classi�cation

classes. The prototyp es se lected by DSE with AdaBo ost + External Classes can b e

found in App endix B.

Howeve r, there is no guarantee that prototyp es of the pairwise classi�cation classes
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are the optimal prototyp es for dissimilarity space. Two-class classi�catio n in a vector

space created by DSE carries a unique prop erty that the prototyp es do e s not need

to b e restricted to the two classes. The dissimilarity features can b e de�ned as the

distance to a pattern of any class. It is p ossible that the ideal prototyp es for two-

class classi�cation in dissimilarity space are not memb ers of the two classes, but a

third, external class. Based on this idea, the DSE with AdaBo ost + External Classes

exp eriment was conducted by allowing AdaBo ost to select prototyp es from any class.

Figure 3-7 demonstrates an example where the dissimilarity features of an external

class has a higher discriminative p ower than the pairwise classes.

The comparison b etween the re sul ts of DSE with AdaBo ost and DSE wi th Ad-

aBo ost + External Classes con�rms that the external classes can improve the results.

DSE with AdaBo ost + External Classes had an accuracy of 96.67% compared to the

trial limited to the pairwise classes with only 95.15% accuracy. From the results, it

can b e inferred that the class of the prototyp e is not essential for DSE as much as the

shap e. Moreover, despite using an increased initial prototyp e set for selection, there

is not a signi�cant increase in numb er of uniquely selected prototyp es. The AdaBo ost

algorithm only used an average of 1.41 unique prototyp es more when allowed access

to the external classes. This means there is no signi�cant increase in computation

time for DSE with AdaBo ost + External Classes b ecause there is only a very slight

increase in DTW calculations required.

While there is only a sli ght increase in the numb er of unique prototyp es required

for classi�cation of DSE with AdaBo ost + External Classes, the numb er of external

class selec tions varie d widely. From Fig. 3-8, the distribution of external class usage

dep ended on the pai rwi se classi�cation. Classi�cations that were di�cult for DSE

with AdaBo ost tended to use more prototyp es from external classes when p ermitted.

This shows that DSE with AdaBo ost + External Classes makes up for a lack of

discriminative proto typ e s by acce ssing the p o ol of external class prototyp es. On the

less di�cult pairwise classi�cation combinations, the external class prototyp es were
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Figure 3-8: A b ox plot of the pairwise classi�cations across all folds with the top and
b ottom of the b oxes as the third and �rst quantile resp ectively. The External class
usage b oxes are calculated by NE =NT where NE is the numb er of unique prototyp es
that b elong an external class and NT is the total numb er of unique prototyp es used
to build the strong classi�er. Note, the External Class Usage b oxes are sc aled f or the
visualization.

unnecessary for the AdaBo ost algorithm.

The increase in accuracy with using external class prototyp es can b e attributed

to the combination of two scenarios, either a pattern exists from an external class

that is a more idealized representation of one of the cl asses or a scenario much like

Fig. 3-7 where a third class di�erent from b oth classes has more discrimi native p ower

than either. In either c ase, AdaBo ost ranks the weighted weak learners to select the

prototyp e with the lowest error and thus the prototyp e that is able to di�erentiate

the two compared classes the b est.

The prototyp es selected in Fig. 3-9 b etween class �0� and class �6� is an example

of external class prototyp es b eing selected for the ir similarity to one of the pairwise

classes. The second prototyp e selected by AdaBo ost in Fig . 3-9 i s of c lass �4.� In spite

of this, it was selected b ecause it had a greater distance to class �0� than the training
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Figure 3-9: The unique prototyp e patterns selected by DSE with AdaBo ost + Ex-
ternal Classes b etween class �0� and class �6� in order of selection (top-left to b ottom-
right). The b oxed patterns are instances of AdaBo ost supplementing the selecti on
with prototyp es of external classes.

(a) (b) (c)

Figure 3-10: Three of the ma jor variations stroke order of ha ndwritten numb er �5.�
The numb ers indicate order of the strokes. (a) and (b) starts with the top line, but
pro ceed in opp osite dire ctions. (c) ends with the top line.

samples in class �6.� When compared to the se lected prototyp es from Fig. 3-5, it is

understandable why the �rst pattern from class �4� c reated an e�ective dissimilarity

space for the weak learner. In the early stages of the training, prototyp es re sembling

�6�s with small and lo ops (as opp ose d to a large lo op of a pattern from class �0�)

were selected and patte rns from class �4� can b e very similar to patterns from class

�6.� Allowing AdaBo ost to select from prototyp es from external classes is able to

supplement with more discriminative shap es.

An exampl e of a case where a prototyp e of a third, external cla ss creates a larger

separation in dissimilarity b etween the test classes despite b eing di�erent from b oth

is the pairwise classi�cation of class �5� and class �8.� The primary confusion b etween
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(a) (b) (c)

Figure 3-11: Dissimilarity spaces create d by the �rst two prototyp es selected by (a)
DSE Random, (b) DSE with AdaBo ost, and (c) DSE with AdaBo ost + External
Classes. The y-axes are the dissimilarities to �rst prototyp e and the x-axes are to the
second prototyp e.

class �5� and �8� is due to the three variations of handwritten �5�s, shown in Fig. 3-1 0.

The issue is caused by the large di�erence b etween the �5�s written like Fig. 3-10 (a)

and (b) and the �5�s written like Fig. 3-10 (c). Incidentally, the di�erence b etween

the two groups is greater than the di�erence to patterns of class �8.� Therefore

in dissimilarity space, this cause s problems when prototyp es of class �5� or �8� is

used. The divi sion b etwee n the variations of �5�s is clearly illustrated in Fig. 3-11,

where there is a large separation in class �5� within the di ssimilarity spaces based on

prototyp es from class �5.� The �rst prototyp e sele cted by DSE Random in Fig. 3-11 is

an example of �8� and i t is di�cult to distinguish the two classes within the resulting

DSE. The dissimilarities of the �5�s in Fig. 3-11 (a) and (b) show the division in

the handwritten �5� styles. Coincidentally, the �rst prototyp e selected by DSE with

AdaBo ost has the app earance of a �0,� but i t is actually a misshap en �8,� and it do es

give a strong division b etween the two classes. When AdaBo ost was actuall y allowed

to select memb ers of c lass �0,� the probl em b ecomes linearly separable in dissimilarity

space. In addition, Fig. 3-12 veri�es that class �0,� a class external to the compari son

of �5� and �8,� is e�ective as weak learner for AdaBo ost in dissimilarity space.
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Figure 3-12: The unique prototyp e patterns selected by DSE with AdaBo ost +
External Classes b etween cla ss �5� and class �8� in order of selection (top-left to
b ottom-right). The b oxed patterns are instances of AdaBo ost supplementing the
selection wi th prototyp es of external classes.

3.5.4 Discriminability of AdaBo ost Selected Prototyp es

The prototyp e s are selected to b e useful for the ensemble classi�er of AdaBo ost based

on thei r ability to discriminate training samples in dissimilarity spac e. At the same

time, the prototyp es selected by AdaBo ost show discriminative p otential outside of

using DSE. When 1-NN is used with the prototyp es sel ected by DSE with AdaBo ost,

there was an increase in ac curacy compared to using 1-NN with randomly selected

prototyp es. In Fig. 3-13, 1-NN with AdaBo ost Prototyp es had a 89.0 6% accuracy

and 1-NN with Random Prototyp es only had a 86.94% accuracy with the same num-

b er of prototyp es. It is interesting to no te that the linear cl assi�er used as the weak

learner in Eq. (3.2) is a generalized approach to classi�cation while 1-NN is an exhaus-

tive me morization approach, yet the selected prototyp es improved the classi�cation

accuracy.

3.5.5 Comparison to Other DSE Prototyp e Selection Metho ds

After the initia l AdaBo ost selections, the accuracy in Fig. 3-3 stabilizes and do es not

over�t. Freund and Schapire [143] proved that the error of the �nal classi�er drops

exp onentially and is b ounded by e� 2t (1=2� � k )2
, whe re k is the round numb er and � k is

the error of the k th learner. AdaBo ost has b een also shown to b e resil ient to over�t-

ting [144, 145, 146]. This is consistent with the observations from the exp eriment.

Howeve r, in comparison, DSE k -Centers encountered over�tting during the initial
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Figure 3-13: The average test accuracy of the 45 pairwise classi�cations over 9-fold
validation for 1-NN with Random Prototyp es and 1-NN with AdaBo ost Prototyp es.
1-NN Random Prototyp es uses 1-NN with a random set of prototyp es equal in size
to that of DSE wi th AdaBo ost and 1-NN with AdaBo ost Prototyp es use the exact
prototyp es selected by DSE with AdaBo ost.

rounds. This phenomenon is due to the way classwise k -Centers selects subsequent

prototyp es. The �rst prototyp e selected by k -Centers is the me dian pattern to each

class, which is generally toward the center of each cluster. Using the pattern at the

center of each class is not the optimal pattern for DSE but it generally su�cie ntly

able to discriminate test patterns. However, as shown in Fig. 3-14, after a few rounds

of prototyp e selection, classwise k -Centers starts to select outlier prototyp es or pro-

totyp es of edge clusters. These patterns do not necessarily help cl assi�cation with

DSE and in the case of k = 4 and k = 5 , som e of the selected prototyp es create

indistinguishable dissimi larity features which hurts classi�cation.

DSE Random do es not su�er from the same over�tting b ecause the algorithm is

not directed to sele ct outlier patterns. By averaging the pairwise classi�cations over

the course of 9-fold validation and due to the law of large numb ers, it is exp ected

that the randomly selected prototyp es has a even distributi on of the full prototyp e

set. And consequently, there is a go o d representation of the prototyp es for the dis-
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k = 1

k = 2

k = 3

k = 4

k = 5

Figure 3-14: An example of classwise k -Centers prototyp e selection where k is the
numb er of selecte d prototyp es for each class. (left) are the dissimilarities from the
selected prototyp e of the red class to al l of the samples. (right) are the dissimilaritie s
from the selected prototyp e of the blue class to all of the sampl es. (center) are
multidimensionally sc aled based on DTW-distance. The yell ow p oints are the selected
prototyp es of the red class and the cyan p oints are the selected prototyp es of the blue
class.
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similarity space compared to k -Centers which selects many outlier prototyp es leading

to a degradation in accuracy. Additionally, using additional random prototyp es has

little a�ect on the accuracy and very l ittle over�tting is observed. However, b oth

prototyp e selection metho ds have accuracies far b elow DSE with AdaBo ost b ecause

AdaBo ost is able to combine classi�ers to create a complex nonlinear strong classi �e r.

3.6 Summary

This chapter demonstrated the ability of using AdaBo ost as a feature selection tech-

nique to build a strong di ssi milarity representation for time series patterns. To use

AdaBo ost for prototyp e selection for DSE, a weak learner that is only dep endent on

one dimension can b e used. This is p ossible due to a unique prop erty of DSE where

each dimension is represented by a prototyp e. Thus, each selected weak learner is

only dep endent on o ne prototyp e. Due to this, the numb er of required DTW calcu-

lations for DSE is greatly re duc ed. In additio n, the resulting classi�er i s a nonlinear

ensemble classi�er that can b e used for ac curate and e�ective cl assi�cation.

Using DSE with AdaBo ost resulted in an accuracy of 95.15% in one-vs-one clas-

si�cation on the Unip en 1a dataset with 9-fold validatio n, which is comp etitive with

the state-of-the-art mo dels from literature. In addition to achieving a high accuracy,

using AdaBo ost wi th DSE is able to dramatically reduce the computational require-

ment of time series classi�cation. Only an average of 13:25 � 6:02 prototyp es were

required to build the strong classi�er by AdaBo ost. Compared to traditional 1-NN

with DTW, this is a very small numb er of prototyp es. In addition to creating a

b etter strong classi�er from AdaBo ost, i t was shown that the prototyp es selected by

AdaBo ost were more discriminative for non-DSE 1-NN classi�cation and can b e use d

as a general prototyp e selecti on technique.

The exp eriments also demonstrate that it is p ossible that using classes external

to the pairwise classes improves the creation of an e�ective DSE. Counter-intuitively,
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not only are the pairwise classes useful for two-class classi�cation in DSE, but some

patterns of classes external to the classi�cation are useful as prototyp es. By using

external classes, the accuracy increased to 96.67% accuracy and only uses a slightly

higher 14:66 � 6:97 average numb er of prototyp es. The increased acc uracy of DSE

with AdaBo ost + External Classes can b e attributed to the external classes sel ecting

prototyp es that are more discriminative for the DSE spac e.
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Chapter 4

Dynamic Alignment for Deep

Learning Representations

Deep learning is an approach to representation learning that grown in p opularity due

to its e�ectiveness in learning high and low-level features. Moreover, f ul ly-connected

feed forward neural networks such as MLPs have shown to b e successful for statistical

pattern recognition. Howe ver, when a fully-connected neural network is provided a

time series as input, the temp oral structure is lost b ecause every input element is

connected to every no de in a linear fashion. Due to each step in time not necessarily

relating to each set of weights, temp oral distortions and temp oral characteristics are

not considered. This is esp e cially true when give n patterns of di �e re nt lengths and

rates. For e xample, in Fig. 4-1, if the no de is provided with two patterns wi th a small

translation in time step, the weights of the �rst input pattern do not li ne up with the

weights of the second despite the two patterns b eing similar. In order to overcome

this, a fully-connected neural ne twork would require di�erent sets of rules, or weights,

for every insta nc e of the time series.

This chapter prop oses a novel feed forward neural network for time series recog-

nition called a Dynamic Time Warping Ne ura l Network (DTW-NN). DTW-NNs ex-

ploit D TW's dynamic matching ability to �nd the optimal match b etween inputs and

81
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Figure 4-1: Example of an MLP no de with input patterns with te mp oral di stortio n.
(top) is the time series and (b ottom) is the no de. The �gure shows that a small time
step distortion causes a mismatch of weights.

weights. By dynamically aligning the weights to the inputs, DTW-NNs are robust to

temp oral distortions.

4.1 Dynamic Time Warpring Neural Networks (DTW-

NN)

The general concept of DTW-NNs and DTW layers is that the summation of input

weight pro ducts a no de in a feed forward neural network is replaced with DTW. This

is p ossible b ecause the summation acts like the inner pro duct b etween the weights

and the inputs and DTW can b e used as a nonlinear replacement. In this way, the

optimal alignment of weights and inputs is found and the result is a feed forward
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(a) (b)

Figure 4-2: Comparison of (a) a dot pro duct and (b) DTW b etween p and s. Every
p oint in (a) is the pro duct of the pairwise elements and the result of the dot pro duct
is the sum o f the pro ducts. Alternatively, every p oint in (b) i s the result of a lo cal
distance function d(pi ; sj ) .

neural network that is considerate to time series data and robust to temp oral distor-

tions. DTW-NNs imple ment DTW-based no des referred to as DTW nodes which are

organized in feed forward DTW layers . The remainder of this section describ es the

mechanism b ehind DTW-NNs.

4.1.1 DTW as a Nonlinear Inner Pro duct

This section discusses the implic ations of using DTW as a nonlinear inner pro duct

and its relation to kernel f unc tions.

Dynamic Alignment for Inner Pr o ducts

The generalization of a dot pro duct is an inner pro duct. For vectors, the dot pro duct

is the sum of the pro ducts of line arly matched elements, or:

p � s = pT s =
X

i

pi si : (4.1)
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Where a dot pro duct is an inner pro duct for vectors, DTW can b e used as a nonlinear

inner pro duct for time series. Figure 4-2 compares an inner pro duct, o r sp eci�cally a

dot pro duct, calculation and the DTW calculation. In comparison, DTW de�ned by

Eq. (2.1) i s the sum of the distances of elastically matched elements. The relationship

b etween the two is evident.

Moreover, DTW can b e exploited to dynamicall y align the eleme nts of p and s

in order to ensure that the elements from one pattern are matched to the re levant

elements of the other. This relaxes the rigid matching constraints of a linear inner

pro duct which maximizes the e�ec tiveness of it as a similarity function.

DTW and Kernel Functions

A kernel function is a symmetric p ositive semi-de �ni te function that is used to map

feature spaces into vector space representations. Using a kernel function, the features

are represented as a square matrix o f pairwise co mpari sons. With the use of a kernel

function, normal linear classi�ers can b e used with features with nonlinear decision

b oundaries. The metho ds which use kernel functions as the basis of the representation

of data is referred to as kernel methods .

Kernel functions can b e seen as a si milarity functio n. For example, a linear kernel

consists of the dot pro duct of real vectors. In a linear kernel, paralle l vectors, or si milar

vectors, result in a large output whi le dissimilar vectors have a small, or negative,

output. This interaction is simil ar, although i nverse, to that of DSE discussed in

Chapter 3.

The most p opular kernel metho d is the SVM which implement Radial Basis Func-

tion (RBF) kernels and kernel PCA [147]. Kernel metho ds a lso can use kernel func-

tions of other domains such a s sequence ke rne l functions [148] for strings, convolution

kernels [149, 150, 151], tree kernel functions [150], and graph kernel functions [152]

for NLP.

DTW based kernels have also b een prop osed for kernel metho ds with time series
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data. In the same way DTW i s similar to an inner pro duct, it is not unlike a kernel

function. In resp ect to kernel functions, DTW is a p ositive semi-de�nite dissimilarity

function. However, unlike conventional kernels, DTW is an asymmetric function

where DTW( p; s) do es not nec essarily equal DTW( s; p) due to the p ossibility of

di�erent warping paths when reve rsed. Even though DTW is asymmetric, it has

shown to b e an e�ective kernel function for SVMs [153, 154, 1 37].

4.1.2 Formulation of a DTW Layer

The calculation of a traditional neuron, in Eq. (2.5), is an inner pro duct, sp ec i�cally

the vector dot pro duct b etween wn and x . The inner pro duct relationship b etween

the weight vector to a no de wn and the input vector x is similar to a similarity

function i n that a larger value is exp ected if wn is simi lar to x and a smaller value is

exp ected i f wn is dissimilar to x . As describ ed by Section 4.1.1, if the inner pro duct

of full connection in a typical neural network is replaced with a dynamically aligned

inner pro duct found by DTW, the network can b e time considerate and invariant

to temp oral distortions. Using DTW as a metho d to dynamically align the optimal

weights to the inputs in this way is the basis of a DTW-NN.

Forward Propagation of a DTW-NN

During forward propagation, if the weights wn to no de n are considered a sequence,

then DTW can b e used b etween the weights and the input se quence x to �nd the op-

timal matching. Combining Eqs. (2.1) and (2.5), the activation of a no de in b ecomes:

an = � (DTW ( wn ; x) + bn )

= �

0

@
X

( i 0;j 0)2M

d (wn;i 0; x j 0) + bn

1

A :
(4.2)
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(a) (b)

Figure 4-3: Illustration of (a) a DTW no de n and (b) a DTW-NN. x is the input
elements x1; : : : ; x5 . wn is the weights wn;1; : : : ; wn;5 for e ach resp ective input. zn is
the result of DTW( wn ; x) and a is the output vector of all of the no des. Note, unlike
Fig. 2-9, each element of x and wn have a nonlinear alignment.

In comparison to Fig. 2-9, Fig. 4-3 has a nonlinear alignment of the weights to the

inputs. The weight wn;2 is delayed one time step, causing no de x2 to b e skipp ed

and wn;3 and wn;4 to b e matched with delayed time steps x4 and x5 , resp e ctively.

Figure 4-4 dem onstrates the e�ect of using DTW as a nonlinear function for the

replacement for the traditional linear kernel. In addition to a nonlinear alignment to

overcome temp oral distortions, this applicatio n of DTW allows the neuron to have

a time series input and a sc alar output that acts as a similarity function for the

pro ceeding fully-connected layers.

A notable di�ere nc e b etween a linear kernel of a traditional no de and a DTW

no de is the relationship b etween an input and a weight. In Eq. (2.5), each weight x i

is multiplied by wn;i . In DTW, a lo cal distance function is used to �nd the di�erence

b etween the m atched inputs and weights.
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Figure 4-4: Example of an DTW no de with input patterns with temp oral distortion.
(top) is the time series and (b ottom) is the no de. The �gure shows that DTW can
overcome the e�ects of small tra nsl ations in the patterns.

Back Propagation o f a DTW-NN

To up date the weights during back propagation using gradient decent, the derivative

of the lo ss function with resp ect to the weights of the DTW layer must b e found.

Equation (2.8) b ecomes:

wDTW
n;i  wDTW

n;i � �
@C

@wDTW
n;i

; (4.3)

where wDTW
n;i is the weights of the connections to the DTW layer and @C

@wDTW
n;i

is the

partial derivative of the error with resp ect to those weights. By up dating the wei ghts

in this way, the weights b ecome the optimal sequence for DTW as a nonlinear inner

pro duct to mi nimize the error from the loss function. The training of a DTW layer
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can b e considered a prototyp e generation metho d due to the �nal weight sequences

representing optimized patterns for distance based discriminators.

To calculate the @C
@wDTW

n;i
for back propagation, the utilization of the chain rule is

necessary. For no de n of a DTW layer:

@C
@wDTW

n;i
=

@C
@zDTW

n

@zDTW
n

@wDTW
n;i

; (4.4)

where the intermediate quantity zDTW
n is the result of DTW and @C=@zDTW

n is the

partial derivative of the error with resp ect to the intermediate quantity zDTW
n obtained

through additional use of the chain rule. @zDTW
n =@wDTW

n;i is the partial derivative of the

output of DTW with resp ect to each weight wDTW
n;i aligned by DTW. The relationship

b etween zDTW
n and the we ights is the sum of the lo cal distances b etween the weights

in wDTW
n and the dynamically matched inputs in x . Gi ven Eq. (2.1) and using a slop e

constraint de�ned in Eq. (2.3), each i 0 in (i 0; j 0) 2 M directly corresp onds to each i in

wDTW
n = wDTW

n;1 ; : : : ; wDTW
n;i ; : : : ; wDTW

n;I . Therefore, the derivative of each weight with

index i and every m atched element of the input sequence x j 0 in M is:

@zDTW
n

@wDTW
n;i

=
@

@wDTW
n;i

DTW
�
wDTW

n ; x
�

=
X

( i;j 0)2M

@
@wDTW

n;i
d

�
wDTW

n;i ; x j 0
�

:
(4.5)

The calculation of DTW is based on which lo cal distance function used b etwe en

elements. Assuming sequences are ordered elements in Q-dimensional vector space,

the co ordinates of the input sequence are denoted as x j 0 as (� 1; : : : ; � q; : : : ; � Q)T .

Also, the weight sequence with the same dimensionality of the input sequence is used,

where wDTW
n;i = ( ! 1; : : : ; ! q; : : : ; ! Q)T . If Eucl idean distance is used as lo cal distance

then the distance d
�
wDTW

n;i ; x j 0
�
b etween each multidimensional weight wDTW

n;i and



4.1. DYNAMIC TIME WARPRING NEURAL NETWORKS (DTW-NN) 89

each matched input x j 0 with indexes i and j 0 in M is:

d
�
wDTW

n;i ; x j 0
�

=

vuut
QX

q=1

(! q � � q)2: (4.6)

To �nd the derivative of the gradient of each weight @
@wDTW

n;i
, the derivative of the

distance in Eq. (4.5) with resp ect to each dim ension of the weight is taken separately:

@
@!q

d
�
wDTW

n;i ; x j 0
�

=
@

@!q

vuut
QX

q0=1

(! q0 � � q0)2

=
1

2
q P Q

q0=1 (! q0 � � q0)2

@
@!q

QX

q0=1

(! q0 � � q0)2

=
1

2
q P Q

q0=1 (! q0 � � q0)2

 
@

@!q
(! q � � q)2 +

@
@!q

X

q06= q

(! q0 � � q0)2

!

=
1

2
q P Q

q0=1 (! q0 � � q0)2
2(! q � � q)

=
! q � � qq P Q

q0=1 (! q0 � � q0)2
: (4.7)
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This is then rep eated for all dimensions of wDTW
n;i , resulting in:

@
@(! 1; : : : ; ! q; : : : ; ! Q)T d

0

BBBBBBBBB@

! 1 � � 1

: : :

! q � � q

: : :

! Q � � Q

1

CCCCCCCCCA

=

0

BBBBBBBBBBBBBBBBBBBBB@

! 1 � � 1s
QP

q0=1
(! q0 � � q0)2

: : :
! q � � qs

QP

q0=1
(! q0 � � q0)2

: : :
! Q � � Qs

QP

q0=1
(! q0 � � q0)2

1

CCCCCCCCCCCCCCCCCCCCCA

: (4.8)

Finally, by combining Eqs. (4.4), (4.5), and (4.8), the derivative of the gradient of

the loss function in resp ect to the weights i s:

@C
@wDTW

n;i
=

@C
@zDTW

n

0

BBBBBBBBBBBBBBBBBBBBB@

! 1 � � 1s
QP

q0=1
(! q0 � � q0)2

: : :
! q � � qs

QP

q0=1
(! q0 � � q0)2

: : :
! Q � � Qs

QP

q0=1
(! q0 � � q0)2

1

CCCCCCCCCCCCCCCCCCCCCA

: (4.9)
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Using gradient de cent describ ed in Eq. (4.3):

0

BBBBBBBBB@

! 1

: : :

! q

: : :

! Q

1

CCCCCCCCCA

 

0

BBBBBBBBB@

! 1

: : :

! q

: : :

! Q

1

CCCCCCCCCA

� �
@C

@wDTW
n;i

; (4.10)

the co ordi nate s of every weight wDTW
n;i can b e up dated to mini mize the loss f unc ti on

in the DTW layer. This op eration can b e thought as up dating the co ordinates of

each element wDTW
n;i in the weight sequence wDTW

n of a no de in order to obtain an

optimal DTW
�
wDTW

n ; x
�
and resulting an .

4.2 Representation Learning through DTW-NN

In a DTW-NN, the weights within a DTW no de are considere d as sequences. There-

fore, during training, the representatio ns learned by DTW-NN in the DTW layers are

dissimilarities to the weight sequences. This is consistent with MLPs if you consider

the inner pro duct of a no de as a similarity function. This means, in resp ect to deep

learning, DTW-NNs use the di�erence b etween the inputs and weights as low-level

features as the basis for the high-level features. Since the weights are automatically

learned, DTW-NNs learn representations of time series through training.

4.3 Exp eriment Setup

In this se ction, DTW-NNs are evaluated on online handwritten digits and characters

and compare it to established metho ds. In doi ng so, the strengths of DTW-NNs and

the shortcomings of other mo dels can b e identi�ed.
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4.3.1 Dataset Prep aration

The Unip en 1a, 1b, and 1c online handwritten digit and character datasets describ ed

in Section 2.1.1 were used. Similar to the exp eriments in Sec tion 3.3, the evaluations

with the Unip en 1a dataset used 1 3,000 patterns. In addition, 12,350 randomly

selected patterns with equal distribution of the 26 Latin alphab et classes were used

from the Unip e n 1b and 1c datasets. All of the patterns were re-sampled to 50

sequence elements and scaled to �t in a square de�ned by the corner co ordinates

(0; 0) and (1; 1). Scaling the input patterns to �t b etwee n 0 and 1 is a common

practice in ne ural network mo dels. The datasets were divided into three subsets, a

test set of 10% of the patterns, a validation set of 50 patterns, and a training set with

the re maining. An additional 50 patterns were set a side from the training set for the

initialization tri al.

4.3.2 Hyp erpara meters and Architecture Settings

In this section, the design choices of the hyp erparameters and architecture settings

will b e discussed.

Network Hyp erparameters

To evaluate DTW-NN, the following neural network hyp e rpa ram eters were used for

the e xp eriments. The �rst hidden layer is made of a DTW layer with 50 no des.

Due to D TW b eing a dissimilarity based distance measure versus the typical linear

kernel which is similarity base d, an inverted Recti�ed Linear Unit (ReLU) activatio n

function with batch normalization was used. The next two layers are fully-connected

using a tanh activation function with a bias with 400 and 100 no des resp ectively.

The �nal output layer uses softmax trained with cross entropy with 10 no des for the

Unip en 1a dataset and 26 no des for the Unip en 1b and 1c datasets.
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Learning Rate

The learning rate � determines the rate that the weights are moved by gradient decent.

To o high of a learning rate and the network will �t the weight parameters to o quickly

and can lead to a diverging loss. To o slow and it will get stuck in lo cal minima and not

reach the optimal results. By using a le arning rate with a progressive decay, gradie nt

decent of the network will quickly learn the weight parameters in the b eginning and

slowly re�ne them later in the training. A le arning rate with a progressive 1=t decay

was used. The learning rate is de�ned by de�ned by:

� t =
� 0

1 + �t
; (4.11)

where � t is the learning rate at iteration t . The initial learning rate � 0 and the

constant decay rate � are hyp erparameters. For the exp eriments, a progressive 1=t

decay learning rate with � 0 = 0 :01 and � = 0 :01 for the DTW layer and a 0.0001

static learning rate for the fully-connected layers. The reasoning for the progressive

decay is to counter the slow convergence from a random weight i ni tialization.

Training

The DTW-NN was trained with SGD with a batch siz e of 100. The batch size was

chosen to cycl e through an ep o ch ab out every 130 rounds. The networks were trained

for 60,000 iterations.

4.3.3 Comparative Metho ds

To compare DTW-NN to classic metho ds, CSDTW, DAG-SVM-GDTW, HMM, HMM

SDTW, and Interp olation Kernel describ ed in 3. 3.2 are rep orted for the Unip en 1a,

1b, and 1c datasets. In addition, the exp eriments are c ompared to three neural net-

work metho ds from literature:
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� FasArt [155]: Fuzzy Adaptive System ART-based [156], is a neuro-fuzzy system

that combines stroke features with the lab eled patte rns in a neural network

architecture.

� Fuzzy Rep. KP [157]: H éb ert et al. prop osed using fuzzy representation for

isolated character description. They crea te representations maps from the se-

quences and conduct classi�ca ti on using a hybrid Kohonen-p erceptron (KP)

neural network which combines a Kohonen self-organizing map [158] with a

MLP.

� RFR [159]: This metho d uses a regional-fuzzy representation (RFR) which is a

mo di�cation of Fuzzy Rep. KP that uses regional windows.

The following evaluations were conducted:

� DTW-NN : This metho d uses a DTW-NN as desc ri b ed in Section 4.1.

� LSTM : LSTMs are the state-of-the-art solution for time series classi�cation.

The LSTM was designed to match the DTW-NN evaluation with a similar

complexity. An LSTM wi th two hidden laye rs and a softmax output layer was

implemented. They use a forget bias of 1 .0, a static learning rate of 0.001, a

batch size of 100, and were given 50,000 iterations.

� 1-NN with DTW : For this evaluation, k -NN where k = 1 using DTW as the

distance measure is used. The distinction b etween this eval uation and the 1-NN

with Full Training Set from Se ction 3.3 is that this evaluation uses a multi-class

classi�cation with the entire training set as the proto typ e set.

The evaluations were do ne using multi-class cl assi �cation.
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Table 4.1: Comparative Accuracies (%) for DTW-NN

Evaluation Unip en 1a Unip en 1b Unip en 1c Per Digit Time (s)
DTW-NN 98.2 94.9 94.5 0.3
LSTM 96.5 92.1 90.5 �
1-NN with DTW 98.5 97.1 95.8 77.6
CSDTW [136] 97.1 92. 8 90.7 �
DAG-SVM-GDTW [137] 96.2 92.4 87.9 �
HMM [140] 96.8 93.6 85.9 �
HMM-SDTW [141] 96.8 92.0 90.3 �
Interp olation Kernel [142] 97.1 91.5 89.2 �
FasArt [155] 85 .7 � � �
Fuzzy Rep. KP [157] 96.1 � � �
RFR [159] 96.9 � 85.6 �

4.4 Results

The results of the evaluations and the rep orted metho ds are shown in Tabl e 4. 1 and

the confusion matrices of DTW-NN and LSTM can b e found in App endix C. The

DTW-NN achieved a very high 98.2%, 94.9%, and 94.5% accuracies in multi-class

classi�cation for the Unip en 1a, 1b, and 1c datasets. The results surpass al l other

results including the state-of-the-art results from literature, except for the simple

1-NN with DTW evaluation. This further establishes that 1-NN with DTW is a

di�cult metric to b eat, however, 1-NN with DTW is not a trained mo del and needs

the incredibly long calculation time of 77.6 seconds compared to the DTW-NN's time

of 0.3 seconds p er classi�cation. 1-N N with DTW takes an unreasonable amount of

time to execute and it is not suitable for real time or large data applications.

4.5 Discussion

4.5.1 Hyp erpara meters and Initialization

In this section, the hyp erparameter and initialization choices of the DTW-NN and

their e�ects will b e discussed.
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Table 4.2: Accuracies for DTW-NN at Di�erent Le arni ng Rates

Learning Rate Typ e � 0 � Unip en 1a (%)
Constant 0.01 0 93.8
Constant 0.0001 0 95.5
Progressive Decay 0.01 0.01 98.2
Progressive Decay 0.01 0.001 97.2
Progressive Decay 0.001 0.001 97.9

E�ect of Learning Rate

The goa l of gradient based optimization is to move the weights such that the loss is

minimized. This means that the wei ghts must b e moved at a rate su�ciently fast

enough to not get stuck in sub-optimal lo cal minima yet not so fast that it cannot

settle in optimal minima. In Eq. (4.3), the rate that the weights are up dated is

controlled by the learning rate � .

The test accuracies of using DTW-NN with di�erent learning rates of the Unip en 1a

dataset after 60,00 0 training iterations are rep orted in Table 4.2. Figure 4-5 shows the

e�ects of di�erent learning rates. Each line uses the same hyp erparamete rs describ ed

in Section 4.3.2, including a constant learning rate of 0.0001 on the fully-connected

layers. The �gure is e�ective i n showing the di�erence b etwe en a slow learning rate

� = 0 :0001 and a fast learning rate � = 0 :01. For the slow learning rate, the network

takes many iterations to reach comparable accuracies to the o the r trials. The fast

learning rate, on the other hand, reaches a high accuracy very fa st but b e gins to

over�t as the network continues to trai n. The �gure also demonstrate s the b ene�t of

using a progressive 1=t decay on the learning rate. In this case, the networks we re

able to use the b ene�ts of a fast learning rate in that they could quickly obtain high

accuracies and use the b ene�ts of a slow learning rate i n the later rounds.

Weight initialization

The weights of the DTW no de were initialized using a Gaussian distribution with

a c ovariance of 1. While this is a standard practice for weight initializ ation, there
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Figure 4-5: The traini ng accuracy over the numb er of rounds for DTW-NN with
di�erent learning rates on the DTW no de. � is the learning rate fo r constant learning
rates. � 0 is the initial l earning rate and � is the learning rate decay constant i n
� t = � 0

1+ �t .

are other metho ds of weight initiali zation, such as initializ ation using PCA [160, 161]

and by a random distribution multiplied by
p

2=n [86] where n is the numb er of

no des. However, for a DTW-NN, where the weights of the DTW no de is used as a

sequence, a natural choice would b e to initialize the weights using prototyp e patterns.

The intuition is that havi ng prototyp es serve as the starting place for the nonlinear

pro duct, the network will have an e asier time optimizing the weight sequences due

to the weights starting with established time series structures rather than random

bundles of connected p oints.

To determine whi ch weight initialization metho d is b est used for DTW-NN, an

exp eriment was done using a set of prototyp e patterns equal to the numb er of DTW

no des. Figure 4-6 shows the test accuracies over the numb er of training rounds. The

results of the exp eriment showed a 97.6% test ac curacy for initializing the DTW

no des using digits from the Unip en 1a dataset. The di�erence was a slight decre ase

in accuracy from the 98.2% test accuracy from using a random initialization.

Howeve r, there is some merit to initializing the networks with prototyp es. While
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Figure 4-6: The traini ng accuracy over the numb er of rounds for DTW-NN with
di�erent weight initializations on the D TW no de. Gaussian Initialization is initial -
ization of the DTW no de weights using a Gaussian distribution. Digit Initialization
is initiali zation of the DTW no de weights using patte rns from the Unip en 1a dataset.

there is little di�erence after the convergence of the DTW-NNs, the network that

was initiated with digits p erformed b etter in the early rounds. This is due to the

DTW-NN needing to unravel the randomly generated weight sequences i nto useful

shap es to discriminate cl asse s with DTW. The unraveling can b e seen in Fig. 4-7. On

the other hand, Figs. 4-6 and 4-7 also show that the necessary weight optimization

happ ens very early in the training pro cess (wi thi n the �rst 5,000 iterations) and given

enough time, either weight initialization is su�cient.

4.5.2 Analysis of the Weights

Since the weights of a DTW no de can b e considered as sequences, the weights can

b e rende re d as a time series. Figure 4-7 demonstrates the progression of the we ight

sequences over the course of training iterations for all three datasets. In these cases,

the weights converge d to recognizable characters. However, this is not always the

case, in Fig. 4-8 many of the �gures are unrecognizable and scrambled structures. The

organized structures tend to re semble digits and characte rs and due to the relationship
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Figure 4-7: The progression of weights from a DTW no de over the course of training.

with DTW, these weig ht sequences are used for their similarities and can b e thought

of as prototyp e generation.

On the other hand, the scrambled struc ture s are still useful for the DTW-NN for

classi�cation, but their use is for the dissimilarity prop ertie s to the input patterns.

The dissimilarity prop erties can b e used by the DTW-NN to discriminate b etween

classes. Figure 4-9 is a visualization of the outputs of the DTW no des from the

test set using t-Distributed Sto chastic Neighb or Emb edding (t-SNE) [162]. For the

visualization, n -dimensional vectors of the scalar activations, where n = 50 no des, are

scaled to 2-dimensional images. The �gure shows that despite the scrambled �lte rs
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(a) Unip e n 1a

(b) Unip en 1b

(c) Unip e n 1c

Figure 4-8: The state of the weight sequences of each of the DTW no des after 60,000
iterations for the (a) Unip en 1a, (b) Uni p en 1b, and (c) Unip en 1 c datasets.
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Figure 4-9: t-SNE visualization of the activations of the DTW no de from the test
set on the Unip en 1a dataset. Each graph is the activation at the particular training
iteration.

lo oking seemingly not useful, the activations of the DTW no des b ecome more class

discriminable with additional training iterations. It should b e noted that even in the

0 iteration, there is some discriminability of the randomly initiated weight sequences

due to similar classes having similar DTW distances, even to random sequences.

Training iteration 60,000 of Fig. 4-9 clearly demonstrates that the training of the

DTW no de is e�e ctive a nd useful for the DTW-NN. Furthermore, it shows that the

DTW-NN is able to combine the use of similar and dissimilar patterns for the use of

class discrimination and can b e seen as a mo del bridging the gap b etween generation

and discrimination.
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4.5.3 Comparison of DTW-NN to Baseline Metho ds

The DTW-NN achie ved an accuracy of 98.2%, 94.9%, and 94.5% which was higher

than the LSTM with 96.5%, 92.1%, and 90.5%, but lower than the 1-NN with

DTW with 98.5%, 97.1%, and 95.8%. Not unexp ectedly, the 1-NN with DTW

p erformed ve ry well on isolated handwritten character patterns as shown previ-

ously [163, 51, 164]. However, this is an unfair comparison due to 1-NN with DTW

b eing a n exhaustive search requiring the c alculation of DTW with each of ab out

12,000 training patterns, where DTW-NN only requires 50 DTW calculations p er

test pattern due to having only 50 DTW no des. To have a comparable run time,

1-NN with DTW would only b e allowed 2-5 training patterns of each class drastically

reducing the accuracy.

The comparison b etween DTW-NN and LSTM is a more imp ortant comparison

due to b oth b eing trained neural mo dels with real tim e computational times. The

confusion m atri ces of b oth metho ds are in App endix C. A comparison of the confu-

sion matrices reveals that the DTW-NN and the LSTM b ehave di�erently and have

di�erent misclassi�cations. For the Unip en 1a dataset, the most commonly misclas-

si�ed class for DTW-NN was �4� and �8� evenly and for the LSTM, it was �8� by a

large margin. On the Unip en 1b dataset, the most commonly misclassi�e d upp ercase

character was �F� and �T� for the DTW-NN and �E� for the LSTM. Finally, on the

Unip en 1c dataset, the most commonly misclassi�ed lowercase character was �t� for

the DTW-NN and �b� for the LSTM.

One example of the di�erence b etween DTW-NN and LSTM is shown in Fig. 4-10

in which the LSTM had trouble with the letter �b� whereas the DTW-NN did not.

The reason the LSTM had di�culties with the letter �b� is b ecause the letter �b� is

similar to other lowerca se letters, esp ecially the letter �h.� LSTMs were designed to

maintain long-term dep endencies by controlling how much information is stored and

forgotten. Learning single element long-term dep endencies is useful for NLP due to

the elements often consisting of information dense words with only lo ose relations to
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b as f

(a) DTW-NN Misclassifcations of �b�

b as h b as h b as h b as h b as h b as h b as h b as h b as j b as k

b as u b as n

(b) LSTM Misclassifcations of �b�

Figure 4-10: A comparison of the misclassi�ed test results b etwe en DTW-NN and
LSTM for the Unip en 1c dataset. (a) and (b) are all of the instances in the te st set
where �b� was predicted incorrectly by each mo del.

the surrounding elements. However, for tra jectories such as handwriting, each indi-

vidual element is not i mp ortant nor is elementwise long-term dep endencies. Instead,

the full structure of the time series is im p ortant and the constraints of DTW exploit

this.

The weakness of LSTMs can also b e c learly seen in the misclassi�cations of the

letter �o� in Fig. 4-11. The di�culty that the LSTM has with the character �o� is that

the di�erence b etween an �o� and an �a� is a small e xte nding line and the di�erence

b etween an �o� and a �u� is often just whether the top is connected or not. The

DTW-NN is able to distinguish the se small features due to the optimal matching of

features from DTW.

An example of where LSTM do es b etter than DTW-NN is the character �t,�

shown in Fig. 4-12. The DTW-NN failed on the �t�s which could b e mistaken as �f �s.

Normally, small features such as noise is desirable to b e excluded by the matching

pro cess of D TW. However, in the case of the misc lassi�ed �t�s, the discrimi nating

feature b etween the �f �s and the �t�s is the small ho ok on the upp er area. Where
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o as a o as a o as f o as i o as u o as u

LSTM Misclassi fcations of �o�

Figure 4-11: The misclassi�cations of the character �o� by LSTM. The DTW-NN
had no misclassi�cations of the character �o.�

t as b t as f t as f t as f t as f t as f t as f t as s t as z

(a) DTW-NN Misclassifcations of �t�

t as e t as j t as k t as l t as p t as y

(b) LSTM Misclassifcations of �t�

Figure 4-12: A comparison of the misclassi�ed test results b etwe en DTW-NN and
LSTM for the Unip en 1c dataset. (a) and (b) are all of the instances in the te st set
where �t� was predicted incorrectly by each mo del.

the LSTM was able to classify those cases as �t�s, the elasticity of the DTW match-

ing likely avoided matching p oints to the ho ok. However, correct classi�cation of

the misclassi�ed characters in Fig. 4-12 for either mo del would b e di�cult even for

humans.

4.6 Summary

DTW-NNs implement DTW as a nonl inear inner pro duct-like function whi ch is able

to replace the traditional linear inner pro duct. To use DTW as a replacement for the

traditional inner pro duct, the weights are considered as a sequence and during the

forward pass DTW is calculated b etween the input sequence and each weight sequence

of the DTW no de. The output of the DTW no de then b ecomes a scalar dissimil arity
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representation and can b e used with fully-connected laye rs. Whe n using DTW in this

way, time series patterns are able to b e used with feed forward networks while b ei ng

able to maintain temp oral consi de ration and overcome temp oral distortions.

During back propagation, the gradient of the loss function with resp e ct to the

weights of the DTW no de is used to optimize the weights for more e�ective forward

DTW calculations. This chapter describ ed the metho d in which the derivative of

DTW with resp ect to each element of the we ight sequence, given an Euclidean dis-

tance based DTW, can b e found. Usi ng this, DTW-NNs are able to move the elements

of the wei ghts to a p osition where the cost is minimized.

In this chapter, exp e ri ments using DTW-NN were conducted and com pa re d against

state-of-the-art metho ds. DTW-NN outp erforms the ma jor trained mo dels and is

comp etitive with the exhaustive 1-NN despite only requiring a very small computa-

tion time. The DTW-NN was evaluated on the Unip en 1a, 1b, and 1c datasets where

it achieved a 98.2%, 94.9%, and 94.5% test ac curacy, resp ectively. This demonstrates

the e�ectiveness of DTW-NNs on time series.

The core of DTW-NNs is the weight up date pro cess. During back propagation,

the elements o f the weight sequences are up dated in such a way that the results of

DTW in the forward pass create an increasing discrimination b etween classes. By

increasing the distance b etween classes, the fully-connected layers are able to learn

from a simpler representation of the data. This shows that the DTW-NN and notably

back propagation the DTW no de builds a representation useful for the system.

This chapter also explored the design choices of the network and de monstrate d

the value of the choices. The di �e rences in learning rate and weight initializ ation

was discussed and trials were done to demonstrate the di�ere nc es. It was found

that a progressive 1=t decay learning rate with � 0 = 0 :01 and � = 0 :01 was the

most e�ective learning rate. In addition, the metho d of weight initialization b etween

random Gaussian distribution and prototyp e initialization had little e�ect on the

overall accuracy.
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DTW-NNs are novel and e�ective to ol for ti me series recognition. Where LSTMs

excel in learning long-term dep endencies for time serie s, DTW-NNs are e�ective in

learning temp oral structures without the rigidity of fully-connec ted MLPs.

The use of DTW-NN as a feed forward mo de l is useful for future research for

non-recurrent ANNs and the p ossibility of using kernels other than the traditional

linear kernel. The b ene �t of developing feed forward mo dels for time series is due to

the active research in other feed forward mo dels, such as CNN s, AutoEnco ders, etc.

DTW-NNs and DTW no des lay the foundation for adapting other established mo dels

for the use of time series.
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Chapter 5

Background

This chapter provides background in image recognition and image representation

learning through deep le arni ng. Section 5.1 intro duc es image recognition with the ex-

ample of Chinese chara cter comp onent awareness. Next, Section 5.2 describ es CNNs

and their use for ob ject detection.

5.1 Image Recognition

Not unlike time series recognition, image recognition tackles the understanding of

structural data but in the image domain. Images are organized matrices of visual

data which contain pixel level spatial data. Also similar to time series, image based

recognition faces many spati ally related di�culties, such as shap e, size, and transla-

tion variance.

5.1.1 Example: Chinese Character Comp onent Aware ness

Character Recognition

Text a nd character re cognition has a long history in the �eld of do cument rec ognition.

The earliest optical character recognition (OCR) te chnologies can b e trac ed back

109
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to the late 1800s in order to create reading devices for the bli nd [165]. However,

nowadays, OCR is primarily used for the conversion of do cuments to digital textual

information using optical devic es, such as came ras and scanners. Some practical

applications of rec ent OCR techniques have b e en used for car license plates [166, 167],

scene text [168, 169], and historical do c um ents [170, 171, 172] .

Since the b eginning of OCR, isolated digit and character recognition has b een a

staple task. However, isolated digit and characte r recognition is still a very active

�eld of research. This is e vident by the large numb er of widely used publicly available

datasets, for instance the MNIST database of handwritten digits [173], the Street

View House Numb ers (SVH N) [174] dataset, and the Chars74K datase t [175]. There

are also datasets for non-Latin languages such as Arabic [176] and Chinese [177, 178]

characters.

There are many approaches to isolated character classi�cation, including classic

pattern recognition metho ds and mo dern machine learning metho ds. For example,

near p erfect accuracy on the MNIST database of handwritten digits has b een obtained

using k -NN with shap e conte xts [179], AdaBo ost with Ha ar features [180], SVMs [181],

and CNNs [182].

Chinese Character Comp onents

Chinese characters are symb ols or logograms which can represent complete words

or parts of words. Whereas the Latin al phab et is limited in numb er of classes, the

Chinese character set contains thousands of di�erent characters. This prop erty of

Chinese characters o�ers a challenging problem in character recognition. However, if

Chinese characters can b e broken into co mmon substructures, the task for Chinese

character recognition can b e narrowed to a smaller set of classes.

This p oses an ide al source of data for the comp onent awareness task. Chinese

characters o�er a large supply of target ob jects to detect and unlike natural images,

Chinese character comp onents do not always dep end on the surroundings. In addi-
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tion, while Chinese character comp onents conform to distinct classes, there are many

di�erent morphologies, scales, and they are lo cated at di�erent lo cations of a Chinese

character. The refore, using a dataset of Chinese characters with the comp onent la-

b els and without lo cation information is useful for b oth Chinese character c omp onent

detection as well as expl ori ng the capabilities of CNNs with weakly sup ervised data.

Comp osition of Chinese Characters

Chinese characters are co mp osed of small er substructures, hereby referred to as com-

ponents . Where simple characters have one comp onent, comp ound characters are con-

structed of multiple comp onents. For example, � � � ( bright ) is a comp ound ideogram

comp osed of the two comp onents � å � ( sun ) and � � � ( moon ). In this example, the

two comp onents are ideographic in that they provide semantic information for the

character. In addition to semantic information, some comp onents can give phonetic

information which suggests the pronunciation of the character. The Chinese charac-

ter comp onents are imp ortant for recogniz ing and providing information ab out the

characters, however, in some cases, the comp onents of mo dern characters have lost

their original indicators through time due to the simpli�cation, evol uti on, and styl-

ization of Chinese characte rs [183]. Some examples of Chinese characters and their

comp onents can b e seen in Fig. 5-1.

Traditionall y, Chinese character comp onents are a useful to ol for character dic-

tionaries. Each characte r has a primary comp onent, called a radical, which are used

to index dic ti onaries. There are 214 standardized radicals de�ned by the Kangxi

dictionary [184], however, the numb er of recognized radicals can vary dep ending on

the dictionary. In addition, there are hundreds of di�erent comp onents b eyond the

recognized radicals [ 177] which range from primitive strokes (e.g. � � � and � 6 �) to

complex structures (e.g. � » � and �   �).

Chinese character com p onents can generally b e group ed into 12 di�erent arrange-

ments [185]. Table 5.1 shows examples of the di�erent comp onent structures. In the
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Table 5.1: Chinese Comp ound Character Structures

Description Example Characters

Left to Right

Ab ove to Below

Left to Middle to Right

Ab ove to Mi ddl e to Below

Full Surround

Surround from A b ove

Surround from Be low

Surround from Left

Surround from Upp er Left

Surround from Upp er Right

Surround from Lower Left

Overlaid
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Figure 5-1: Examples of Chinese characters with their comp onents highli ghted with
various colors.

Figure 5-2: Decomp osition of a Chinese character i nto comp onents.

previous example, � å � and � � � has a Left to Right relationship in � � .� It should

b e noted that Chinese characters can c ontain multiple structures. For example, � � �

has an Above to Below structure with � å � on the top and � Ô � on the b ottom and

the � Ô � comp onent has Left to Right comp onents of � 
 � and � � .� The comp onent

relationship structures are not always obvious. There are many instances where com-

p onents intersect, connect, or comprise of many sub comp onents. Figure 5-2 is an

example of a character which co ntains many comp onents including c omp onents that

contain sub comp onents and di�cult Overlaid comp onents.
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Chinese Character Comp onent Detection

There are many di�culties with comp onent detection and recognition. Besides having

a large set of comp onent classes and c omplex structures, comp onent detection faces

di�culties with comp onent similarity, comp onents with disconnected strokes, and

an uneven re pre sentation of comp onents. Comp one nt similarity can cause confusion

b etween comp onents, such as � ª � ( mouth ) and � × � ( enclosure ). Both comp onents

are visually similar, but the comp onents are classi�ed as distinct comp onents due to

the historical evolution of the comp onent. Similarly, � � � ( earth ) and � º � ( scholar )

and � Œ� ( self ) and � î � ( eye ) are easily confused. Comp onents may consist of several

separated strokes such as � 5 ,� � l ,� and � ˆ .� In addition, there is an uneven

representation of each comp onent among Chinese characters. For instance, out of

the 6,411 characters in the Chinese character database describ ed in the pro ceeding

section, only 3 contain the comp onent �   � and 1,785 contain the comp onent � ª .�

Automatic recognition of comp onents is valuable for Chinese character recogni-

tion. There have b een promising attempts in comp onent-based handwritten Chinese

character recognition in online [1 86, 187] and o�ine [188]. Howe ver, these meth-

o ds gene ra lly use prede�ned templates or features to re cognize the Chinese character

comp onents. In addition to comp onent-based Chi nese character recognition, Ren et

al. [189] attempted to determine the layout of Chinese characters in orde r to aide in

scene text detection.

Chinese Character Comp onent Database

Tanaka-Ishii and Go don [177] created a database of 6,411 individual Chinese char-

acters with their comp onents lab eled by hand. 1 Each character in the database is

represented by a comp onent tree structure, similar to the one in Fig. 5-2, where

the character is decomp osed recursively into child comp onents. The characters were

annotated up to 10 di�erent comp onent lab els.

1 The database is based in the Japanese version of Chinese characters.
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5.2 Deep Learning Representation

As discussed previously in Section 2.3, deep learning can b e used to learn complex rep-

resentations of the data. CNNs in particular have b ecome a state-of-the-art solution

for image recognition [86, 87, 88].

5.2.1 Convolutional Ne ural Networks (CNN)

CNNs are feed forward neural networks which contain one or more convolutional

layers. Where TDNNs, describ ed in Section 2.3.3, use sliding windows of shared

weights for time series, CNNs continue the idea for the application of images and

2D matrices. The sliding windows of shared we ights act much in the same way as

convolutions, therefore, they are referred to as convolutional �lters or convolutional

kernels and are used in convolutional layers. A simple 1D 2-layer CNN with one

convolutional layer and one fully-connected output layer is de monstrate d in Fig. 5-3.

The b ene�t of using CNNs over classical metho ds i s that CN Ns are able to train

�lters without the use of handcrafted features. There are two main cha rac teristics of

a convolutional layer, sparse connectivity and parameter, or weight, sharing.

Sparse Connectivity

In the same way TDNNs maintain sparse connections, CNNs use sparse connections to

promote lo cal connectivity. The lo cal connectivity, in comparison to a fully-connected

MLP in Fig. 2-9, is able to enforce the spatial arrangement of images. The spatial

extent that each element is connected to is referred to as the receptive �eld . Inciden-

tally, the receptive �eld of every pixel of a convolutional no de is equal to the size of

the window.

A secondary e�ect of using a sparse connectivity is to reduce the numb er of weights

required to b e calc ulated for the use of large input sizes, which images tend to b e.

A no de with dense connectivity requires a large amount of calculations on b oth the
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Figure 5-3: Illustration of a 1D CNN with a convolutional layers with a size 3 �lter
at stride 1. The weights of each no de are shared and applied to each window of the
input.

forward and backward propagation passes, whereas a sparse convolutional no de only

requires calc ul ations for each sparse connection.

Parameter Sharing

Parameter sharing or shared weights is the concept that each no de only has one set of

weights for its resp ec ti ve sliding wi ndow. By sha ri ng the set of wei ghts, the window

acts as a convolution and functions similarly to �lters in computer vision [120]. In

Fig. 5-3, each color represents a shared weight applied at stride 1. By applying the

convolutional �lter across the visual �eld of the input, a feature map is created. Each

pixel of the feature map zn;i is calcul ate d by:

zn;i = �
�
wn

T x i;:::;i + F + bn
�

(5.1)

= �

 
FX

f =0

wn;f x i + f + bn

!

; (5.2)
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for each ele ment i of the feature map in no de n where f is the index of the �lter

and F + 1 is the size of the window. The shared weights are denoted as wn , the

receptive �eld of the �lter as x i;:::;i + F , and the bi as as bn . In other words, zn;i is

the inner pro duct of the shared weights wn and each wi ndow of the previous layer

(x i ; : : : ; xi + F ) with some bias bn .

Po oling

Po oling is a metho d of down sampling feature maps. Adding a p o oling layer is com-

monly used b etween successi ve convol uti onal layers in a CNN. The primary purp ose

of the p o oling layer is to reduce redundancy and allow for a larger receptive �eld of

the higher layers.

Given a convolutional �lter with a �lter size larger than the stride, every element

zn;i would contain mostly overlapping information from the previous layer. In order

to reduce computation time in the higher layers, zn can b e down sampled by removing

some of the overlapping information. Instead of increasing the stride, p o oling can b e

used as a directed nonlinear down sampling metho d. For example, max p o oling, the

most commonly used p o ol ing metho d, reduces the feature map to only the maximal

value given each p o oling window. By removing non-maximal va lues, the computa-

tional time of the higher layers is reduced while prese rvi ng some of the intent of the

convolutional layer.

The second purp ose of using a p o oling layer is to provide sl ight translation invari-

ance by increasing the receptive �eld of the no des of the higher layers. In the previous

example, the pixel s of the feature map in the next higher convolutional layer have a

receptive �eld size of the convolutional �lter. But since each input of the window is

maximum value of the p o oling window, the receptive �eld in relation to the feature

map of the higher c onvolutional layer is increased by a factor of the p o oling window

size. Figure 5-4 demonstrates this where each b ox is the e �ective range of a pixel on

each layer's feature map. Furthermore, Ze iler and Fergus [190] realized that due to
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Figure 5-4: Demonstration of Max Po oling with a 2 � 2 p o oling window.

p o oling, the �lters are e�ectively feature detectors and the �lters of each successively

higher l ayer learns higher level features. For example, f or character recognition, the

�lters of the �rst l ayer may act like edge detectors while the second layer detects

fragments of character features and the third layer would learn the realized character

features.

5.2.2 Ob ject De te ction with CNNs

Ob ject detection and segmentation with convolutional m o dels is an active �eld. A

classic approach of o b ject dete ction with CNNs is to use a sliding window as the input

for the CNN [191]. This metho d, however, is a brute force metho d and is very limited

to constrained c lasses and do es not address scale variance. More recent metho ds use

�exible b ounding b oxes or a pixelwise loss wi th detailed ob ject l o cation annotations.

Region-Based Metho ds

One solution to address scale variance is to implement a mo del using multi-scale

region prop osals. In this metho d, di�erentl y scaled b ounding b oxes with the input

images are used to isolate regions of interest containing target ob jects [23, 24]. Gir-

shick et al. [25] prop osed Regions with CNN features (R- CN N) to generate category-
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indep endent region prop osals for CNNs. There have a lso b een improvements on the

R-CNN mo del such as training the b ounding b oxes with SV Ms [25], using multi-task

loss with back propagation in Fast R-CNNs [192], and the use of Region Prop osal

Networks for Faster R-CNNs [193]. These metho ds use warp ed i mages from the region

prop osals f or ob ject classi�cation.

There are also end-to-end b ounding b ox prop osal and ob ject recognition networks.

Single Shot MultiBox Detectors (SSD ) [194] combine ob ject detection with trained

b ounding b ox prop osals to annotate images with ob jects of di�erent classes. You Only

Lo ok Once (YOLO) [195] networks and the re cent improvement YOLO9000 [196]

similarly use b ounding b ox prop osals and combines them with class probability maps

to annotate natural images.

Pixel-to-Pixel Metho ds

Another ac tive approach to ob ject detection is the use of Fully Convolutional Net-

works (FCN) [26] for end-to-end for pixelwise pre diction and segmentation. FCNs

use convolutional layers and p o oling down to single pixel convol uti ons f or pi xelwise

classi�cation. Combined with the idea of skip connections and unp o oling, FCNs are

able determine the lo cation of ob jects within an image. To achie ve this pixelwise

classi�cation, FCNs require full sized segmented ground truth. In addition, FCNs

have b een combined with R-CNNs for ob ject detec tion [197].

Weak Sup ervision with CNNs

Shown in Fig . 5-5, region-based metho ds and pixel -to -pi xel metho ds re quire detailed

annotations of the ob jects as ground truth. While there are many established datasets

with the detail required for the metho ds, there are many tasks without such ground

truth. Thus, the metho ds are not all applicable to every dataset and it can b e

costly to acquire the sup ervision necessary for those tasks. In orde r to overco me

this, it has b een prop osed to use weakly sup ervised lab els for ob ject detection and
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Bounding Box Lab els Pixelwise Lab els Weak Lab els

Figure 5-5: Exampl es of sup ervision for detection.

lo calization [198, 199, 200], where the weakly sup ervised lab els consist o f only imag e-

wide classes with no details on the lo cation of the ob jects. CNNs have also b een

used with weakly sup ervised lab els [201, 202, 203, 204]. In one instance, Baz zani et

al. [205] l o calizes ob jects by monitoring a CNN recognition accuracy when masking

regions.

The use of weakly sup ervised data is also co mmonly used for text and do c uments

for word sp otting. Word sp otting is inherently a we akly sup ervised task in that

query-by-string (QbS) approach is taken to se arch image do cuments for text strings.

Some of these metho ds include bag-of-features Hidden Markov Mo dels [206] and using

Pyramidal Histogram of Characters (PHOC) as lab els enabling QbS [207, 208].

5.3 Summary

Previously, many conventio na l metho ds used manually designed features for image

recognition. However, these metho ds are in�exible and are not suited to c omplex tasks

or tasks they we re not designed for. With the adve nt of representation learning, in

recent times mo dels have b ecome �exible for many di�erent tasks.

CNNs are a typ e of ANN which uses sparse connectivity and shared weights for

the use of image recognition. The shared weights act like convol uti onal �lters and in

turn feature extractors. The b ene�t of using trainable �lters in this way is that there
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is no need to use handcrafted features.

Besides imag e recognition, CNNs have b een used for ob ject detection. Ob ject de-

tection and lo calization metho ds can b e broken down into two categories, region-based

metho ds and pixel-to-pixel metho ds. Region-based metho ds use learnable multi-scale

b ounding b oxes to create region prop osals for classi�cation by CNN. Pixel-to-Pixel

metho ds, like FCNs, use detailed pixelwise class annotation as ground truth to create

probability maps.

The problem with these metho ds is that they require detailed ground truth and

cannot b e used for applic ations where acquiring such ground truth is costly. A so-

lution to this problem is the concept of weak sup ervision where the lab els are either

incomplete or lacking lo cation information. Weakly sup ervised metho ds learn base d

on image-wide lab els.
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Chapter 6

Understanding Deep Learning

Representations

It is imp ortant to understand the representations learned by CNNs. While work

has b een done in understanding CNNs for recognition [190, 209], there is li ttl e work

done in understanding the representations learned for detection. In particular, using

weakly sup ervised lab els for image comp onent awareness p oses an interesting case for

CNNs b ecause the com p onent' s structure is never explicitly provided to the network.

The purp ose of this chapter is to provide insight into the internal representations

learned by CNN s when using weakly sup ervised lab els.

6.1 Comp onent Awareness with CNNs

The use of CNNs for ob jec t detection is well explored, as outlined in Section 5. 2.2.

Howeve r, region-based CNNs which use b ound b ox prop osals and CNNs which use

pixelwise likeliho o d maps require instance-level sup ervision during training. Acquir-

ing l arge amounts of annotated data can b e di�cult and costly to obtain. A solution

to this problem is the use of weakly sup e rvised lab els which consist of only entire

image-level annotations.

123
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The lack of large amounts of data with detailed annotations is e sp ecially true for

Chinese character comp onents due to the existence of thousands of characters and

a lack of comp onent annotations. However, if a CNN is used on Chinese characters

with character-level comp onent annotations in a way that detects the comp onent's

presence, detectio n of the comp onents can b e done without lo cation information. In

this way, the CNN must learn the presence of a comp onent based o n a representation

deduced from the training.

6.2 Exp eriment Setup

The exp eriment determines if a CNN can infer the presence of a comp onent despite

using the weakly sup e rvi sed lab els and analysis of the results reveals characteristics

of the representa ti ons of the c omp onents learned by the CNN.

6.2.1 Dataset Prep aration

The database created by Tanaka-Ishii and Go don [177] was used for the datasets in the

exp eriment. For the purp ose o f testing comp onent awareness of CNNs, the datasets

were created for a one-vs-others evaluations in that one class consisting of characters

with the target comp onent and one class consisting of characte rs without the target

comp onent. Each com p onent was trained with a 90% - 10% division b etween training

and test. The comp onents selected for the exp eriment were the ones with the most

representation in the database. However, despite the selected comp onents b eing the

comp onents with the most representation, there are much fewer characters with each

comp onent than character without the comp onents. Thus, the exp eriment is p er-

formed on the 28 most com mon comp onents, giving an average of 501.14 characters

with the target comp onent out of the 6,411 total characters. Theref ore, in order to

prevent a heavily unbalanced training set, the traini ng set was augmented with ad-

ditional copies of characters with the target comp onent while the �others� class used
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single i nstanc es of each characte r without the target comp onent. Conversely, the test

set was not augmented and the results use the unbala nc ed distribution of target class

and others class.

The dataset is constructed from Unic o de co des of the Chinese characters, so to

apply the use of a CNN for the exp eriment, the characters were rendered into images.

Each image was 56px by 56px in size with an isolated and centered character in 50pt

black text on a white background using the Meiryo UI font. This font was sele cted

for its sans serif and plain features.

6.2.2 Hyp erpara meters and Architecture Settings

A 6-layer CNN similar to LeNet [ 20] was used. The CNN uses three c onvolutional

layers with maxp o oling, two fully-connected layers, and an output layer. The thre e

convolutional l ayers use 5� 5 convolutional kernels at stride 1 with a maxp o oling layer

using a 2� 2 window at stride 2. The convolutio nal layers have 32, 64, and 128 no des

resp ectively. The next two fully-connected layers have 1024 no de each with drop out

with a keep probability of 0.5 for generalization. ReLU is used for the activa ti on of

all of the hidden l ayers. Finally, the output laye r uses a two-class softmax with cross

entropy for predic ti on and loss calculation. The netwo rk is trained with a batch size

of 25 using Adam optimizer [101] with an initial learning rate of 0.001 for 30,000

iterations.

6.2.3 Evaluation Metrics

To evaluate the e�ectiveness of the CNN on Chinese character comp onent awareness,

the accuracy, precision, and recall was calculated for the test set. Due to the imbalance

in representation of the one-vs-others classes, accuracy alone is not robust enough.

With datasets that are i mbalanced by containing a large ma jority of one class, if

the mo del only predicts the ma jority class, then accuracy would b e arti�cially high.

Therefore, to evaluate the mo del, precision is used to measure the relevancy of the
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identi�ed comp onents and recall is used to measure the rate that the targe t com p onent

was selected. Where True Positives is the numb er of characters correctly identi�ed

to have the target comp onent and False Positive is the numb er of characters falsely

identi�ed to have the target comp onent, prec ision is de�ned as:

Precision =
True Positives

True Positives + False Positive s
(6.1)

and recall is

Recall =
True Posi tives

True Positives + False Negatives
; (6.2)

where False Negatives is the missed i de nti�cations. Overall accuracy is de�ned as

Accuracy =
True Positives + True Negatives

Total Patterns
: (6.3)

6.3 Results

The results of the exp erim ent are rep orted in Table 6.1. There was an average ac-

curacy of 98.35%, an average prec ision of 95.81%, and an average recall of 82.85%.

Despite the CNN never b eing provided with the lo cation or sp eci�c description of the

target comp onent, there was a very high level of accuracy, including m any instances

of p erfect accuracies, p erfect precisions, and p erfect recalls. In additio n, on average,

the CNNs had a higher precision than recall, which indic ates that the CNNs were

more suc cessful at di scriminating b etween comp onents than it was at detec ting the

presence of comp onents. However, only a few comp onents had a low recal l which had

a signi�cant e �ect on the average recall score.
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Table 6.1: Chinese Character Comp onent Detection Re sul ts

Numb er of
Comp onent Characters Accuracy (%) Pre cision (%) Recall (%)
» 363 99.4 91.9 97.1
y 437 99.4 100.0 89.5
l 316 100.0 100.0 100.0
L 235 99.8 100.0 94.7
5 369 100.0 100.0 100.0
˛ 1,109 91.3 98.3 61.5
6 313 98.0 100.0 40.9
� 251 96.7 83.3 51.7
  579 96.9 93.2 70.7
” 244 99.2 85.2 95.8
? 328 99.4 93.5 93.5
� 244 98.9 100.0 70.8
� 281 99.7 100.0 94.3
ø 399 99.1 93.8 88.2
A 1,155 95.0 92.6 80.6
� 374 98.0 91.9 77.3
¶ 700 99.1 100.0 91.3
¨ 272 99.2 96.2 86.2
ª 1,785 95.8 99.3 85.4
� 533 97.8 94.6 74.5
’ 357 99.1 91.7 84.6
� 556 98.0 96.6 83.8
q 198 98.9 100.0 53.3
� 404 98.8 97.1 82.9
( 813 99.8 98.9 100.0
� 354 98.8 91.9 87.2
0 618 98.6 97.1 90.5
î 445 99.2 95.6 93.5
Average 501.14 98.35 95.81 82.85
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True Po sitives

True Negatives

False Negatives

Figure 6-1: Example classi�cation results from the test set for the comp onent � � .�
The target comp onent is highlighted in blue. There were no False Posi tive results.

6.4 Discussion

6.4.1 Factors Contributing to Co mp onent Detection

From Table 6.1, it can b e observed that while many comp onents were easy for the

CNNs, there were comp onents which were di�cult. By analyzing the di�erent com-

p onents, the di�erent factors that contribute to the comp onent detection rate can b e

revealed.

Comp onent Shap e

Intuitively, the comp onent shap e c ontributes the most to the detection of the comp o-

nent. Figure 6-1 shows that comp onent shap e do es indeed contribute to the detection

of the comp onent due to c orre ctly identifying comp onents despite some comp onents

having little context to learn f ro m. In the example from Fig. 6-1, the network was able

to identify � � �s at various lo cations. Also, the CNN was able to achieve a p erfect pre-

cision for � � � even though many of the True Negative samples had structures similar

to a � � .� On the other hand, the CNN only had a 70.8% recall b ec ause the re were
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True Po sitives

True Negatives

False Negatives

Figure 6-2: Example classi�cation results from the test set for the comp onent � q .�
The target comp onent is highlighted in blue. There were no False Posi tive results.

instances that were missed by the network. In the �gure, one of the False Negative s

was an uncommon shap e variation of � � � and it is similar to a di�erent comp onent,

� à .� The other False Negative s either had Overlaid structures or we re adjacent to

other comp onents. It is also notable that disconnected comp onents such as � l � and

� 5 � had p erfect accuracies, thus shap e is not restricted to continuous comp one nts.

This shows that the CNN was able to accurately deduce the shap e of the comp onents

despite only b eing trained on the knowledge that the comp onent exists somewhere

with the image.

Comp onent Size

Another factor that has an e�ect on the accuracy of the results is the comp onent size.

Figure 6-2 shows the re sul ts of another comp onent,� q ,� with a p erfect precision but

has a low recall rate of 53.3%. Unlike so me other ob ject detection metho ds which

warp images from b ounding b oxes to upscale them, only the we akly sup e rvi sed lab els

are used fo r comp onent detection. Due to this, if the comp onent is to o smal l relative

to the full-sized character, the CN N tends to fail to detect the comp onent. Conversely,
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True Po sitives

True Negatives

Fal se Positives

False Negatives

Figure 6-3: Example classi�cation results from the test set for the comp onent � » .�
The target comp onent is highlighted in blue. There were no False Posi tive results.

the instance s where the comp onent was large, the CNN was able to infer the shap e

of the comp onent. However, Fig. 6-2 also shows instances where the � q � would have

b een a su�cient size , but were probably misclassi�ed due to overlapping with other

comp onents.

Comp onent Context

The comp onent itself is not the only contributing factor to comp onent detection. Like

natural scene images, some comp onents have strong correlati ons to the surrounding

comp onents. In general, comp onents with c ontext and lo calization relationships (e.g.

� y ,� � l ,� � 5 ,� etc.), had high precision and recall rates. For example, � » ,� shown

in Fig. 6-3, is almost always on the left or center of the character with accompanied

comp onents on the right of it. The single False Negative for � » � is � s � which

contains an obvious � » .� However, the � s � is the only Chinese character in the

entire dataset where � » � is isolated from comp onents on the left or right. The �gure
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also reveals how similar the False Positives a re to a � » � in b oth shap e and context

which leads to misclassifying them as containing the comp onent.

6.4.2 E�ects of Comp onent Removal

It was reve aled in Se ction 6.4.1 that comp onent shap e, size, and context are imp ortant

for Chinese character comp onent de te ction. To further ensure that the CNN is learn-

ing the structure and lo cation of the comp onent based on tho se factors, an exp eriment

was p erformed using the trained mo del s on a test set with the comp onent remove d.

If the mo del p ositively classi�ed the characters based on a the comp onent itself and

not other factors, then it would b e exp ected that by removing the comp onent, the

CNN would b e only negative classi�cations.

Dataset Preparation

A new test set was prepared using the characters from the previous test set that con-

tain the target comp onent. On this new test set, the target comp onent was manually

removed from each image.

Results and Discussion

The new test set was then tested using the trained mo dels from the previous ex-

p eriment. Table 6 .2 rep orts the results of Chinese character comp onent detection

with the comp onent re moved. It includes the a ccuracy from b efore the removal and

the accuracy after the comp onent removal, as well as an example character with the

comp onent removed. There was a dramatic decrease in accuracy from 98.7% of the

rep orted comp onents to a low accuracy of 3.4% with the target comp onent removed.

These results con�rm the assertion that removing the target comp onent mostly pre-

vents the comp onent's detection by the CNN. It also con�rms that the CNN relies

on the deduced comp onents.
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Table 6.2: Chinese Character Comp onent Detec ti on Results with Comp onent Re-
moved

Comp onent Before Accuracy (%) After Accuracy (%) Removal Example

» 99.4 0.0 !

y 94.4 0.0 !

l 100.0 0.0 !

L 99.8 0.0 !

5 100.0 0.0 !

� 96.7 31.0 !

  96.9 8.6 !

? 99.4 6.5 !

� 98.9 4.2 !

� 98.0 0.0 !

ª 95.8 1.1 !

� 98.0 5.9 !

q 98.9 0.0 !

� 98.8 2.4 !

( 99.8 3.4 !

Average 98.7 3.4
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Accuracy

100.0%
# # # # # # # # # #

0.0%

Figure 6-4: Example results with the comp onent � l � removed.

Figure 6-4 is an e xample of the rem oval pro cess and the e�ect it has on the results.

Before comp onent removal, � l � had a 100.0% accuracy and after the removal, the

comp onent detection was completely prevented.

6.5 Summary

The study of Chinese characters and detecting the presence of their comp onents is

imp ortant for b oth understanding CNNs and further advancing the �eld of Chinese

character recognition. Using a database of Chinese characters and their comp onents,

exp eriments show that it is p ossible to use CNNs with weakly sup ervised lab els and

achieve a very high level of accuracy. The results show that for 28 of the most common

Chinese character c omp onents, a CNN was able to reach a 98.35% average ac curacy,

95.81% average precision, and a 82.85% average recall in one-vs-others classi�cation.

Also, by analyzing the results, the characteristics of ob ject detection and awareness

by CNNs can b e determined. From the results, it can b e observed that comp onent

factors including comp onent shap e, comp onent size, and comp onent context aided in

the classi�cation of the characters. Sp eci�cally, CNNs have di�culty with identifying

the presence of comp onents which were irregular, overlapping, to o small, and have

abnormal contexts. Nonetheless, the CNNs were able to successfully classify char-

acters as having a variety of comp onents with a near p erfect accuracy despite not

having acc ess to fully-annotated lab els. Thi s includes learning the presence of simple



134 CHAPTER 6. UNDERSTANDING DEEP LEARNING REPS.

comp onents (e.g. � » ,� � y ,� � ˛ ,� � 6 ,� �   ,� � ” ,� � � ,� � � ,� � ø ,� � A ,� � � ,� � ¶ ,�

and � ª �), complex comp onents (e.g. � L ,� � ¨ ,� � � ,� � ’ ,� � q ,� � � ,� � ( ,� � � ,�

� 0 ,� and � î �), and comp onents with disconnected strokes (e .g � l ,� � 5 ,� � � ,� � ? ,�

and � � �).

In addition to showing detection rates, exp eriments with removing the comp onent

further demonstrated that a CNN can indeed learn the structure and lo cation of a

comp onent. The results of removing the comp onent from images in the te st set

reduced the accuracy to 3.4% with many removal exp eriments preventing detection

entirely. The results of these exp eriments is imp ortant for the future pursuit of

Chinese character recognition using comp onent based metho ds.



Chapter 7

Conclusion

This thesis presented two novel mo dels for time series recognition and devel op ed a

deep er understandi ng of representation learning for structural patterns.

Firstly, a metho d was intro duced to incre ase the e�ectiveness and e�ciency of Dis-

similarity Space Emb edding (DSE). DSE is a metho d of emb edding complex patterns

into vector space using dissimilarity representation. This thesis prop oses extending

DSE to the domain of time series by using Dynamic Time Warping (DTW) as a ro-

bust distance measure for the basis of the dissimilarity representation. Furthermore,

by using AdaBo ost as a prototyp e selection to ol, this thesis showed that it is p ossible

to reduce D SE to a very small numb er of dimensions and still maintain a high level

of acc ura cy. The prop osed metho d only required an average of 14:66 � 6:97 proto-

typ e pa tte rns for two-class classi�cation. When compared to exhaustive mo dels like

k -Nearest Neighb ors ( k -NN), there wa s a dramatic decrease in computational time

required for classi�cation. In addition, AdaBo ost was demonstrated to b e an e�ective

classi�er over other evaluated prototyp e selection me tho ds for DSE.

This work al so demonstrated that for the use of DSE, patterns of classes external

to pairwise classi�cations can b e used as more discriminate features. For these case s,

it is p ossible that patterns of the e xte rnal classes are dissimilar in a way that creates

a b e tte r distinction b etween the two classes than any pattern of that classi�cation.
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Secondly, a novel feed forward neural ne twork called a Dynamic Time Warping

Neural Network (DTW-NN) was prop osed. The prop osed DTW-NN uses DTW as a

nonlinear inner pro duct in repla ce of the traditional inner pro duct of a layer in a fully-

connected Multi -Layer Perceptron (MLP) network. Similarly to the previ ous metho d,

the exp erimental results show a high level of accuracy while having an extremely fast

execution time .

This work lays the foundation for using ANNs with temp oral kernel-like functions

like DTW. Future work can b e done by expanding on this framework. For instance,

by stacking multiple DTW layers and creating a deep er network, it might b e p ossible

to learn higher level features for time series semantic segmentation. The prop osed

DTW-NN is only the starting p oint for temp oral kernel-based feed forward neural

networks. The study of temp oral feed forward neural networks is valuable due to the

amount of resource s available for spatial fee d forward neural networks.

Thirdly, this thesis demonstrated the ability of Convolutional Neural Networks (CNN)

with the use of weakly sup ervised lab els for Chinese character comp onent awareness.

The CNN was a bl e to detect the pre sence of the Chinese characte r comp onents with

a near p erfect accuracy despite not having knowledge of the comp onent b eyond an

image-level class lab el. It was shown that is p ossibl e to detect a variety of comp o-

nents, including simple comp onents (e.g. � » ,� � y ,� � ˛ ,� � 6 ,� �   ,� � ” ,� � � ,� � � ,�

� ø ,� � A ,� � � ,� � ¶ ,� and � ª �), complex c omp onents (e.g. � L ,� � ¨ ,� � � ,� � ’ ,�

� q ,� � � ,� � ( ,� � � ,� � 0 ,� and � î �), and comp onents with disconnected strokes (e.g

� l ,� � 5 ,� � � ,� � ? ,� and � � �). In addition, the various asp ects and characteristics

that the CNN used to determine the presence of the comp onents were explored. Some

of the characteristics explored was comp onent shap e , size, and context. Furthermore,

exp eriments were done on the characters with the com p onents removed. The results

show that by removing the comp onents reduced the accuracy from 98.7% to 3.4%.

This veri�ed that the CNN was able to learn the f eatures of the comp onent and not

ground the detection solely on the surrounding comp onents.
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This research is imp ortant for future studi es with Chinese character recognition.

By showing that Chinese character presence detection is p ossible, future character

recognition mo dels can use this information to aide in the classi�cation of characters.

The idea is to reduce the set of Chinese character classes down to a smaller subset

if the com p onents are known. Detec ting the presence of co mp onents aides in the

compartmentalization of Chinese character recognition into searches for a smaller set

of classes.

In summary, this thesis builds up on the f oundati on of representation learning by

developing robust m etho ds and providing thorough insp ections.
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App endix A

Prototyp es Selected by DSE with

AdaBo ost

This section displays the unique prototyp es selected by AdaBo ost in a DTW-based

dissimilarity space. Each �gure is for a resp ective pairwise classi�cation during the

training of fold 1.
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Figure A-1: The unique prototyp e patterns selected by DSE with AdaBo ost b etween
class �0� and class �1� in order of selection (top-left to b ottom-right).

Figure A-2: The unique prototyp e patterns selected by DSE with AdaBo ost b etween
class �0� and class �2� in order of selection (top-left to b ottom-right).

Figure A-3: The unique prototyp e patterns selected by DSE with AdaBo ost b etween
class �0� and class �3� in order of selection (top-left to b ottom-right).

Figure A-4: The unique prototyp e patterns selected by DSE with AdaBo ost b etween
class �0� and class �4� in order of selection (top-left to b ottom-right).

Figure A-5: The unique prototyp e patterns selected by DSE with AdaBo ost b etween
class �0� and class �5� in order of selection (top-left to b ottom-right).
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Figure A-6: The unique prototyp e patterns selected by DSE with AdaBo ost b etween
class �0� and class �6� in order of selection (top-left to b ottom-right).

Figure A-7: The unique prototyp e patterns selected by DSE with AdaBo ost b etween
class �0� and class �7� in order of selection (top-left to b ottom-right).

Figure A-8: The unique prototyp e patterns selected by DSE with AdaBo ost b etween
class �0� and class �8� in order of selection (top-left to b ottom-right).

Figure A-9: The unique prototyp e patterns selected by DSE with AdaBo ost b etween
class �0� and class �9� in order of selection (top-left to b ottom-right).

Figure A-10: The unique prototyp e patterns selected by DSE with AdaBo ost b etween
class �1� and class �2� in order of selection (top-left to b ottom-right).

Figure A-11: The unique prototyp e patterns selected by DSE with AdaBo ost b etween
class �1� and class �3� in order of selection (top-left to b ottom-right).
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Figure A-12: The unique prototyp e patterns selected by DSE with AdaBo ost b etween
class �1� and class �4� in order of selection (top-left to b ottom-right).

Figure A-13: The unique prototyp e patterns selected by DSE with AdaBo ost b etween
class �1� and class �5� in order of selection (top-left to b ottom-right).

Figure A-14: The unique prototyp e patterns selected by DSE with AdaBo ost b etween
class �1� and class �6� in order of selection (top-left to b ottom-right).

Figure A-15: The unique prototyp e patterns selected by DSE with AdaBo ost b etween
class �1� and class �7� in order of selection (top-left to b ottom-right).

Figure A-16: The unique prototyp e patterns selected by DSE with AdaBo ost b etween
class �1� and class �8� in order of selection (top-left to b ottom-right).

Figure A-17: The unique prototyp e patterns selected by DSE with AdaBo ost b etween
class �1� and class �9� in order of selection (top-left to b ottom-right).
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Figure A-18: The unique prototyp e patterns selected by DSE with AdaBo ost b etween
class �2� and class �3� in order of selection (top-left to b ottom-right).

Figure A-19: The unique prototyp e patterns selected by DSE with AdaBo ost b etween
class �2� and class �4� in order of selection (top-left to b ottom-right).

Figure A-20: The unique prototyp e patterns selected by DSE with AdaBo ost b etween
class �2� and class �5� in order of selection (top-left to b ottom-right).

Figure A-21: The unique prototyp e patterns selected by DSE with AdaBo ost b etween
class �2� and class �6� in order of selection (top-left to b ottom-right).

Figure A-22: The unique prototyp e patterns selected by DSE with AdaBo ost b etween
class �2� and class �7� in order of selection (top-left to b ottom-right).

Figure A-23: The unique prototyp e patterns selected by DSE with AdaBo ost b etween
class �2� and class �8� in order of selection (top-left to b ottom-right).
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Figure A-24: The unique prototyp e patterns selected by DSE with AdaBo ost b etween
class �2� and class �9� in order of selection (top-left to b ottom-right).

Figure A-25: The unique prototyp e patterns selected by DSE with AdaBo ost b etween
class �3� and class �4� in order of selection (top-left to b ottom-right).

Figure A-26: The unique prototyp e patterns selected by DSE with AdaBo ost b etween
class �3� and class �5� in order of selection (top-left to b ottom-right).

Figure A-27: The unique prototyp e patterns selected by DSE with AdaBo ost b etween
class �3� and class �6� in order of selection (top-left to b ottom-right).

Figure A-28: The unique prototyp e patterns selected by DSE with AdaBo ost b etween
class �3� and class �7� in order of selection (top-left to b ottom-right).

Figure A-29: The unique prototyp e patterns selected by DSE with AdaBo ost b etween
class �3� and class �8� in order of selection (top-left to b ottom-right).
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Figure A-30: The unique prototyp e patterns selected by DSE with AdaBo ost b etween
class �3� and class �9� in order of selection (top-left to b ottom-right).

Figure A-31: The unique prototyp e patterns selected by DSE with AdaBo ost b etween
class �4� and class �5� in order of selection (top-left to b ottom-right).

Figure A-32: The unique prototyp e patterns selected by DSE with AdaBo ost b etween
class �4� and class �6� in order of selection (top-left to b ottom-right).

Figure A-33: The unique prototyp e patterns selected by DSE with AdaBo ost b etween
class �4� and class �7� in order of selection (top-left to b ottom-right).

Figure A-34: The unique prototyp e patterns selected by DSE with AdaBo ost b etween
class �4� and class �8� in order of selection (top-left to b ottom-right).

Figure A-35: The unique prototyp e patterns selected by DSE with AdaBo ost b etween
class �4� and class �9� in order of selection (top-left to b ottom-right).
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Figure A-36: The unique prototyp e patterns selected by DSE with AdaBo ost b etween
class �5� and class �6� in order of selection (top-left to b ottom-right).

Figure A-37: The unique prototyp e patterns selected by DSE with AdaBo ost b etween
class �5� and class �7� in order of selection (top-left to b ottom-right).

Figure A-38: The unique prototyp e patterns selected by DSE with AdaBo ost b etween
class �5� and class �8� in order of selection (top-left to b ottom-right).

Figure A-39: The unique prototyp e patterns selected by DSE with AdaBo ost b etween
class �5� and class �9� in order of selection (top-left to b ottom-right).

Figure A-40: The unique prototyp e patterns selected by DSE with AdaBo ost b etween
class �6� and class �7� in order of selection (top-left to b ottom-right).

Figure A-41: The unique prototyp e patterns selected by DSE with AdaBo ost b etween
class �6� and class �8� in order of selection (top-left to b ottom-right).
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Figure A-42: The unique prototyp e patterns selected by DSE with AdaBo ost b etween
class �6� and class �9� in order of selection (top-left to b ottom-right).

Figure A-43: The unique prototyp e patterns selected by DSE with AdaBo ost b etween
class �7� and class �8� in order of selection (top-left to b ottom-right).

Figure A-44: The unique prototyp e patterns selected by DSE with AdaBo ost b etween
class �7� and class �9� in order of selection (top-left to b ottom-right).

Figure A-45: The unique prototyp e patterns selected by DSE with AdaBo ost b etween
class �8� and class �9� in order of selection (top-left to b ottom-right).
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App endix B

Prototyp es Selected by DSE with

AdaBo ost + External Classes

This section displays the unique prototyp es selected by AdaBo ost in a DTW-based

dissimilarity spac e when AdaBo ost has access to the classes external to the pairwise

classi�cations. Each �gure is for a resp ective pairwise classi�cation during the training

of fold 1. The b oxed patterns are instances of AdaBo ost supplementing the sele ction

with prototyp es of external classes.
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Figure B-1: The unique prototyp e patte rns selected by DSE with AdaBo ost + Ex-
ternal Classes b etween class �0� and class �1� in order of selection (top-left to b ottom-
right).

Figure B-2: The unique prototyp e patte rns selected by DSE with AdaBo ost + Ex-
ternal Classes b etween class �0� and class �2� in order of selection (top-left to b ottom-
right).

Figure B-3: The unique prototyp e patte rns selected by DSE with AdaBo ost + Ex-
ternal Classes b etween class �0� and class �3� in order of selection (top-left to b ottom-
right).

Figure B-4: The unique prototyp e patte rns selected by DSE with AdaBo ost + Ex-
ternal Classes b etween class �0� and class �4� in order of selection (top-left to b ottom-
right).

Figure B-5: The unique prototyp e patte rns selected by DSE with AdaBo ost + Ex-
ternal Classes b etween class �0� and class �5� in order of selection (top-left to b ottom-
right).
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Figure B-6: The unique prototyp e patte rns selected by DSE with AdaBo ost + Ex-
ternal Classes b etween class �0� and class �6� in order of selection (top-left to b ottom-
right).

Figure B-7: The unique prototyp e patte rns selected by DSE with AdaBo ost + Ex-
ternal Classes b etween class �0� and class �7� in order of selection (top-left to b ottom-
right).

Figure B-8: The unique prototyp e patte rns selected by DSE with AdaBo ost + Ex-
ternal Classes b etween class �0� and class �8� in order of selection (top-left to b ottom-
right).

Figure B-9: The unique prototyp e patte rns selected by DSE with AdaBo ost + Ex-
ternal Classes b etween class �0� and class �9� in order of selection (top-left to b ottom-
right).
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Figure B-10: The unique prototyp e patterns selected by DSE with AdaBo ost +
External Classes b etween cla ss �1� and class �2� in order of selection (top-left to
b ottom-right).

Figure B-11: The unique prototyp e patterns selected by DSE with AdaBo ost +
External Classes b etween cla ss �1� and class �3� in order of selection (top-left to
b ottom-right).

Figure B-12: The unique prototyp e patterns selected by DSE with AdaBo ost +
External Classes b etween cla ss �1� and class �4� in order of selection (top-left to
b ottom-right).

Figure B-13: The unique prototyp e patterns selected by DSE with AdaBo ost +
External Classes b etween cla ss �1� and class �5� in order of selection (top-left to
b ottom-right).

Figure B-14: The unique prototyp e patterns selected by DSE with AdaBo ost +
External Classes b etween cla ss �1� and class �6� in order of selection (top-left to
b ottom-right).
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Figure B-15: The unique prototyp e patterns selected by DSE with AdaBo ost +
External Classes b etween cla ss �1� and class �7� in order of selection (top-left to
b ottom-right).

Figure B-16: The unique prototyp e patterns selected by DSE with AdaBo ost +
External Classes b etween cla ss �1� and class �8� in order of selection (top-left to
b ottom-right).

Figure B-17: The unique prototyp e patterns selected by DSE with AdaBo ost +
External Classes b etween cla ss �1� and class �9� in order of selection (top-left to
b ottom-right).

Figure B-18: The unique prototyp e patterns selected by DSE with AdaBo ost +
External Classes b etween cla ss �2� and class �3� in order of selection (top-left to
b ottom-right).

Figure B-19: The unique prototyp e patterns selected by DSE with AdaBo ost +
External Classes b etween cla ss �2� and class �4� in order of selection (top-left to
b ottom-right).
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Figure B-20: The unique prototyp e patterns selected by DSE with AdaBo ost +
External Classes b etween cla ss �2� and class �5� in order of selection (top-left to
b ottom-right).

Figure B-21: The unique prototyp e patterns selected by DSE with AdaBo ost +
External Classes b etween cla ss �2� and class �6� in order of selection (top-left to
b ottom-right).

Figure B-22: The unique prototyp e patterns selected by DSE with AdaBo ost +
External Classes b etween cla ss �2� and class �7� in order of selection (top-left to
b ottom-right).

Figure B-23: The unique prototyp e patterns selected by DSE with AdaBo ost +
External Classes b etween cla ss �2� and class �8� in order of selection (top-left to
b ottom-right).

Figure B-24: The unique prototyp e patterns selected by DSE with AdaBo ost +
External Classes b etween cla ss �2� and class �9� in order of selection (top-left to
b ottom-right).
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Figure B-25: The unique prototyp e patterns selected by DSE with AdaBo ost +
External Classes b etween cla ss �3� and class �4� in order of selection (top-left to
b ottom-right).

Figure B-26: The unique prototyp e patterns selected by DSE with AdaBo ost +
External Classes b etween cla ss �3� and class �5� in order of selection (top-left to
b ottom-right).

Figure B-27: The unique prototyp e patterns selected by DSE with AdaBo ost +
External Classes b etween cla ss �3� and class �6� in order of selection (top-left to
b ottom-right).

Figure B-28: The unique prototyp e patterns selected by DSE with AdaBo ost +
External Classes b etween cla ss �3� and class �7� in order of selection (top-left to
b ottom-right).

Figure B-29: The unique prototyp e patterns selected by DSE with AdaBo ost +
External Classes b etween cla ss �3� and class �8� in order of selection (top-left to
b ottom-right).
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Figure B-30: The unique prototyp e patterns selected by DSE with AdaBo ost +
External Classes b etween cla ss �3� and class �9� in order of selection (top-left to
b ottom-right).

Figure B-31: The unique prototyp e patterns selected by DSE with AdaBo ost +
External Classes b etween cla ss �4� and class �5� in order of selection (top-left to
b ottom-right).

Figure B-32: The unique prototyp e patterns selected by DSE with AdaBo ost +
External Classes b etween cla ss �4� and class �6� in order of selection (top-left to
b ottom-right).

Figure B-33: The unique prototyp e patterns selected by DSE with AdaBo ost +
External Classes b etween cla ss �4� and class �7� in order of selection (top-left to
b ottom-right).

Figure B-34: The unique prototyp e patterns selected by DSE with AdaBo ost +
External Classes b etween cla ss �4� and class �8� in order of selection (top-left to
b ottom-right).
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Figure B-35: The unique prototyp e patterns selected by DSE with AdaBo ost +
External Classes b etween cla ss �4� and class �9� in order of selection (top-left to
b ottom-right).

Figure B-36: The unique prototyp e patterns selected by DSE with AdaBo ost +
External Classes b etween cla ss �5� and class �6� in order of selection (top-left to
b ottom-right).

Figure B-37: The unique prototyp e patterns selected by DSE with AdaBo ost +
External Classes b etween cla ss �5� and class �7� in order of selection (top-left to
b ottom-right).

Figure B-38: The unique prototyp e patterns selected by DSE with AdaBo ost +
External Classes b etween cla ss �5� and class �8� in order of selection (top-left to
b ottom-right).

Figure B-39: The unique prototyp e patterns selected by DSE with AdaBo ost +
External Classes b etween cla ss �5� and class �9� in order of selection (top-left to
b ottom-right).

Figure B-40: The unique prototyp e patterns selected by DSE with AdaBo ost +
External Classes b etween cla ss �6� and class �7� in order of selection (top-left to
b ottom-right).
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Figure B-41: The unique prototyp e patterns selected by DSE with AdaBo ost +
External Classes b etween cla ss �6� and class �8� in order of selection (top-left to
b ottom-right).

Figure B-42: The unique prototyp e patterns selected by DSE with AdaBo ost +
External Classes b etween cla ss �6� and class �9� in order of selection (top-left to
b ottom-right).

Figure B-43: The unique prototyp e patterns selected by DSE with AdaBo ost +
External Classes b etween cla ss �7� and class �8� in order of selection (top-left to
b ottom-right).

Figure B-44: The unique prototyp e patterns selected by DSE with AdaBo ost +
External Classes b etween cla ss �7� and class �9� in order of selection (top-left to
b ottom-right).

Figure B-45: The unique prototyp e patterns selected by DSE with AdaBo ost +
External Classes b etween cla ss �8� and class �9� in order of selection (top-left to
b ottom-right).



App endix C

Confusion Matrices of DTW-NN and

LSTM

(a) DTW-NN (b) LSTM

Figure C-1: Confusi on Matrix of te st set of D TW-NN and LSTM for Unip en 1a.
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(a) DTW-NN (b) LSTM

Figure C-2: Confusi on Matrix of te st set of D TW-NN and LSTM for Unip en 1b.

(a) DTW-NN (b) LSTM

Figure C-3: Conf usi on Matrix of te st set of D TW-NN and LSTM for Unip en 1c.
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