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ABSTRACT

Title : Cost-Sensitive Early Classification of Time Series
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adaptive and non-myopic decisions, costly delaying decision.

Early classification of time series is becoming increasingly a valuable task for assisting
in decision making process in many application domains. In this setting, information can
be gained by waiting for more evidences to arrive, thus helping to make better decisions
that incur lower misclassification costs, but, meanwhile, the cost associated with delaying
the decision generally increases, rendering the decision less attractive. Making early
predictions provided that are accurate requires then to solve an optimization problem

combining two types of competing costs.

This thesis introduces a new general framework for time series early classification
problem. Unlike classical approaches that implicitly assume that misclassification errors
are cost equally and the cost of delaying the decision is constant over time, we cast the the
problem as a cost-sensitive online decision making problem when delaying the decision is
costly. We then propose a new formal criterion that expresses the trade-off between the
gain of information that is expected to incur lower misclassification costs when delaying

the decision against the cost of such a delay.

On top of this generic formulation, we propose two different approaches that estimate
the optimal decision time for a new incoming yet incomplete time series. In particular, the
first approach (i) captures the evolutions of typical complete time series in the training

set thanks to a clustering technique that forms meaningful groups, and (ii) leverages



these complete information to estimate the costs for all future time steps where data
points still missing. This allows one to forecast what should be the optimal horizon
for the classification of the incoming time series. The second approach performs also
steps (i) and (ii), but instead of using a clustering technique, it uses a more informed
segmentation method that exploits the class labels of the complete time series thanks to
the confidence levels computed by a probabilistic classifier.

These approaches are interesting in two ways. First, they estimate, online, the earliest
time in the future where a minimization of the criterion can be expected. They thus go
beyond the classical approaches that myopically decide at each time step whether to
make a decision or to postpone the call one more time step. Second, they are adaptive,
in that the properties of the incoming time series are taken into account to decide when

is the optimal time to output a prediction.

We conduct extensive experimental studies and make systematic comparisons between
both approaches on synthetic and real data sets. The obtained results show that both
approaches meet the behaviors expected from early classification systems (i.e. the easier
the classification task, the earlier the decision), with a significant superiority of the second

approach when the classification of the incomplete time series is difficult.
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The reality might be hard or even impossible to model (and understand)
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Chapter 1

Introduction

1.1 On the need to make cost-sensitive early predictions

There exists nowadays an increasing awareness of the importance of learning in support
of online decision making. In emergency wards of hospitals, in control rooms of national
or international electrical power grids, in government councils assessing emergency sit-
uations, in all kinds of contexts, it is essential to make timely decisions in absence of
complete knowledge of the true outcome. The issue facing the decision makers is that,
usually, the longer the decision is delayed, the clearer is the likely outcome (e.g. should
the patient undergo a risky surgical operation), but, also, the higher the cost that will

be incurred if only because earlier decisions allow one to be better prepared.

This is a classical optimization problem with a trade-off between the gain of infor-
mation that can incur lower misclassification costs if one delays the decision, and the
rising cost of such a delay. It has historical roots in fields such as sequential decision
making, optimal statistical decisions, cost-sensitive learning, etc. but recent technologi-
cal advancements that have led to a huge amount of data (generated often in fine-grained
manner leading to temporal data) and numerous new applications coined in distinctive
domains (e.g. medicine, automatic transportation, electric smart grids, internet and fi-

nancial systems and so on) give a new impetus to research works in this area.

Recently, making early predictions on time series has attracted a considerable at-
tention since it comes as a straightforward answer for making online decisions based on
incoming time series with data points still missing. This is a very common task in many

areas. For example, earlier diagnosis based on abnormal heart beat of preterm infants
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who are developing sepsis during their hospitalization in neonatal intensive care units
may help to initiate treatment before the clinical symptoms appear [54]. On the basis of
heart beat time series data, the ability to achieve classifications as early as possible can

permit early diagnosis and thus preventative and adjunctive therapies.

In this situation and many others, it is desirable, and, often, essential to achieve early
predictions. However, this commonly entails two contradictory objectives: the earliness
and the quality of predictions. Indeed, the earliest the decision, the more rewarding it
can be. Yet, often, gathering more information allows one to get a better decision. This
is a trade-off between time vs quality of predictions that must be optimized and generally

solved online.

In the growing literature on early classification of time series problem, several works
that are openly motivated by making early predictions turn out to be concerned with
the problem of classifying from incomplete time series, rather than with the problem of
optimizing a trade-off between the quality of the prediction and the time it is performed.
And even if the earliness of the decision is mentioned as a motivation in these works,
the decision procedures themselves do not take it explicitly into account. They instead
evaluate the confidence or the reliability of the current prediction in order to decide if
the time is ripe for prediction, or if it seems better to wait one more data point. In
addition, the procedures are myopic in that they do not look further than the current

time to decide if it a prediction should be made.

As it is defined in the literature, the problem of early classification of time series
was not placed in its general context where it is crucial to explicitly take into account
the cost of delaying the decision in the optimization criterion. We thus argue that, as
soon as the earliness is involved within the decision making process, the cost of delaying
the decision seems to be, intuitively, a crucial factor that should not be ignored and
should be explicitly accounted for, along with the misclassification cost, in the decision
optimization procedure (Turney provides in [98] a complete survey on different types of

cost and emphasizes the crucial role that they play in real-world applications).

To propose a general framework for the early classification of time series problem and
to solve an optimization problem combining two competing costs are our main contribu-

tions in this thesis.



1. INTRODUCTION

1.2 Challenges and main objectives of this thesis

The problem of making early classification is challenging for many reasons. Two sub-
stantial requirements for achieving early decisions are the quality and the earliness of
predictions. These requirements are contradictory: the earliest the decision, usually, the
more erroneous the prediction it can be. To address both of these challenges, an early

classification system should solve different kinds of tasks:

e First, an early classification system should be able to label incomplete time series,

and broadly time series of different lengths.

e Second, an early classification system should optimize the earliness vs quality of

the prediction trade-off.

e Finally, an early classification system should be able to make online decisions.

In addition to these challenging tasks for making early classification, we consider
the task of explicitly taking into account two different types of costs when making a
prediction: (i) the cost incurred by misclassifying time series, and (ii) the cost incurred
by delaying the decision before making a prediction. To the best of our knowledge, we
are the first to explicitly consider the costs of delaying the decision when making early
classifications. Until our work [33], state-of-the-art early classification approaches im-
plicitly assume that all misclassification errors are cost equally and the cost of delaying

the decision is constant over time.

The design goals we wish to achieve when making cost-sensitive decisions include the

following requirements:
1. Take into account the misclassification cost.
2. Take into account the delaying cost of decision.

3. Optimize the time vs quality of prediction trade-off: the system should
involve both contradictory requirements, the earliness and the quality, in the opti-

mization criterion.

4. Ability to decide online: the system should be able to decide, online, when to

stop considering additional information and output a prediction.

5. Ability to make non-myopic decisions: the system should give an estimate of

when the optimal prediction time is likely to occur.
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6. Ability to adapt the prediction to the incoming time series: the output
prediction should depend on the individual input time series, i.e. the total cost is

re-estimated with each new arriving data point.

7. Few parameters to set.

1.3 Contributions

In this present work, we are concerned with the problem of early classification of time
series when delaying the decision is costly. First of all, we started by defining the prob-
lem and dividing it into two independent tasks: (i) labeling incomplete time series, and
(ii) estimating, online, the optimal decision time. Then, in order to explicitly take into
account the misclassification cost and the cost of delaying the decision, we cast the prob-
lem to a cost-sensitive online decision making problem, and proposed a new optimization

criterion, along with two approaches that satisfy the above mentioned objectives.

As major contributions of this thesis, we particularly cite the following:

1. An early classification of time series framework has been proposed in which early
classification systems are explicitly endowed with a decision function that decides

when to stop considering additional information and make a prediction.

2. We proposed ECONOMY (Early Classification for Optimized and NOn-MY opic
online decision making), a new generic! optimization criterion that explicitly takes

into account the cost of misclassification and the cost of delaying the decision.

3. We developed two different approaches, ECONOMY-K and ECONOMY-v, that
implement the generic formulation, ECONOMY, using two different segmentation
methods. The objective behind segmenting the training set is to build meaningful
groups, that differ as widely as possible, in order to capture typical evolutions of the
training time series. This will be useful to estimate, for an incoming yet incomplete
time series, the costs for future time steps where the corresponding data points are

still missing. Specifically:

e The segmentation in ECONOMY-K is performed by using a clustering tech-
nique over the training set. The result is a set of meaningful groups of time

series built according to a specific similarity policy.

!By generic, we mean that the optimization criterion does not depend on a specific type of classifier,
any classifier can be used.
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e The segmentation in ECONOMY-v is achieved based on special type of Markov
chains. The objective is to segment time series while tacking into account in-

formation about their class label.

In addition of satisfying the objectives we mentioned above, both methods offer

interesting properties as will be detailed later in this work.

4. We performed extensive experiments on real data sets and synthetic data sets for
which we described the generation procedure for the sake of reproducibility. Then,

we presented and interpreted most important results.

1.4 Organization of the thesis

This thesis is organized as follows.

Chapter 2 presents the background of conventional machine learning and time series
classification problems and introduces the challenges of making early classifications. We
propose a generic framework of early classification that will provide the basis to review
the state-of-the-art methods.

Chapter 3 suggests a categorization of the strategies used for instantiating early
classifiers and describes their techniques for handling incomplete time series for the pur-
pose of making classification. One of the proposed strategies will be used to instantiate

early classifiers in our experimental study.

Chapter 4 examines the state-of-the-art of early classification methods according to

the general framework of early classification of time series that we proposed in Chapter 2.

Chapter 5 starts with a formal analysis of the quality against the earliness of predic-
tion trade-off while introducing the notion of costs. This analysis provides a base for a
new cost-sensitive online decision approach, called ECONOMY (Early Classification for
Optimized and NOn-MYopic online decision making), that trades off the gain of infor-
mation that is expected to incur lower misclassification costs when delaying the decision

against the cost of such a delay.

In Chapter 6, we conduct extensive experimental studies on synthetic and real data
sets, and show that both approaches, ECONOMY-K and ECONOMY-v, that imple-
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ment the generic optimization criterion ECONOMY using two different segmentation

techniques, meet the behaviors expected from early classification systems.

In Chapter 7, as conclusion, we summarize our main contributions and discuss

possible directions for future works.



Chapter 2

Background

Introduction

This chapter consists of two parts. In the first, we provide some basic notions on su-
pervised learning with a focus on classification problems. This allows us to introduce
our notations and draw a direction of this thesis. We then discuss the challenges of the
classification on time series and give a brief synthesis on representations and similarity
measures adapted to time series. In the second part, we introduce the problem of early
classification on time series. We define the problem and make a series of comparisons
with closely related problems as offline, online and anytime classification problems. We
finally propose a generic framework that is able to describe early classification methods.
This exposes the peculiarities of our setting and serves as a basis for our contributions

throughout this thesis.

2.1 Supervised classification of time series

In our thesis, we study the classification of time series. Time series can be seen as vectors
belonging to R? where ¢t € {1,...,T}. Because T can be very large, it does not seem
appropriate to use generative models [75] to perform classification, since these models are
prone to the curse of dimensionality [11]. This is why in this thesis, we have considered
mainly discriminative models [75] for the classification task since the dimension of the
input space is generally not a parameter that impacts the theoretical guarantees on
learning and generalization. The following sections aim at giving but a flavor of basic

concepts on supervised discriminative classification.
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2.2 Some basic notions on supervised classification

Supervised learning aims at learning a function that maps between variables in an input
space X and a variable in an output space Y and applying this mapping function to predict
the outputs of unseen data. Depending on the type of Y, two different learning problems
are distinguished. Classification problems try to map input data to a qualitative label
(or a class), in this case Y is a finite and discrete space (e.g. colors, correct/incorrect,
alphabets, etc.), while Regression problems try to learn a quantity in Y which is a con-
tinuous space (e.g. stock market price, weight, etc.). In this thesis, we will focus on

classification problems and, more precisely, binary classification where Y = {—1,+1}.

2.2.1 Training set and classes

Let D be an unknown distribution probability on X x Y. A training sample is a finite
set of examples, where, for each element x € X is assigned a target value y € Y. These
examples are drawn (usually identically and independently distributed) according to the
distribution D. Therefore, only a partial knowledge about D is given by this training
set. We note § = {(x',y!)..., (x™,y™)} a training sample of m data, with x’ is the
description of the example i and 7 is its class label.
From the training sample 8, the objective of learning is to infer a function h : X — Y
that maps X to Y, i.e. a function that best describes the relation between inputs and
classes (in presence of partial knowledge). The true relation, which is unique for each
problem, is the target function to be inferred since it is generally unknown. The function
h is then one of the possible functions in some space, usually called hypothesis space,
that try to approach the target function and the crux challenge of learning is to find the
best hypothesis. We note the hypothesis space 3 € Y*, where Y* represents the set of
all possible functions that map X to Y.
Different hypothesis classes have been proposed for different machine learning problems.
In classification problems, the class of linear classifiers has almost the most popular
methods used in machine learning. A classifier is linear if its decision boundary on X
(that is usually RY, where t € {1,...,T}) is a linear function. In case of binary linear
classifiers, positive and negative examples are separated by a hyperplane which is a
generalization of a line to dimensions larger than 2 (a plane is of dimensions 3).
A hyperplane in X is a sub-space of X that can be described by a linear equation of the
form:

(w,x)+b=0 (2.1)
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where (w,x) = Y2f_ w'x’, w = (wy,...,w;) € X is a normal vector of the hyperplane
that can be seen as the vector of coefficients weighting each variable in X (each dimension
corresponds to one variable), and b € R is a bias. If b = 0, the hyperplane passes through

the origin.

Definition 2.2.1 (Linear classifier) A linear classifier of normal vector w € X and a

bias b is a function hyp € YX such that for any ezample x € X, it is defined as:

+1 if (w,x)+b>0

. (2.2)
-1 if (w,x)+0<0

hyw (%) = sign({w,x) + b) = {

and sign((w,x) + b= 0) is arbitrarily set to +1.

Although linear classifiers are simple to implement, the difficulty is in determining the
parameters w and b based on the training set with the objective of a good generalization
on new data.

Another important concept in linear classification is the margin. Given x € X and a
function hyp € X, it is possible to measure the confidence of predicting the class g,
where § = hy 3(x) of x through computing its margin. The margin of x is defined as its

distance from the hyperplane that is represented by (w,b).

Definition 2.2.2 (Margin of an example) Given a function hy, € H and an ezam-

ple x' € X, we define the margin m’,j;b of hwyp on x* as:
my, ., = ———— (2.3)

When yimﬁb < 0, then, x’ is misclassified, while yim@i’b > 0 indicates that x’ is correctly
classified and mifvl , represents the confidence of the class prediction, i.e. the largest the
margin, the more confident the prediction. We can now define the margin on the training
set 8.

Definition 2.2.3 (Margin of a set) Given a training set 8 and a linear classifier func-

tion hwp € H, we define the margin mfv p Of hwyp on 8 as:

m = minm ' 24
w,b Qb (
’ xte§ ’

2.2.2 Loss function and risks

The objective of learning in classification is to find the function h* (for simplicity we

note h* instead of hy«p+) that best fits the training sample 8. We may first start by
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introducing the concept of a loss function ¢ : Y x Y — R, that measures how good a

function A is on a particular training example (x%, 7).

Definition 2.2.4 (Loss function) Given an ezample (x',y') and a function hyp, the

loss of predicting the class of X' is:
U(hwp(x"), y") (2.5)
For binary classification, the most popular losses are:

0-1 loss:  lo—1(hwp(x

): [hw (Xl)#y]
squared loss: £a(hy p(x 0! -

x'),y

y') = (hwp(x) —y')?

X)vy) max(0, 1 — yhw p(x")) (2.6)
) = log(1 + expwa(x)y")

AV

Yy
exponential 108s:  {zp(hy p(X), y') = expws ()

hinge loss:  (hinge(hw.b(
log loss:  {o5(hw ( ONL

Now, let us generalize the concept of loss to examples from the distribution D. Such
generalization is called (true) risk since it measures the average loss of the function hy,
on D.

Definition 2.2.5 ((True) risk) Given a function hyp € H and a distribution D, the
(true) risk is defined as the expected loss of hy p, on D:

Ry (h) = Ep[t(h(x),y)] (2.7)

The goal would be to minimize RY,, however, since D is unknown, the true risk can not

be calculated but can be estimated from a finite sample of data drawn from D such as

8 = {(x!y)..., (x™,y™)}:
Eo[(h(x),y)] ~ Es[E(h(x), ) (2.8)

Eg[¢(h(x),y)] is called empirical risk of hwp on 8 and is defined as:
D ILUCINY 2.9
- m - 7y .

Finding the function h* that minimizes Rg is known as empirical risk minimization
(ERM),

h* = ArgMin R} (2.10)
heX

10
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and the hope is to minimize the true risk trough the minimization of the empirical risk.
Without going into detail, in practice and for a fixed, convenient, loss function ¢, the
approximation of R% mainly depends on (i) the size of the training sample, as it is
expected that Rf, — RY if more data are available, and (ii) the class of functions .

Short of providing a comprehensive overview of the statistical learning theory that aims at
providing bounds on the difference between the true risk and the empirical risk associated
with any function hy; € H, we now provide some results for the Perceptron learning

rule.

2.2.3 The Perceptron algorithm

Inspired by the functioning of biological neurons, the Perceptron, introduced by Rosen-
blatt [85], is one of the most popular machine learning methods. The Perceptron is a
linear classifier composed only of one neuron. It can be extended to nonlinear classifica-
tion using more neurons organized in many layers. This is called Multilayer Perceptron
[88], a particular type of neural networks.

The Perceptron is an iterative algorithm (see Algorithm 1) that aims at learning a linear
function in a simple way. Given a sample 8§ = {(x!,9'),..., (x™,y™)}, the Perceptron
algorithm considers one example at a time and updates the weight vector w and the

bias b when an example is misclassified. The interesting property of the Perceptron is its

Algorithm 1 Perceptron algorithm
Input:

e A sample § = {(x!,y!),...,(x™, y"™)}
Output:
e A hyperplane (w,b)

w' < 0,b< 0
for all x': i € [1, N] do
if (4" # Bk pr(x')) then
whtl  wk 4 yix?
bk+1 — bk +yi
k+—k+1
end if
end for
return (w", b¥)

guarantee to converge in a finite number of steps if the problem is linearly separable.

11
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Theorem 2.2.6 (Convergence of Perceptron [15, 76]) If the training data § € X x

Y is linearly separable, with a margin mfv*7b*, by a hyperplane (W*,b*) of norm || w* ||,

then the Perceptron algorithm converges after

R2

ms,.

(2.11)

updates during learning, assuming || x* [|[< R, i € {1,...m} (R =max;(|| x*|))

From Theorem 2.2.6, the remarkable property of the Perceptron is that it convergences
after only a finite number of steps independently of the size of the training set m, on the
underlying distribution D, and almost independently of the dimension of the input space

(the dependence is indirect through R).

2.3 Time series classification

Time series classification has raised great interest over the last few decades not only within
the data mining and machine learning communities but also within numerous practical
fields such as medicine [43, 57, 77, 82], geology [63], astronomy [83], telecommunication,
meteorology, energy, financial market, etc., where, in almost every application, data are

measured over time leading to a vast amount of temporal data |2, 71].

Numeric time series are a particular type of temporal data with real values ordered
in time. Often, these values, referred as data points or measurements, are correlated
over time. This makes time series distinctive from typical data, used commonly by con-
ventional machine learning algorithms, where each value is measured by an independent
variable. Therefore, conventional classification methods can not directly support the spe-
cific properties of time series. For these reasons effective approaches have been proposed

and classical ones have been adapted to take into account the time dependent data [65].

Time series classification is a type of supervised learning where the training data,
being composed of labeled time series, is commonly used to build a classifier and the
objective is to use the learnt classifier to predict the labels of unseen time series. Classi-
fication of time series can be formally stated as the following.

Let x7 be a time series composed of T time ordered real values (z1,za,...,27)
where Vt, 1 <t < T, z; € R is the t"* component of the time series x7, hence x7 € R”.

Let 8§ denotes a set of m training examples with each training example being a couple

12
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(xi;p, y") € RT x Y, meaning that each time series X%« is provided together with its associ-
ated label y* € Y, where Y is a finite set of classes. For example, in the case of patient’s
health monitoring, one (x%,y*) might consist of the electrocardiograph signal as x% and

the status of the patient’s health as y*. A classifier is then a function: hy: R — Y
xr—=g=hr(xT)
that maps time series of length T to their class labels.

Furthermore, time series classification is challenging especially when very large and
massive data set should be handled. Indeed, classification methods have shown some
difficulties in scaling up and finding meaningful forms of similarity when time series data
sets are massive [38, 65]. Faced with these difficulties, that continue to evolve due to
the fast development of digital sources of information leading thus to more important
amount of data, a possible solution is to use representations that reduce time series

dimentionality while retaining their essential characteristics [103].

2.4 Time series representation

As commonly one data point of time series is considered as one dimension, time series are
typically of high dimensionality. This introduces additional complexity when applying
machine learning and data mining algorithms. Indeed, considering time series in their
raw representation (i.e. their time-domain forms) may not be convenient and may be-
come challenging and costly to visualize, process, store, query, etc. time series of high
dimensions. Therefore, a recommended practice to make a good use of high dimension

time series is to change the level of their representation.

In the literature, various and several representations have been suggested includ-
ing the Discrete Fourier Transform (DFT) [3], Discrete Wavelet Transform (DWT) [23],
Principal Component Analysis (PCA) [58, 79], Singular Value Decomposition (SVD)
[64], Piecewise Linear Approximation (PLA) [93], Piecewise Aggregate Approximation
(PAA) [61, 111], Shape Definition Language (SDL) [4], Symbolic Aggregate approXima-
tion (SAX) [67], and many others (see [103] for a well structured review). Some methods
quite often used as representations in the literature (e.g. DFT) are not primarily designed
to reduce the dimentionality of time series, but they naturally have the ability to achieve
it. We propose, in Figure 2.4, a taxonomy of the main representations for numeric time

series.

Figure 2.4 shows three main families of representations. The first family includes

13
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Time series representations
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Figure 2.1: A possible taxonomy of time series representations. The representations are
mainly divided into three different families.

mathematical transforms such as DFT or DWT. These transformations do not directly
reduce dimensionality, but allow to better extract relevant characteristics of time series
together with the possibility to reduce their dimension. The second family consists of
methods that allow for dimensionality reduction by mean, for example, of compression
(e.g. PAA), symbolization (e.g. SAX), etc. Finally, the third family groups parsimo-
nious representations that aim to preserve the principal characteristics of the data while

making them as sparse as possible.

Furthermore, in addition to the ability of allowing dimentionality reduction, some
properties should be taken into account when selecting a time series representation such
as: information gain, ability knowledge extraction, ability for local processing, computa-
tional complexity reduction, ability for search acceleration, ability to adapt to the data,

user parameter-free, ability to make an incremental updating, etc.

14
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2.5 Time series similarity measures

In many time series learning and data mining tasks, it is required to use a similarity mea-
sure in order to quantify the degree of the dissimilarity or similarity between time series.
Ding et. al [37] suggested that different similarity measures extract different aspects of
similarity when applied to the same problem. It is crucial then to select the appropri-
ate measure that best captures the relevant information to better solve the addressed
problem. Furthermore, some properties are desired when selecting a similarity measure
such as (i) robustness to noise, outlier, temporal and spatial distortions, (ii) yielding low

computational complexity, and (iii) not implying user parameters, etc.

In recent years, and due to the growing interest in using time series that have partic-
ular characteristics compared with traditionally used data, a large number of similarity
measures were proposed. Most prominent ones include Euclidean distance, a simple and
effective distance that implies no user parameter, but is not robust against noise and dif-
ferent forms of distortions (e.g. temporal or spatial distorsions). Dynamic Time Warping
(DTW) [10, 14, 73, 92| is more robust against temporal distortions but is computation-
ally expensive (faster variants, such as [91], were proposed). The Longest Common
SubSequence (LCSS) [3, 17, 74, 94, 101] is robust against noise and outlier but implies
to set a threshold in order to assess the similarity (this parameter should be set with
care since it defines the similarity between data). The Threshold Query Execution for
LargeSets of Time Series (TQuEST) [8] measures the similarity after coding time series,
but provides good results only over some specific data sets. Spatial Assembling Distance
(SpADe) [27], based on feature extraction, this measure is robust against the temporal
and spatial distortions, noise and outlier but is difficult to scale up. Some distances such
as Edit distance with Real Penalty (ERP) [24], Edit Distance on Real sequence (EDR)
[25], Extended Edit Distance (EED) [41] extend the Edit Distance (ED) in order to deal
with different natures of applications. Many other distances and similarity measures (see
[37] for a well structured review on time series similarity measures) have been recently
proposed in the literature to respond to the different requirements implied by time series

learning problems.

In Figure 2.2, we propose to categorize time series similarity measures according to the
properties of a metric space which are summarized in four axioms: identity, separation,
symmetry and triangle inequality (see Definition 2.5.1). We call a function that respects
the properties of the metric space, distance. Otherwise, it is called a similarity measure
(see Definition 2.5.2).
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Time series similarity measures
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Figure 2.2: A possible taxonomy of time series similarity measures.

Definition 2.5.1 A metric space is a pair (E,d) where E is a non-empty set and d :
E x E — R such that for any x', 22,23 € E, the following holds:

al. d(z',2%) >0 (Non-negativity or separation aziom)
a2. d(z',2%) =0 2! =22 (Identity)

a3. d(zt,2?) = d(z%,x')  (Symmetry)

a4. d(z',23) < d(zt,2?) +d(z%, 23)  (Triangle inequality)

Definition 2.5.2 A similarity measure is a real-valued function that quantifies the sim-

ilarity between two time series x', x> € RT :

dix',x?):RT xRT — R

The interest behind making such a categorization is to assist in selecting the ap-
propriate similarity measure that (i) better suits time series in their new representation
domain, and (ii) captures the relevant aspects of similarity in the data. For example,

this taxonomy can be useful to make a choice about the similarity measure when the
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goal is to perform exact or bounded similarity querying. Therefore, the choice of dis-
tance/similarity measures depends on the requirements of the problem at hand, time

series types and the used representation [37, 39, 50].

2.6 Data streams vs batch data

For many years, conventional learning systems have assumed that the training data were
independent and identically distributed (i.i.d.) and they were successfully used to build
classifiers over static batches of data. With the first significant development in the area of
digital information technology leading to more data, conventional learning systems have
succeeded to optimize and improve the performance of their algorithms leveraging the
increasing availability of data. The challenge was then to develop storage capacity and
optimize data access. However, despite the efforts made to adapt to the rapid growth of
digital information, conventional learning systems have shown their limits faced with the
growing need to make online decisions and work with data that evolve over time: data
streams [1, 9, 42]. In the following, we examine the main properties of static and data

streams:

e Static data are immediately available when they are entirely stored as in traditional
databases. They can be easily accessible in memory and scanned multiple times
(when they are not very large). Problems usually faced with static data include
missing values, incorrect values, outliers, noise, etc. This commonly requires some

preparation and cleansing of the data before they can be processed.

e Data streams arrive sequentially and are changing continuously in time [42]|. Prob-
lems arise with data streams when the data flow is rapid and storage, access and

multiple scans are not easily realizable.

2.7 Time series early classification

2.7.1 Practical challenges

In many domains, it is natural to acquire the description of an object incrementally,
with new observations arriving sequentially over time. This is the case in medicine,
when a patient keeps undergoing successive examinations until it is determined that
enough evidence has been acquired to decide with sufficient certainty the disease he/she

is suffering from. Sometimes, the observations are not controlled and just arrive over
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time, as when the behavior of a consumer on a web site is monitored online in order to
predict what add to put on his/her screen.

In such situations, the interest is in making a prediction as early as possible because
either each example is costly or it is critical to act quickly in order to yield higher returns.
However, this generally induces a trade-off as less measurements commonly entail more
prediction errors. This is a problem where the quality of the prediction is traded off

against the earliness of the prediction.

To further illustrate the growing need to make early predictions, we give the following

real application example.

Motivating example One of the growing requirements in today’s applications such as
in healthcare surveillance is the need to automatically make accurate and quick decisions,
without waiting for additional information. A possible application of early prediction
in healthcare surveillance is in medical emergency detection systems where there is a
special need to detect emergencies, early enough, without making mistakes, before pa-
tient’s condition deteriorates. Such a targeted supervision can enhance the management
of healthcare, improve human and material resources allocation and save unnecessary
economical costs (e.g. costs induced by the number of health professionals devoted for
surveillance).

In concrete terms, this can be done by automatizing the medical emergency detection
systems so that situations that are expected to rapidly deteriorate are accurately and
quickly put forward. This will certainly help health professionals to focus on emergencies

and take appropriate actions before things get worsen.

2.7.2 Scenario

Early classification of time series can be viewed as a particular case of the conventional
time series classification, where, in addition to maximize the quality of predictions, it has
the added property of minimizing the time for making a prediction. However, making
early predictions means that less measurements are considered which consequently en-
tails more prediction errors. This leads to a trade-off between maximizing the quality of
the prediction which is better if more measurements are used and minimizing the time

to make a prediction which is better if less measurements are awaited.

First, let us introduce the notations we use throughout this manuscript. Let 8 be a
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training set composed of complete labeled time series {(x%, ") }1<i<m where x}» € RT is

a time series of length T and yi € Y is its associated label.

Definition 2.7.1 (Complete time series) A complete time series xp = (x1,%2,...,2T)
of length T 1s a time series that contains the full information that describe an object over

time.

A typical example would be the position of an object that is moving between a source
and a destination. The position, quantified by the horizontal and vertical coordinates

of the object, is recorded during consecutive times resulting a sequence of numeric values.

Actually, as mentioned above, since early classification is a particular case of conven-
tional classification, we will make, whenever necessary, systematic comparisons between

both classification problems.

When a conventional classifier’ hr is learnt given the training set 8, the goal is to use
hr in order to predict the class labels of new unlabeled time series x7 also of length T,

hr: RT =Y . Whereas, given 8, an early classifier should arrange to learn a decision
xr—g=h(xr)

function(s) hy : Rf—z(‘é : from the complete time series so that it will be able to predict
Xt—=>Yy=h(X¢
the label of a new unlabeled and incomplete time series x; with variable length ¢, where

Vi, t < T.

Definition 2.7.2 (Incomplete time series) An incomplete time series x, = (x1,...,x¢)

1s a sequence of the t first real values describing an object until time t.

The learning and prediction processes of conventional and early classification systems are

shown in Figure 2.3.

Specifically, an early classifier separately performs the learning and the predictive

phases:

e Learning phase: an early classifier has access to the training data set § =
{(x%,y") }1<i<m composed of m labeled time series x4 of length T’ provided with
their class labels 3* € Y. The challenge here is to use the available complete data

in 8 in order to learn a decision function(s) hy : x; — y, where Vt, ¢t <T.

! Whenever necessary for disambiguity, throughout this thesis, a conventional classifier is simply
referred to as classifier.
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Figure 2.3: Comparison between the conventional classification and the early classifica-
tion systems. Both systems have access to a training data set composed of complete time
series of length T'. In Figure(a), while a classifier is learnt over the complete training time
series and then is used to predict the label of a new complete time series of length T, an
early classifier, as illustrated in Figure (b), should manage to learn from the complete
training time series in a manner that it will be able to predict the label of an incomplete
time series of length ¢t < T

One possible approach to do this would be to learn a set of classifiers H =
{ht}1<t<T, where h; is an independent decision function induced out of the training
time series trimmed to their ¢ first components. As such, the ¢ first components

are considered as the explanatory input variables (see Figure 2.4).
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Figure 2.4: A possible implementation of an early classifier is made using a series of
classifiers trained over sub-spaces of time series with different lengths.

The approach proposed so far, as shown in Figure 2.4, presents a possible solution
for implementing an early classifier. Other possible strategies could be used for
implementation. For example, assume there is a function Transform(.) that is able
to output a fixed-length vector for any variable length input time series data. In
this case, only one classifier is learnt, but all the available time series data to be
given in the classifier input should be transformed using the Transform(.) function.
Possible strategies for implementing early classifiers will be discussed in detail in
Chapter 3. Later in this thesis, we choose to adopt the approach described in
Figure 2.4".

e Predictive phase: Now, once the early classifier is learnt (regardless of how it
is implemented), and for a new incoming time series x; of any length ¢ where
1 <t < T, the classifier should be able to predict the label of x;. This can easily
be done if one asks, in advance, to have a prediction at a particular future time
step(s). In this case, after receiving all measurements until the decided time for
prediction, the classifier will output a prediction. However, in the one hand, when
the quality of the prediction is what matters, it is obvious that the classifier will
wait until the last time to make a prediction as more measurements commonly
improve the quality of the prediction. In the other hand, when the interest is in
making a prediction as early as possible, the classifier will immediately give a pre-

diction without further delay. Apart of these two extreme cases, the interest is in

!This choice does not affect the general understanding and operation of the early prediction system.
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making optimal decisions that trade off between the quality and the earliness of
predictions. The principal question is therefore how to decide online that now is

the optimal time to make a prediction?

To answer this question, we consider the early classification problem as a problem
of deciding when enough information has been gathered to make a reliable decision.
Therefore, when an incomplete time series x; arrives, there should be a decision
function that decides whether it is time or not to output the prediction h:(x;)
on the class label of x;. In Figure 2.5, we describe the process of making early

predictions as we define it in this work.
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Figure 2.5: Description of the early prediction process: given an incoming time series x,
the Trigger function decides to either stop measuring new data and output a prediction
on the class label of x;, or check if new data are available and extend x; by adding a new
measurement x; using the Concat() function, until time 7.

As shown in Figure 2.5, the system looks into the incoming ¢ measurements of
the time series x;. When the Jrigger function decides to make a prediction, x; is
labeled based on h; and on the ¢ available measurements. Otherwise, an additional
measurement is awaited and the process is repeated until time T'. At time T, the

prediction is done anyway (leading back to solve the classic classification problem).

In the following sections, we formally introduce the early classification of time series

problem and propose a generic framework.
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2.7.3 Generic framework

In this section, we propose a generic framework to describe the process of making early
classification of time series.

Suppose that the training set § = {(x%, y*)}1<i<m has been used in order to learn a
series of functions H = {h:}1<¢<7, each function h; being able to classify examples of
length t: x; = (x1,xa,...,x¢) (see Figure 2.4).

Moreover, assume there is a function Trigger that decides when to stop measuring
additional information and output a prediction using h; for the class label of an incoming
incomplete time series.

Let x; be an incoming time series at instant ¢, where V¢, t < T. When waiting for an
additional instant, a real value z; is added to the end of x; using the function Concat().
For instance, the training set 8 could be a set of time series generated by measuring the
arterial tension of a monitored patients in an hospital.

After learning from 8 has taken place, the goal is to choose the earliest time ¢* at which
a new incoming and still incomplete time series xy= = (x1,T9,...,x4+) (e.g. sequence of
arterial tensions on a period of time about a new patient) can be optimally labeled.

We propose in Algorithm 2 a generic description of time series early classification

process.

2.7.4 Required properties

A number of existing early classification approaches suggest different definitions and thus
produce different algorithms to make early predictions (see Chapter 4.1 for a detailed
state of the art). Some authors like Xing et al. in [106] considered the problem of making
early predictions on time series as the trade-off between the earliness and the quality of
a classifier. However, others as Parrish et al. view the problem as a problem of classifi-
cation with confidence from incomplete time series. These and more approaches will be
discussed in detail in Chapter 3 and Chapter 4.

By gaining insight into these approaches, we suggest that an early classifier is faced

with two interconnected questions:

e The first is which function is able to label an incoming yet incomplete time series.
This question brings us to study, in Chapter 3, the different approaches used for

implementing early classifiers.
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Algorithm 2 Time series early classification framework.

Input:

e An incomplete time series x; with 1 <t < T}

o H = {hi}t1<i<r : R" — Y, a set of predictive functions h; learned from the training
set;

e 1; € R, a new incoming real measurement;

e Trigger : R x hy — B, where 1 <t < T and B € {True, False}, a boolean decision
function that decides whether it is time or not to output the prediction h:(x;) on the
class of xy;

X < I

t<«—0

while (=Trigger(x, ht)) do /* wait for an additional measurement */
x; +— Concat(xy, x1) /* a new measurement is added at the end of x; */
t«—t+1
if (Trigger(xs, ht) ||t =T) then

1y <— hy (Xt) /* predict the class of x¢ and exit the loop */

end if

end while

e The second is how to decide online that the current instant is the one that yields
the optimal prediction. In Chapter 4, we review the main state-of-the-art early

classification methods and in Chapter 5 we propose a solution for this question.

In this thesis, and whenever necessary, the methodological choices that determine the

outcome of our ideas are mentioned in each chapter. We begin by defining the following:

e The used data are time series of finite length T'.

e The time series are considered as they are generated (i.e. in their time-domain

forms).

e Each measurement in the time series is considered as an independent input variable

within the classifier.
e One class label y is associated to the entire time series.

e There is no possibility to obtain a feedback about the class label unless the entire

time series is available.

e The used data are static or changing over time but in more stable manner compared

with data streams.
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2.8 Comparison with other learning systems

In this section, we compare the early classification system, as defined in this thesis (see
Section 2.7), with three closely related learning systems: the offline, online and anytime
learning systems. With the aim to clarify the distinction between the different learning

systems, some important points of comparison should be considered:

1. Types of input data they deal with
2. The distinction between the learning and the prediction phases
3. Continuous access to a feedback to update the induced decision function

4. The computational time involved in each algorithm

2.8.1 Offline learning

The offline learning is often called batch learning from the fact that all the training
examples are first collected, then they are given as one batch to the learning system to
be build. The offline learning is carried out in two separate phases as a batch process. In
the learning phase, a classifier is built without any limits in accessing the training time
series data set 8§ = {(x%,4") }1<i<m - Then, in the predictive phase, the previously learnt
classifier is used to predict the labels of new unseen time series xr of length T'. Figure

2.6 shows the offline learning framework.
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Figure 2.6: Offline learning framework

Major differences between an early classifier compared with an offline classifier are

summarized as follows:
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e During the learning process, an early classifier, as well as an offline classifier,
has an unlimited access to the training complete time series 8. However, while in
the offline case, a function At is induced from § with the objective to map complete
time series x7 to their target class labels y, an early classifier should manage to
learn from 8 a decision function(s) that is able to map incomplete time series x; to

their target class labels y.

e During prediction, an offline classifier should be able to predict the label of
any complete time series of length 7. However, an early classifier should be able
to predict the class labels of incoming yet incomplete time series of any length t,
where Vt, t <T.

2.8.2 Online learning

In online learning, the training examples are not collected before learning, instead they
arrive continuously in time during the learning process. At the same time, with each new
measurement, the online learning system is always able to output a prediction. Therefore,
all along predicting, the model keeps learning as soon as new data are available to improve
its performance and to not become obsolete. This is one of the aspects that characterizes
online learning where there is no separate phases for learning and prediction. Online

learning process is illustrated in Figure 2.7.
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Figure 2.7: Online learning framework

By contrast to early classification systems where their decision functions are learnt
offline (regardless of how early classifiers are implemented), online learning systems will
be able to adjust their decision functions by keeping learning throughout their use since

they have continuous access to the true label of each processed time series. The initial
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training data do not need to be as consistent and diversified since the online systems will
adapt, during use, to changing conditions [31, 113]. Consequently, while online systems
try to improve the quality of their predictions by improving their decision functions when
learning from new examples, early classification systems try to improve their predictions

online based on each new measurement and past experiences.

2.8.3 Anytime learning

Anytime learning, as introduced by Grefenstette in [53], concerns learning systems that
have the properties of anytime algorithms [35]. The basic characteristics of anytime
algorithms are: (i) the algorithm has the possibility to be stopped and resumed, at any
time, during the learning process, (ii) the algorithm outputs a prediction if terminated
at any time, and (iii) the quality of the prediction improves over time.

Most prominent anytime algorithms are interruptable [89]. An interruptible anytime
algorithm must produce a valid prediction if interrupted. The framework of anytime

learning is shown in Figure 2.8.

In Figure 2.8, the Jrigger function is a part of an external module that manages the
resources and can interrupt the algorithm at any time.
Anytime learning systems differ from early classification systems in three major

points:

1. Although anytime systems share with the early classification systems the full ac-
cess to the complete training time series, they are actually constrained by time so
that, during the learning process, they can be interrupted before processing all the

training examples, thing that affects the prediction quality of the anytime systems.

2. Anytime learning systems may not be able to predict the label of incomplete time
series if learnt over complete time series. However, early classifiers should be able

to make a prediction whatever the input time series lengths.

3. Anytime learning systems are interrupted when they receive a user external order
asking for a prediction. However, early classification systems decide by themselves

when to output a prediction.

Specifically, early classification systems, as studied in this work, endow anytime learn-
ing systems with the added capacity of deciding by themselves when to stop their intake
of new data and make a prediction. In some way, early classification systems could be

named as autonomous anytime classification systems. Expect that they do not really
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Figure 2.8: At time t, the algorithm, being learnt only on some training time series
(i.e. processing all training time series data requires a duration D, where D > t), is
interrupted and asked to output a prediction on the class label of a new unlabeled time
series xr. hl. is the decision function learnt at ¢ using some complete time series. And,
7' is the predicted class label of x7 at time t. The quality of this prediction is expected
to improve for times t + 4, where ¢ > 0.

learn at each time step, but really estimate the expected improvement of their prediction

in order to decide when it is best to stop.

Summary

In this chapter we have introduced the problem of early classification of time series and

defined its main requirements:
e the ability to predict the label of incoming yet incomplete time series, and

e the online optimization of the earliness vs quality trade-off during the prediction

Specifically, an early classifier separately performs the learning and prediction phases.

During the learning process, the early classifier has unlimited access to the training data
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which are composed of complete time series and the goal is to learn a decision function(s)
that maps incomplete time series to their target class labels. Here, we proposed a simple
implementation of early classifiers based on using a series of classifiers, each is learnt at
each time step t, where 1 <t < T, over time series trimmed to their ¢ first measurements.
Then, during the prediction, the early classifier is confronted with two tasks. Firstly, time
series to be classified are coming in a sequential manner and the early classifier should
be able, when decided, to classify incoming time series of any lengths. Secondly, making
early prediction usually entails a tension between, on one hand, maximizing the quality
of the prediction by requiring additional data, and, on the other hand, minimizing the
used data, so as to allow for the earliest possible prediction. This leads to solve, online,
an optimization problem where the quality of the prediction is traded off against the
earliness of the prediction.

Note that this is a version of the learning with privileged information paradigm
introduced by Vapnik and Vashist in 2009 [99].

Finally, we proposed an early classification generic framework that involves a deci-
sion function that decides when to stop measuring additional information and output a
prediction. This brings early classifiers closer to (i) anytime learning systems, with the
added capacity of being autonomous for deciding when to predict, (ii) online learning
systems where the prediction is estimated online, and (iii) offline learning systems where
the early classifiers are learnt offline.

In the next chapter, we give an overview of the state-of-the-art methods designed to

make prediction over incomplete time series.
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Chapter 3

Time series early classification:

Classifier instantiation strategies

Introduction

The previous chapter provided the background on the time series classification task and
introduced the early classification of time series problem. Specifically, early classification
of time series aims at predicting as early as possible, but accurately, the class label of an
incoming yet incomplete time series. Two indispensable requirements for making early

classifications have been identified in Section 2.7:

e the first is the ability to predict the label of an incomplete time series of any length,

and

e the second is to optimize online the decision making problem giving the incoming

time series.

In this chapter, we deal with the first requirement for making early classifications
which consists in designing early classifiers in order to be able to predict the class labels of
incomplete time series, and broadly the labels of any-length time series. Some directions
have been proposed to adapt with the incompleteness of data when classifying. We go
through a number of these systems and suggest other directions (for which we have not
found references, such as changing data representation, but think they are interesting

strategies that can be used to solve the problem). We propose then four main categories:

1. Adapting to missing values: the first category includes methods that do not

use all the information contained in the complete training time series. These meth-
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ods deal directly with an incoming time series and predict its class label without

carrying out any operation to complete it.

2. Implicit imputation of missing values: the second category includes methods
that implicitly use all the information contained in the complete training time
series. They leverage the complete information for making a prediction on the

class label of the incomplete time series.

3. Explicit imputation of missing values: the third category includes methods
that explicitly use all the information contained in the complete time series in order
to impute the missing values and then make a prediction on the class label of the

imputed time series.

4. Changing the representation: the last category, we propose, can include meth-
ods that implicitly use all the information contained in the complete time series.
These methods change the representation in another time-invariant domain in or-
der to obtain complete data. The prediction on the class label is done on the

transformed data.

Figure 3.1 shows the different strategies we suggest to handle missing values for

incomplete time series classification.

In the following sections, we suggest to examine each of the proposed strategies for
implementing early classifiers. The list of the presented methods is non-exhaustive.
However, it provides an insight on how early classifiers can be implemented and how
incomplete time series are handled when making classifications. In addition to presenting
the state-of-the-art, we propose new strategies that were not discussed in the literature
for early classification problems (see Section 3.3). Furthermore, since the issue of labeling
time series of variable length is not a key focus in this thesis, we only provide ideas, choose
one strategy to use later in the thesis, but without performing comparisons between
methods. In addition, early classification algorithms are not easily comparable when the

task is to optimize contradictory objectives (no Free Lunch Theorem [105]).

3.1 Adapting to missing values

This category includes methods that do not leverage the complete information contained
in the training set which is composed of complete time series. Rather, they arrange to

directly deal with incomplete time series.
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Incomplete time series classification methods
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Figure 3.1: Taxonomy of the different strategies suggested to handle missing values in
order to make a prediction on the class labels of incomplete time series.

We present here two systems that are able to label incomplete time series without
using the complete information contained in the training data set: (i) the first is the
distance-based system that uses a distance or similarity measure in order to determine
similar cases w.r.t. to the incoming time series and then decides on its class label. (ii) the
second system is a series of classifiers, each is learnt at a time step ¢, where 1 <t < T,

using training time series trimmed to their ¢ first components.

3.1.1 Distance-based systems

A first simple example would use the K-Nearest Neighbors (KNN) algorithm to label
incomplete time series. The KNN algorithm is a non parametric lazy learning system
where no explicit learning is done from the training data set. All the training data are

used during the prediction phase.
Using the KNN algorithm, one can estimate the label of an incoming time series x;

based on the class label with the highest frequency from the K most similar time series.

The conditional probability P(y|x;) of the class given the incoming time series x; can

33



3. TIME SERIES EARLY CLASSIFICATION: CLASSIFIER
INSTANTIATION STRATEGIES

be computed as the normalized frequency of time series that belong to each class in the
set of the K most similar time series for the incoming time series x;. For example, in
a binary classification problem (y € {—1,41}), the conditional probability of the class

label +1 is estimated using:

#(y =+1)
#y =+ +#y=-1)

Py =+1]x¢) = (3.1)

When K =1, x; is simply classified by the class label of the nearest time series.

Furthermore, to determine the K nearest neighbors for the incoming time series xy,
where, t < T, a distance or similarity measure (see Section 2.5) has to be used between
x; and the training time series trimmed to their first ¢ values.

Commonly, the choice of the best distance or similarity measure is based on the
properties of the data and the problem at hand. Otherwise, empirical experiments using
different distances and similarity measures (with a fixed K) can be performed on the
training data. Then, the distance or similarity measure that yields the most accurate
results can be used. Similarly, there is no winning rule for choosing the number of the
nearest neighbors to consider. This depends on the problem at hand and differs from a
data set to another. Each fixed K value should be evaluated through a set of training-test

evaluations.

An example related to making early classification using lazy learning is the Early

Classification on Time Series (ECTS) approach.

ECTS

[107] is the first work that formally defined the early classification problem. The approach
is motivated by the concept of the so-called Minimum Prediction Length (MPL) used to
extend the 1-Nearest Neighbor (1NN) classification method with the Euclidean distance
to achieve early prediction. Since the 1NN classifiers are lazy, the authors added a
training step to determine the MPLs. Let x7 € R” be a complete time series composed
of T' measurements. Furthermore, let RNN(x7) be the reverse nearest neighbors of xr
meaning the set of training time series that take xr their nearest neighbor. Specifically,
the MLP of x7 is the smallest length k at which the RNN(xy) does not change when
revealing the 7' — k remaining measurements. When a new yet incomplete time series x;
arrives and if its nearest neighbor Xgﬂ has a MLP less than time ¢, x; is classified. This
procedure being too conservative, a hierarchic clustering is used and the MLP of each

time series in the training set is learnt depending on its cluster membership.
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3.1.2 A series of classifiers

The second system that can be used to make predictions on incomplete time series would
train a series of classifiers H = {h; }1<i<7, where each classifier is a function h; induced
out of the training time series trimmed to their ¢ first components. As such, the ¢ first

measurements are considered as explanatory input variables.

A simplest training process would be to independently train the classifiers. Then,
during the prediction phase, when a time series x; arrives at an arbitrary time ¢, the
prediction of its class label is obtained from the classifier h; that was learnt on time

series of length ¢. Figure 3.2 illustrates this process.

€Iy
/\/\/ Ty . classifier bLemammee—e—o -1

1?{

unavailable unknown

data label -
classifier

hr

Figure 3.2: Early prediction is made using a series of classifiers trained over sub-spaces
of time series with different lengths.

This approach is simple and permits to handle directly incomplete time series without
the need to impute missing values. However, it may show some limits in practice when
time series are of high dimensions, since the number of classifiers increases exponentially

as the dimension of time series increases.

Another alternative to reduce the number of considered classifiers consists in using
sliding window methods that construct a set of window classifiers {hyx}1<k<k, with
w X 1 is the length of the first time window. w X 2 is the length of the second window,
etc. In this setting, K classifiers are build (instead of T classifiers, where K < T') where
each covers time series of different lengths (having the same start point). Specifically,

each window classifier h,,«; maps an input time series of length w X k into its class label
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y. A new incoming time series x; is classified by the window classifier that covers the ¢

time series components.

Discussion

The obvious advantage of these methods is that they permit any conventional classifica-
tion algorithm to be applied. In that, incomplete time series of any length ¢ are handled
directly since a series of classifiers are build at each time step. Examples of methods us-
ing a series of classifiers for making early predictions are [32], [72], [55]. Although these
methods can be implemented in practice and give adequate performances, they can be-
come rapidly intractable when the dimension of time series are very high. Furthermore,
if there are correlations among the data, they will not be captured when assuming the

independence hypothesis.

3.2 Imputation-based systems

In this thesis, we consider that during the prediction process, time series measurements
are sequentially occurring. As such, the yet unobserved measurements can be considered
as missing values occurring at the end of the incoming time series. However, if one waits

long enough, measurements will become available.

Conventional classification algorithms are not designed to directly handle incomplete
time series, even less incrementally received time series. Faced with this issue, missing
data are commonly resolved by estimating and filling in the missing values through ap-
plying different imputation techniques including single, multiple imputation, regression
and forecasting imputation methods (see [69, 80] for well-structured surveys on missing

data imputation techniques).

Globally, these methods try to impute the missing values then make a prediction on
the class label of the imputed time series. In this case, a two stage system is performed:
(i) first, a prediction model would be learnt using the complete training time series, then
it would be used to estimate the missing values in the incoming time series. Once the
incoming time series is imputed, (ii) a classifier that was also learnt over the complete
training time series is used to predict the class label of the imputed time series (see Figure
3.3).

Other methods try to handle incomplete time series and make a prediction by lever-
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Figure 3.3: The class label of an incoming time series x; is predicted after imputing the
missing values in x;. Two-stage process is performed: (i) first a predictor is learnt over
the training complete time series with the objective of estimating the missing values, then
(ii) a classifier is also learnt over the training complete time series, to be subsequently
applied on the imputed time series.

aging information from the training data that contain complete time series, without
explicitly imputing the missing values. In this case, during the learning phase, the classi-
fier should arrange to map incomplete time series to their class labels based on complete

time series.

In the following, we examine the most prominent imputation techniques and divide
them, as discussed above, into two categories depending on whether or not they explicitly

use the complete information contained in the complete training time series.

3.2.1 Explicit imputation

This category includes the methods that explicitly use the complete information con-
tained in the training data set in order to complete the missing measurements before

predicting the label of the imputed time series. The problem of missing data imputa-
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tion is a broad topic, but according to the proportion and the type of the missing data,

different solutions can be used. The most common used methods are:

e Single imputation techniques: they commonly impute the missing values with
fixed values such as zeros, (conditional) mean values, the Last Observation Carried
Forward (LOCF) and many others [5]. Using such a technique over time series
may be inefficient due, for example, to ignoring the inherent uncertainty in the im-
puted values which can result strong correlation and often lead to biased parameter

estimation (e.g. the estimation of the variance).

e Forecasting-based imputation techniques: they are commonly divided into
two families: deterministic or stochastic predictions. Deterministic approaches
assume that time series data are generated by an unknown function and the ob-
jective is to identify the most appropriate function that better fits the data. Once
the function is fit, it can be used to estimate the missing values. Examples include
Least Squares Approximation |5, 21, 52|, Maximum Likelihood (ML) algorithm
[45], etc. Stochastic forecasting approaches use generally Box-Jenkins’ Autoregres-
sive Integrated Moving Average (ARIMA) models [19] to find the best fit of the
data and then estimate the missing values. These methods may involve unsubstan-
tiated hypotheses of the underlying distribution and often have high computational

complexity.

e Machine Learning imputation techniques: include the K-Nearest Neighbors
algorithm [104], a variant of the SVM algorithm [95] and many others, see [90].
Generally, linear regression is used for numeric time series. Its advantage is that
it uses the training data to fit the predictive function, however this commonly

overestimates the correlations and underestimates the variances.

e Multiple imputation techniques: developed mainly by [87], they can remedy
the above mentioned disadvantages. They replace each missing value by two or
more values which introduce random variations into the imputation process. The
result is two or more data sets, each with different imputed values. Then, each data
set is analyzed using the same desired method. The analyzes are then combined in
order to reflect the additional variability and uncertainty due to the missing data.
Although multiple imputation techniques have the advantage of being consistent
and asymptotically efficient, they also have the disadvantage of requiring consider-
able data processing and calculation of estimates provided some assumptions are

met. This may not be convenient for online decision making problems.
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In the following paragraph, we give examples using explicit imputation techniques

for making early predictions.

Examples of forecasting-based early classification approaches

As an example of classifying with incomplete time series, the approach in [6, 78| proposes
an incomplete decision rule that imputes the distribution over the missing values in order
to make a prediction on the class label given the available time series measurements. In
this approach, a complete time series is modeled as a random variable whose distribution
is dependent on the current incomplete time series and the training data. In order to
make this approach tractable, the authors propose to explore only a subspace restricted
to a small number of measures of the input space, instead of the whole space that con-
tains all the possible continuations of x;. Furthermore, compared to the use of standard
imputation techniques with the aim to solve a classification task, this approach similarly
tries to estimate the distribution of the data given an incomplete time series in order to

efficiently predict its class label.

A second example is [28] where the idea is to combine functional prediction with prob-
abilistic functional classification in order to predict the daily traffic low from partially
observed trajectories. Daily traffic flow trajectories are represented as a realization of a
mixture of stochastic processes. First, the K-centers functional clustering (k-CFC) [29]
method is used to identify distinct daily traffic and organize them into different groups.
Then, given a partial daily traffic, forecasting the missing part is performed based on

trajectories in the nearest group.

Discussion

First, we recall that the explicit imputation process should be done online with each
new observed measurement. The objective is to complete the incoming time series so
that, the conventional classifier that was learnt using complete time series will be used
to predict the class label of the imputed time series.

Using explicit imputation techniques for predicting the missing values is a natural
and straightforward strategy to complete the incoming time series in order to predict its
label using conventional classification approaches. However, the task of predicting the

missing values becomes problematic mainly because of the following reasons:

e When the considered time series are of high dimensions (i.e. the training time series

are composed of a large number of measurements) and only few measurements are
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observed, predicting the missing values (which are consecutive) becomes a source
of errors due to the accumulated estimation errors when using single imputation

and regression techniques.

e Using the multiple imputation approach may be possible and yield better results

if there is no time constraints.

3.2.2 Implicit imputation

The second category of imputation-based approaches includes methods that implicitly
leverage the information included in complete data to predict the class label of an in-
coming incomplete time series.

To better present this strategy, we give examples of how implicit imputation is used

for making early predictions.

Clustering-based approach

The idea is to identify meaningful subsets of complete time series and try to leverage
the complete information contained in these subsets for predicting the class label of the
incoming yet incomplete time series. This approach is performed in three steps as shown

in Figure 3.4:

1. Complete training time series {(x%,y’)}1<i<m are clustered into K meaningful

subsets {C }1<k<x using a clustering technique,

2. Then, the most similar cluster is determined using an appropriate distance or sim-
ilarity measure dy, where dj, = dist(xy,Cg) is the distance between the incoming
time series x; and the average time series ¢; = (c1,co,...,cr) representing each
cluster (here ¢y, is the average time series of the cluster C, it could be the centroid
of each cluster, the median, etc.). The distance between x; and ¢ is computed

using a distance between the first ¢ components of the two series.

3. Finally, the new incoming time series x; is classified by a majority vote of time
series that belong to the nearest cluster. x; is thus assigned to the most common

class in the nearest cluster.

This approach is conceptually close to the KNN-based approach discussed earlier.

The resemblance lies in the crucial role that play distances and similarity measures for
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Figure 3.4: The clustering-based approach is performed in three steps: (a) identify mean-
ingful subsets of complete time series in the training set: C. (b) Find the most similar
cluster using an appropriate distance or similarity measure di, where dj = dist(x¢,Ck)
is the distance between the incoming time series x; and the complete time series repre-
senting the cluster Cy (here ¢ is the average time series of the cluster Cy). (c) x; is
assigned to the most common class (in this example, class +1) in the most near cluster
(here C1) by a majority vote of time series among the same cluster.

identifying the nearest time series and thus assign the incoming time series to the most
common class decided by the nearest time series. However, while the clustering-based
approach makes a selection of time series among the training data set depending on the
incoming time series in order to leverage their possible continuations, which implicitly
permits to impute the incomplete time series and then predict its label, the KNN does

not use complete information contained in the training data.

Closely related examples for early classification methods using these techniques in-
clude the Early Classification on Time Series (ECTS) approach [107] and the Early Fault
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Classification (EFC) method [20] using distances to guide early classifications.

EFC

The Case-based Reasoning method for fault detection [20] proposed to perform as early as
possible failure diagnosis of a simulated dynamic system in a laboratory plant. The aim
of failure diagnosis is to detect faults of interest and their causes quickly enough to avoid
the failure of the overall system. The faults are described by time series. A K-nearest
neighbors method (KNN) is applied as a retrieving algorithm using different distances
such as the Euclidean distance, the Dynamic Time Warping (DTW) [14] distance and
Manhattan distance, in order to label an incoming time series x; based on a set of similar

cases.

Discussion

In this category, the imputation of missing values in the incoming time series is implicitly
done through leveraging the complete information contained in the nearest time series
or the nearest cluster (i.e. in term of distance). The quality of the prediction mainly
depends on the ability of the used distance or similarity measure to identify meaningful
subset(s) of time series where there is inherent information about the common class label
(see the example illustrated in Figure 3.4).

Furthermore, in such setting, the learning is generally lazy and multiple choices have
to be set such as the clustering algorithm to use, the distance or similarity measure, the

number of clusters to consider, etc.

3.3 Representation-based systems

When missing values are occurring in the incoming time series during the predictive phase
(here, we recall that the missing values are consecutive, and concern unobserved mea-
surements that will be available after some time steps), a time series x;, where t < T (T
is the length of complete time series in the training set), is considered incomplete without
taking into account the domain in which it is represented. However, if one changes its

representation, the time series may become complete.
Indeed, the definition of the incompleteness of time series is closely dependent on

the domain in which it is represented. For instance, if raw time series are incomplete in

the time domain, they can become complete (under some conditions) in the frequency
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domain (see Definition 3.3.1). In such a setting, a key property of the representation

method to use is to be invariant against the length of the time series in the time domain.

Definition 3.3.1 In our context, we define a representation method that is invariant
with respect to the length of a time series x; € R in the time domain, as a function,
denoted by p(x;) € RE | that maps x; to its representation &(x¢), such that, Vt, K remains

constant.

According to Definition 3.3.1, we consider that, in some situations where some con-
ditions are met, the incomplete time series in the time domain can become complete in

another domain through the function ¢.

Such a transformation function may imply two types of imprecision: (i) the first
imprecision is due to the incompleteness of the data, and (ii) the second imprecision
concerns the changing from one domain to another. Both imprecision resources are
indiscernible when attempting to recover the original time series. In the following, we

examine each imprecision resource.

Imprecision due to the incompleteness of the data

Let x7 be a time series of length T" and x; be the same time series trimmed to its ¢ first
measurements where t < T
Let ¢ : Rt — RE_ Wt < T, be a representation function:

if p(x7) € RE and ¢(x;) € RE, then | ¢(x7) — ¢(x¢) |> 0.

From this, we would refer to that the incompleteness of the time series x; may lead

to some imprecision(s) when applying the transformation ¢(-).

Imprecision due to changing the domain

Changing the representation of time series from one domain to another commonly leads
to information loss (even if the time series are complete in the temporal domain). Indeed,
when the original data can not be reconstructed perfectly, there was certainly a loss of
information during conversion (e.g. aliasing, leakage).

The choice of the representation is crucial since the obtained data should remain as
informative as possible in order to be useful in practice.

Numerous time series representation methods have been suggested in the literature

(see Section 2.4). Among these representations we are interested only in the ones that
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respect Definition 3.3.1.

In the following, we suggest to examine two strategies that permit to circumvent the
incompleteness of the incoming time series by changing its domain in order to make a
prediction on its class label. We illustrate the first strategy by giving the example of the
frequency transformation technique. The second strategy is conceptually similar to the
frequency transformation but provides a richer data decomposition which results in an

adaptive and data-driven dictionary.

3.3.1 Frequency transformation

In this example, the representation of a time series x; is changed into its representation
in the frequency domain using the Discrete Fourier Transform (DFT) [23].

When using the DFT, the time series x7r which is composed of discrete data points
over time, is decomposed into a sum of sine terms of different frequencies, each of which
represents a frequency component.

DFT thus maps x7 = (1, ...,27) to T coefficients ¢, . .. ,cl[T7 where each coefficient

cf is defined as:
T
ol = Zsz%k (3.2)
i=1

where Wy = exp =927/,
The Discrete Fourier Transform of x7p is defined as the sequence of its Fourier coeffi-
cients cf :
DFT(x7) = (¢} (x7),...,ck(x7)) (3.3)

If the reconstruction of xr is not affected when certain coefficients are ignored, one
can truncate its DFT sequence, retaining only a limited number K' of the relevant

coefficients:
DFTk(xr) = (cf(xT), .. ,cf;(XT» (3.4)

Now, when a new incomplete time series x; arrives, its Discrete Fourier Transform is

determined and then truncated, retaining only its K first coefficients.

DFTy(x¢) = (e (%), ..., ch(xy)) (3.5)

!The number K of retained coefficients can be easily determined from the training data set.
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Once the incoming time series and the training data set are transformed through
the same policy, any conventional classification algorithm, learnt over the transformed

training time series, can be thus applied to predict the class label of the DF Tk (x¢).

Discussion

This example of frequency transformation clearly shows that it is possible to extract
rather complete information from incomplete time series when some conditions are met.

It should be pointed out, that such transformation does not directly lead to trans-
formed data of a same length, some pre-processing step should be achieved. For example,
the truncation of the DFT sequence of a time series can be done retaining only K co-
efficients. This parameter should be carefully estimated from the training data to avoid

loss of information.

3.3.2 Dictionary-based systems

Considering all measurements of time series (including sometimes noise and aberrant
ones), in a classification task, may not always be the best way to make accurate pre-
dictions. Instead, extracting relevant and valuable features' that are effective for the
classification problem can considerably increase the predictive performances [110]. The
set of these extracted features that manifest the target class labels in the training set is
commonly known as a dictionary. In this context, early predictions can be achieved by
exploiting such a dictionary. Figure 3.5 describes this idea.

Dictionary-based approaches go along these following steps:

e In the learning phase, a dictionary of features which are characterizing as much as
possible the target classes is built. One of the key principles of dictionary learning

is that the dictionary has to be inferred from the training data.

e In the predictive phase, when a match (e.g. based on a distance) between a dic-
tionary feature and a sub-sequence in the new incoming time series x; is found, x;

can be labeled before all measurements are available.

Examples of early classification methods using the so-called dictionary based learning
are [108] and [48]. In these approaches, the elements of the dictionary are called shapelets.
A shapelet as introduced in [109] represents a portion/sub-sequence of a time series

characterizing the target class label. Specifically, a shapelet is defined by a triplet f =

1We define a feature as a sub-sequence that characterizes the target class label in a time series.
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Figure 3.5: The dictionary-based approach is performed in two steps: (a) a dictionary
of features manifesting the class labels in time series is inferred from the training data
set, (b) when a new time series x; arrives, its distances from the dictionary elements are
computed. Early prediction is made when a (strong) match is found between a feature
from the dictionary and x;.

(s,8,y) where s is a distinctive! sub-sequence or feature, a distance threshold & allows
measuring the closeness/similarity of sub-sequences to s and the class y.

In the training phase, a set of shapelets is extracted and their associated distance
thresholds are learned. In the prediction phase, a new incoming time series x; is labeled

when a match with a shapelet is found.

Discussion

This category of approaches may be useful only in some domains where the time series
data have typical shapes that are common for a specific class label. For example, in
medical informatics, some diseases are rapidly identified thanks to abnormalities included
in a patient signal since it has a typical behavior. However, when time series are very
volatile and no distinctive features representing each class, such as in power load or
financial market data, there will be no interest in applying dictionary-based algorithms.

Moreover, building the dictionary and making a prediction on the class label of an
incoming time series that involves all of the dictionary elements may be computationally

very expensive.

LA shapelet is considered distinctive if all time series matching f have a high probability to belong
to class y.
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Summary

In this chapter, the main focus was on the problem of how one can instantiate early
classifiers so that they will be able to make predictions on the class labels of incomplete
time series.

We proposed a categorization of the possible strategies for early classifier implemen-
tations. While some systems were designed to impute the missing data before making
a prediction, other systems have managed to directly adapt with incomplete data. We
provided a list of strategies depending on explicit or implicit use of the complete infor-
mation contained in the training data and propose to change the representation of time
series. This list is non-exhaustive but it gives valuable insights into incomplete time
series classification issue.

In our context, the implementation of early classifiers is not the crux task for making
early predictions. We have shown that for labeling incomplete time series, conventional
classification systems can hence be used after some pre-processing steps. From this, only
one of the presented strategies will be used later in this thesis.

In the following chapter, we review the state-of-the-art of early classification methods

with a focus on online decision making issue.
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Chapter 4

Time series early classification:

Online decision making

Introduction

The emergence of the early classification of time series problem is manifestly a recent
trend that is built each year and is being developed gradually mainly due to the growth
of its scope and the increasing need to make early predictions. This is confirmed by
numerous references in the literature where the problem is narrowly defined as a problem

of classification with confidence from incomplete time series.

In Chapter 2, we have defined the problem as a problem of online decision making

and identified two tasks for making early classifications on time series:

1. the first task concerns the implementation of early classifiers so that they will be
able to make predictions on the class labels of incomplete time series. In Chapter
3, we have suggested a number of different strategies to endow classifiers with the

ability to label incomplete time series.

2. the second task pertains on when to decide online on the optimal time for making

a prediction.

In this chapter, our focus is on the second requirement. To make online decisions, we
argue that early classification systems should be explicitly endowed with a decision func-
tion that decides when enough information has been gathered to make a reliable decision.
We suggest thus to examine state-of-the-art early classification methods according to the

early classification framework we presented in Chapter 2, and, repeated below:
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Algorithm 1 Time series early classification framework.

Input:

e An incomplete time series x; with 1 <t < T}

o H={hi}ieqr,.. 1} : R" — Y, aset of predictive functions h; learned from the training
set;

e 1; € R, a new incoming real measurement;

e Trigger : Rt xhy — Bt € {1,...,T},B € {True, False}, a boolean decision function
that decides whether it is time or not to output the prediction h:(x:) on the class of
Xt;

X < I

t<+—0

while (=Trigger(x, h:)) do /* wait for an additional measurement */
x; +— Concat(xy, x1) /* a new measurement is added at the end of x; */
t«—t+1
if (Trigger(xs, ht) ||t =T) then

1y — hy (Xt) /* predict the class of x¢ and exit the loop */

end if

: end while

From the above presented framework, one can see that the Jrigger function plays a

crux role for making an optimal prediction when the decision should be made online.

In the rest of this chapter, we review the main early classification approaches sug-

gested in the literature and critically examine them according to the Jrigger function

they propose.

4.1 Jrigger function: State-of-the-art and discussion

In this state-of-the-art, seminal works and closely related core works for the early classi-

fication of time series problem are critically examined according to the flowing require-

ments:

e The Trigger function (see Algorithm 2), that decides when to stop measuring

additional information and output a prediction,

e The optimization of the time vs quality trade-off which guaranties to find the

optimal balance between the earliness and the quality of the prediction,

e The adaptability with respect to the incoming time series x;. An early classifica-

tion approach is considered adaptive when it takes into account x; in the decision
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making process,

e The non-myopia characteristic: a non-myopic algorithm in our context does not
only decide if the current instant is the optimal time to make a decision, but it also
estimates when the optimal time is likely to happen. In words, even it is decided
to delay the prediction, the algorithm is able to provide an estimate of when the

optimal prediction time is likely to occur.

Indeed, when making early predictions, there must be a procedure that controls the
time (here, it is called Trigger) so that it is able to stop measuring additional informa-
tion and output a prediction. Otherwise, there will be no control of the earliness of the
prediction and results would be obtained once all information are gathered. In a way, this
function reflects how one considers the balance between the time and the quality of the
prediction. In fact, when fixing either one, the earliness or the quality, the optimization
of the trade-off becomes limited either on optimizing the earliness at the expense of the
quality of the prediction or vice versa. Although, generally, the aim is to simultaneously

optimize both objectives.

In addition to involve the earliness and the quality of the prediction in the decision
making process, it is highly desirable to make adaptive and non-myopic decisions. Adapt-
ability ensures that the optimal time of decision depends on the incoming time series.
The property of making non-myopic decisions offers valuable opportunities compared to
myopic sequential decisions. For instance, when the prediction is about the breakdown
of an equipment or about the possible failure of an organ in a patient, this forecast ca-
pacity allows one to make preparations for thwarting as best as possible the breakdown

or failure, rather than reacting in haste at the last moment.

These are goals we would like to achieve when suggesting a new approach for making
early classifications. Bearing this in mind, we first start by examining state-of-the-art
early classification methods according to these requirements. In the following paragraphs,

the most prominent methods are presented chronologically.

4.1.1 BIBL (2004)

In 2004, Rodriguez and Alonso [84] were the first to bring up the problem of making early
classification (although it was not the main objective of the problem they addressed, but

a natural finding).
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The principal goal of the Boosting Interval-Based Literals (BIBL) [84] method was
to design a system able to classify time series of variable lengths. Consequently, an
interesting result is obtained which is the capacity to label partial sequences.

In this approach, each time series is divided into a number of time intervals where
each is described by a literal': (i) relative literals that describe the trend of the time series
such as increases or stays, and (ii) region literals that consider the presence of the time
series over some intervals such as always or sometimes. Each literal is considered as a base
(weak) classifier that is able to output a weight associated to each class. The ensemble
of base classifiers, using Adaboost [40] technique, was exploited to make predictions on
available measurements which are prefixes of the complete time series. Since the classifier
is a linear combination of literals, when suffixes of the complete time series are missing
and their weights are set to zero. In this way, when a new time series x; comes, it is

assigned to the class label with the greater weight after computing weights for each class.

Discussion

e Jrigger function: There is no explicit function that decides when to stop mea-
suring additional information and make a decision. The only condition is when,
at least, all measurements in the first interval that enables constructing one literal
are available. This condition is required in order to obtain a result. The other
literals whose intervals are still unavailable are simply omitted from the ensemble

classifiers.

e Optimization of the time vs quality trade-off: Although this approach has
introduced the concept of early classification and served as a baseline method, it
does not address how to find the optimal time to make a reliable prediction on
incomplete time series. Hence, this approach does not optimize the earliness and

does not guarantee the quality of the prediction.

e Adaptability: The fact that time intervals are described by literals and thus sum-
marized (which often entails information loss) makes it harder to provide adaptive

predictions with respect to the incoming time series.

e Myopia: The decision making process is considered myopic since there is no pro-

cedure able to estimate the optimal time for making a prediction in the future.

When discussing the (formal) language of propositional logic, a literal can be referred to as a basic
statement or sentence which is a type of syntactic formula that outputs true or false. For example,
increases(Observation, Variable, Beginning, End, Value) is a literal that outputs true if the difference
between the values of the Variable for End and Beginning is greater or equal than Value.
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BIBL [84] only focuses on making predictions based on incomplete time series without
addressing the issue of estimating the optimal time for making a reliable prediction. In
that, the trade-off between the time and the quality of prediction is not optimized. As it
1s, BIBL only satisfies the first requirement which is the ability to label incomplete time

series, and does not respect the second requirement for making online early predictions.

4.1.2 EFC (2006)

So soon after, Bregon et al. |20] (in collaboration with Rodriguez and Alonso [84]) have
suggested a method for early classification of faults (EFC) in a dynamic system based
on a Case-Based Reasoning! (CBR) algorithm. A case base is composed of time series
measured by sensors and describing a fault which is their associated class label. The
advantage of using a CBR method is twofold. First, when new cases are available, they
can be added to the training set without the need to update the classifier. Second, CBR
methods are able to predict the class labels of time series of different lengths, without
the need to build a classifier for each length.

In this approach, a K-Nearest-Neighbors (KNN) method is used together with three
different similarity measures: the Euclidean distance, the Manhattan distance and the
Dynamic Time Warping distance (DTW). Then, when a fault is detected, its label should
be predicted before a user-specified time threshold is met (this corresponds to the maxi-
mum time allowed to identify a fault). The experimental study on simulated data showed
that the most important increase, regarding the KNN (K is ranged from [1,3,5]) accu-
racy, occurs when going through thirty percent to fifty percent of the complete time series

length.

Discussion

e Jrigger function: The Trigger function outputs true when a match (based on
distances) is found between the incoming time series and the training time se-
ries. Otherwise, the prediction is postponed until a user-specified time threshold is

achieved.

e Optimization of the time vs quality trade-off: This work tends to consider

only the earliness of the prediction at the expense of the quality of the prediction.

n contrast to the eager machine learning algorithms which try to construct a general function out
of the training observations, Case-Based-Reasoning (CBR) is considered as a lazy learning algorithm
that is limited to store the training observations and map the descriptions of the retrieved similar cases
to the target problem. The CBR method is a general case of the Instance-Based learning methods.
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e Adaptability: This approach is adaptive since the prediction is made based on the

majority class label associated to the most similar cases given an incoming fault.

e Myopia: The decision making process is myopic in this approach since at each
time step, the system decides to make a prediction if a match is found, or to delay

the prediction for the next time step.

In this particular application, the earliness is obtained thanks to measuring the simi-
larity between faults that have typical shapes in a factory system. In addition, the space
of all possible faults is finite which leads to easily perform early predictions. However,
this does not necessarily guarantee reliable predictions when similar shaped time series

correspond to different faults.

4.1.3 TCF (2006)

Another example showing the need to make early predictions is in traffic detection for
network security and traffic engineering. In [13], a technique for Traffic Classification
on the Fly (TCF) is suggested. The goal in this approach is to identify the application
associated with a traffic flow as early as possible in order to detect intrusion or malicious
attacks, forbidden or new applications, etc. A flow describing a specific application is
composed of N packets'. Since mining the data in each flow packet is manifestly not
feasible (because of the privacy issues, complex encryption techniques, the high speed
of links and transfer, the high storage and computational complexities, etc.), a flow is
represented by the sizes of its first P packets (where P is a specified parameter). The
TCF method is performed in two steps: the offline and the online. In the offline step, a
clustering using the K-means algorithm together with the Euclidean distance is performed
to construct clusters containing each similar applications. Then, each cluster is analyzed
to identify the set of the applications with which it is composed. In the online step, when
a new flow is being acquired, P packets should be gathered before making any prediction.
Later, when the P packets are received, the incoming flow is represented by the sizes of
its P packets and is assigned to the most near cluster (the cluster giving the minimum
distance of its centroid against the incoming flow). Finally, a flow is labeled with the

application that is the most common in the cluster.

n traffic flow, network flow or packet switching networks, a packet is the unit of data that is sent
from a particular source to a particular destination on the Internet. The Transmission Control Protocol
(TCP) layer of TCP/IP is in charge of dividing the message (e.g. a file) to be sent into chunks. Over
each chunk, a numbered packet is built including the Internet addresses of the source and destination in
addition to information about the connection settings)
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Discussion

e Jrigger function: The prediction is triggered once P packets of the incoming flow

are received. In other words, when a user-specified time threshold is achieved.

e Optimization of the time vs quality trade-off: the empirical study conducted
in this work, showed that an application is accurately identified by observing only
the five first packets of a flow. However, this does not guarantee and generalize by

no means the reliability of the prediction.

e Adaptability: This approach is not adaptive since the number of packets is fixed
the same for all applications. Furthermore, it still looks odd to represent the flows
by the sizes of its packets although it is understandable that data of packets are

not accessible (mainly because confidentiality).

e Myopia: An incoming flow is immediately associated to an application once the
required number of packets is met. This makes the decision process myopic since,
at each time step, the prediction is postponed without no knowledge about the

time one should wait before making a prediction.

In the TCF approach [51], the main objective is to predict the label of an incoming
yet incomplete traffic flow. The proposed approach allows one to make early, but not
reliable predictions. In fact, the authors use the number of packets to describe the data
which may be not an appropriate representation of the traffic flow. In addition, there is
no insight of how the shortest number of packets is determined in order to obtain reliable

predictions.

4.1.4 SCR/GSDT (2008)

Until the work of Xing et al. [106], the early classification problem has not been explicitly
defined. Instead, heuristics have been used to label the incoming yet incomplete time
series by fixing either the time or the quality of the prediction without putting forward
that there is two contradictory objectives. In [106], Xing et al. are the first to define the
early classification problem as the challenge of finding the best compromise between the
accuracy and the time of the prediction. This is accomplished by predicting the label of
incomplete sequences as early as possible while maintaining an expected accuracy. Here,

early classification is applied over temporal symbolic sequences.
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Two methods are suggested to make early predictions: a Sequential Classification
Rule (SCR) method and a Generalized Sequential Decision Tree (GSDT) method. Based
on a set of features extracted from the training data set, association rules and decision
trees are built. Afterwards, when a sequence s; is arriving, a search in all branches and
against all rules is conducted until a match' is found. Thereafter, s; is immediately

labeled once the expected accuracy is achieved.

Discussion

e Jrigger function: The prediction is triggered once a user expected accuracy is

achieved.

e Optimization of the time vs quality trade-off: This work represents a worth-
while contribution for the early classification problem since it is the first to define
the problem as a trade-off between the time and the quality of the prediction.
However, early prediction is conditioned on a user expected accuracy even though
feature selection step may emphasizes the need to find early and distinctive fea-
tures. Globally, it is visible that there is an effort to consider both time and
accuracy when deciding. But this still tends to consider only the quality of the
prediction and is just as unconcerned with the question of optimizing the time vs

quality of the prediction trade-off.

e Adaptability: The two suggested approaches provide adaptive predictions since
the incoming sequence s; is paired off with all rules (respectively a search in all

branches) before making a prediction.

e Myopia: The decision making is myopic since an imminent decision is made once

a user-specified accuracy threshold is met.

In this work, the authors mainly focused on providing efficient and interpretable fea-
tures selection for early classification of temporal symbolic sequences. The proposed ap-
proaches do not address the issue of finding the optimal trade-off between the time and
quality of prediction. Rather, they make a myopic decision when a user-specified accuracy
threshold is achieved. Conditioning achieving early prediction by setting a user accuracy
parameter may reduces this trade-off to a single objective which consists on controlling

the quality of the prediction regardless earliest is the decision or not. In other words, the

'Particularly, an incoming sequence s; is considered to match a sequential classification rule R if the
features in s; appear in the same order as in R.
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obtained time to make a decision is not optimized which does not guarantee the earliness

of predictions when a user accuracy is expected.

4.1.5 ECTS (2009)

So soon after the introduction and the attempt to define the early classification problem
and since symbolic approaches in [106] were not appropriate for numeric time series, Xing
et al. [107] suggested a new method called Early Classification on Time Series (ECTS).
In this approach, the so-called Minimum Prediction Length (MPL) is introduced, and
is estimated using a 1-nearest neighbor (1-NN) classifier. Specifically, the MPL is the
smallest length of an incoming time series for which i) its nearest neighbors remain the
same after acquiring new measurements and ii) the quality of the prediction remains the

same as that obtained with full length time series.

Furthermore, as the nearest neighbors approaches are lazy, the authors added a train-
ing step to determine the MPLs. A hierarchic clustering is performed, then the MPLs
are computed for each time series according to their cluster membership.

The idea is to explore the stability of the relationship between the nearest neighbors
explored in the complete space (the space of complete time series) and the nearest neigh-
bors formed in the subspace containing the incoming time series x;. Once both stability
and a user expected accuracy are achieved, x; is labeled based on the majority class in

the nearest cluster.

Discussion

e Jrigger function: The Trigger function is activated depending on the estimation
of the earliest time at which the prediction hy(x;) is equal to the one that would
been made if the complete time series xr was known. This is done by using the

nearest training time series.

e Optimization of the time vs quality trade-off: There is no formal optimization
of the trade-off between the earliness and the quality of the prediction. The optimal

time for making a prediction is strongly based on finding the nearest neighbor(s).

e Adaptability: The decision made given x; is specific to x; since it is specific to

the cluster containing x;.

e Myopia: The decision making process is myopic in this approach.
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The ECTS approach does not automatically optimize the early classification trade-off,
but, it determines the optimal time for classifying an incoming time series based on the
MLP(s) of the nearest neighbor(s).

4.1.6 EDSC (2011)

Aware of how important this issue is, Xing et al. continue to take the lead in bringing
forward new solutions to the early classification problem.

They suggested the Early Distinctive Shapelet Classification (EDSC) [108] method in
order to provide efficient and interpretable features selection to guide early classification.
They consider that some locally distinctive features that exclusively represent a subset of
time series in one class (defined as shapelets) may be important to make early prediction
besides their interpretability. In the training step, EDSC extracts a set of shapelets
{fi=1(s,0,y), i€ {1,N}} and learns their associated distance thresholds  (see Section
3.3.2 for a detailed description of the shapelet). Then, it ranks all the shapelets in utility
considering both their earliness and accuracy and takes those of the highest utilities that
cover all the training data set. In the prediction step, an incoming time series x; is
labeled when a match with a shapelet is found. x; is considered to match a shapelet f if
d(s,x¢) < 9, where d is the distance between the shapelet sequence s and the incoming
time series X;.

Besides, it is noteworthy that such approach is only valuable in some domains where
time series have typical shapes which are common for one class such as in medical and
health informatics. Yet, when time series are very volatile and there is no distinctive

features representing each class, there is no interest in applying such a method.

Discussion

e Jrigger function: The Trigger function outputs true when the incoming time

series x; matches a shapelet f = (s,9,y).

e Optimization of the time vs quality trade-off: There is no optimization of
the earliness vs quality trade-off. Th optimal time for making a prediction is based
on finding a match with a shapelet. This strongly relies on the definition of the

training shapelets and the used distance.

e Adaptability: This approach is semi-adaptive because of the consideration of the
incoming time series in the decision making, but at the same time it is heavily

dependent on the used distance. Otherwise, the distances thresholds which are
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specific for each shapelet control the degree of adaptability. For instance, a large
distance threshold § may make the same match with a shapelet f for totally two

different sequences.

e Myopia: at each time step, the system decides either to make or to postpone the

prediction. This makes the decision making process myopic in the EDSC approach.

The EDSC approach does not explicitly optimize the trade-off between the earliness
and the accuracy of the prediction. Furthermore, it myopically decides at each time step

to make a prediction or to wait for an additional measurement.

4.1.7 CCII (2012)

Different from previously presented works, a method based on probabailistic forcasting is
suggested in [6, 78] for Classifying with Confidence from Incomplete Information (CCII).

In this approach, the early classification task is considered as a classification from
incomplete data. Besides, the objective is to make reliable prediction.

The concept of the reliability stands for that the probability of assigning a label to
a given incomplete data would be the same as the one of assigning a label to a given
complete data. Therefore, the idea is to label incomplete data only when a user reliability
threshold is met.

This is achieved by suggesting an incomplete decision rule able to label an incomplete
time series x; by imputing a distribution over the missing data conditioned on the in-
coming time series x; and the training data. Here, the complete time series are modeled
as random variables whose distributions are dependent to the incoming yet incomplete
time series and assumed to be i.i.d with the training data set. Based on these distribu-
tions, the reliability bound on the classifier’s prediction is estimated at each time step.
Thereafter, an incoming time series x; is labeled when the estimated reliability exceeds
a specified threshold.

Discussion

e Jrigger function: The Trigger function outputs true when, with a probability
at least equal to a user specified threshold, the assigned label obtained using the
incomplete time series will match the one that would be assigned using the complete

time series.

e Optimization of the time vs quality trade-off: In this approach, there is

no explicit penalty for predicting too late. Indeed, the authors focus on making
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reliable prediction instead of searching a good balance between the earliness and

the quality of the prediction.

e Adaptability: The estimation of the reliability bound conditioned on the incoming

time series makes this approach adaptive.

e Myopia: The prediction is made when a reliability-specified threshold is achieved.
This condition needs to be tested at each time step rendering the decision making

process myopic in this approach.

In this work, the authors propose a probabilistic forecasting approach in order to maz-
imize the reliability of the prediction: the probability that the early prediction using in-
complete time series leads to the same classification result as the classification of the
complete time series. This approach does not take the earliness explicitly into account. It
wmstead evaluates the reliability of the current prediction in order to make a decision. In
addition, this procedure is myopic in that it does not look further than the current time

to decide if it a prediction should be made.

4.1.8 ECRO (2013)

The objective of ensemble methods is to combine the decisions of individual (weak)
classifiers in order to obtain better predictive performances than could be obtained from
any of the individual classifiers. In the context of early classification, the idea is the
following: for a given incoming time series x;, an ensemble of independent classifiers
which are trained on the same time intervals', estimate the class label of x;.

The agreement of the classifiers about the prediction given x; is then translated into a
confidence value whereby a decision can be made (see Figure 4.1). In this case, an agree-
ment rule should be finely defined in order to make reliable predictions (e.g. weighting

the classifiers and assign greater weights to those which err the least).

The proposed approach [55] (ECRO) is a particular case of the general description
we gave above, since: i) the number of the classifiers over each interval is fixed to 2
and ii) the agreement rule considers that the classifiers agree to make a decision if they
output the same label. For instance, each classifier makes a decision about the label of

x; based on the t observed measurements in the first time interval. If both classifiers

'The training time series are divided into k time intervals. A set of classifiers are trained indepen-
dently on each interval. For instance, n classifiers are trained over the first interval. Then, n’ classifiers
which are independent from the first ones are trained over the second interval, etc.
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Figure 4.1: The incoming time series x; is labeled once the ensemble classifiers are in
agreement. The function Hy(x;) could be a weighted sum of the individual classifiers
outputs. It could correspond also to the function of the best classifier (the one that gives
correct predictions most often).

are enough confident about their predictions (if they output the same label'), x; is then
labeled, otherwise the task is passed to the two next classifiers with new available time
interval. This idea of triggering or postponing the prediction at each step is close to the
notion of the reject option [30] where a user-specific threshold should be tuned in order

to reject/accept a label.

Discussion

e Jrigger function: The Trigger function outputs true if the classifiers confirm
their agreement on the output label. The agreement function outputs a confidence

score whereby a decision could be made.

e Optimization of the time vs quality trade-off: This approach does not ex-
plicitly take into account the earliness when making a decision. It does not trade

off between the earliness and the quality of prediction.

e Adaptability: In this approach, the incoming time series x; is taken into account
when making a decision. This is done through the classifiers predictions which are

specific for the given input .

!The drawback in this approach is that when the classes are imbalanced in a classification task,
it may happen that the classifiers tend to output the majority class with a high accuracy when few
measurements are observed.
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e Myopia: When an agreement of the classifiers about the label of x; is met, x; is
labeled. This condition is tested at each time step making the decision procedure

myopic.

The interesting property in this method is that without requiring a user expected ac-
curacy, the classifiers are able to stop acquiring additional information and provide early
predictions. However, on the other hand, there is no penalty for reporting the rejection
which in turn shows that there is no explicit consideration of the time in the decision
making process. Furthermore, the voting procedure considered in this approach may bring

wmnto question the reliability of the prediction when the classes are imbalanced.

4.1.9 MEDSC-U (2014)

Recently, a Modified EDSC with Uncertainty estimates (MEDSC-U) method has been
suggested. MEDSC-U extends the Early Distinctive Shapelet Classification (EDSC)
method [108] to estimate the temporal uncertainty associated with the early prediction
while yielding interpretable results. In this approach, it is highlighted that the concept
of confidence is relevant when making early classification because incomplete information

often entail some uncertainty.

By contrast with EDSC that stops measuring additional information and labels an
incoming time series x; when a match is found against a shapelet f, MEDSC-U relies
instead on the estimation of uncertainty for each class at each time step to decide when
to stop or postpone the prediction. Thus, an incoming time series x; is labeled, at each
time step, with the class that has the minimum uncertainty at that time. The prediction

is triggered once a user-specified uncertainty threshold is met.

Discussion

e Jrigger function: The Trigger function outputs true when the system is confident
enough about the prediction it provides. The confidence threshold is a user-specified

parameter.

e Optimization of the time vs quality trade-off: There is no optimization of
the trade-off between the time and the quality of the prediction. The requirement
of uncertainty constraint may even tend to delay the time of the prediction against
the EDSC method [108].
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e Adaptability: This approach is adaptive since the distances measured against all

the shapelets and the uncertainty measure involve the incoming time series x;.

e Myopia: When a user-specified confidence threshold is met, a prediction is imme-

diately made without looking further than the current time to make a decision.

In this work, the authors provide an estimation of the temporal uncertainty associated
with the decision. FEarly results are obtained by evaluating the estimated uncertainty
against a user-specified confidence threshold. From this, there is no optimization of the
time vs quality trade-off. Instead, depending on the requirements on uncertainty, the

earliness of prediction is not explicitly taken into account when making a decision.

4.1.10 Other related works

Beyond these seminal works, other approaches have been suggested for handling the
early classification problem. These methods are doubtlessly interesting regarding the
raised problems (e.g. the use of shapelets is relevant in making early predictions in
the realm of biomedical data), but do not bring any hypothetical solution or definition
for the early classification problem. Rather, they addressed the problem under other
constraints. For example, in [46, 47, 49], the focus is on making early classification on
multivariate numeric time series. Commonly, the idea of these methods consists in ex-
tracting multivariate shapelets from all dimensions of the time series. Afterwards, these
latter are used together with distance thresholds and utility scores to make early predic-
tions. In [59], a new boosting algorithm based on weight propagation and the standard
exponential loss technique is suggested for handling the multi-class early classification
problem. Dainotti et al. [34], interested in the early classification of network traffic, they
applied ensemble classifiers to improve the prediction accuracy through experimenting
a multiple strategies for combining the classifiers. He et al. [56] raised the problem of
making early classification on imbalanced multivariate time series. They suggested to
use a set of classifiers over multiple subsets. These subsets are obtained after applying an
under-sampling [66] method over the imbalanced training data set. Lin et al. [68] are in-
terested in making reliable early classification on multivariate time series with numerical
and categorical attributes. Their early prediction method being based on shapelets, they
mainly focused on designing a technique for feature extraction based on the concept of
equivalence classes mining. In [7], Antonucci et al. leverage the potency of the so-called

credal classifiers', and imprecise Hidden Markov models (iHMMs) [70] to perform early

!The notion of credal classifier relays on the new idea of classification based on the possibility to
suspend the prediction. Credal classifiers are different from the traditional classifiers with a rejection
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classification.

4.2 Discussion

Properties Methods/References
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[84] [20] [13] [106] [107] [108] [78] [55] [48]

Trigger function X v v v v v v o v v
trade-off optimization X X X X X X X X X
Adaptability X v X v v v v v Y
Decision making myopia | X X X X X X X X X

Table 4.1: Properties of early classification of time series methods. This list of methods
is non exhaustive and shows only methods discussed in the state-of-the-art presented in
Section 4.1.

Table 4.1 summarizes the above discussed early classification methods according to
the different properties. To the best of our knowledge, there is not yet any early classifi-

cation method that succeeds to simultaneously provide these four requirements.

Globally, it is remarkable that even if the earliness of the decision is mentioned as
a motivation in the main state-of-the-art works, the decision procedures themselves do
not take it explicitly into account. They instead evaluate the confidence or reliability
of the current prediction(s) in order to decide if the time is ripe for prediction, or if it
seems better to wait one more time step. In addition, the procedures are myopic in that

they do not look further than the current time to decide if it a prediction should be made.

Another important aspect when making online decisions is when delaying the decision

is costly. Indeed, information can be gained by waiting for more evidences to arrive, thus

option that decide to suspend the prediction according to a threshold, more details can be found in [112].
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helping to make better decisions that incur lower misclassification costs, but, meanwhile,
the cost associated with delaying the decision generally increases, rendering the deci-
sion less attractive. Early classification requires then to solve an optimization problem

combining two types of competing costs:

e the gain of information that incurs lower misclassification costs that can be expected

if one delays the decision,
e the raising cost of such a delay

While it is straightforward to involve costs associated to delaying decisions, which
is a crucial factor in many applications, most of the early classification methods do not
explicitly take it into account. Instead, they focus on making reliable prediction from

incomplete time series.

Summary

In this bibliographical chapter, we have discussed the main state-of-the-art early classi-
fication methods according to four requirements: (i) the Trigger function that decides
when to output a prediction, (ii) the optimization criterion that balances the quality vs
earliness trade-off (iii) the adaptability to data by taking into account the incoming time

series, and finally, (iv) the non-myopic characteristic.

A conclusion one can draw on the basis of this study is that there is no early clas-
sification method that efficiently optimizes the quality vs earliness trade-off. Rather,
most systems balance the quality vs the earliness trade-off by either thresholding one of
the two objectives or making some conditions on the prediction triggering such as the

confidence on the prediction.

In this thesis, we suggest a novel early classification method that defines the prob-
lem as a cost-sensitive decision making problem. Our method optimizes the quality vs
earliness trade-off by combining two types of costs: (i) the cost of misclassification that
controls the quality of the prediction, and (ii) the cost of delaying the decision which
controls the earliness of the prediction. We present our new formalization in Chapter 5
followed by two meta-learning mechanisms that achieve adaptive and non-myopic deci-
sions. The robustness of these two approaches is tested on multiple synthetic and real
data sets in Chapter 5. We finally conclude our main contributions and present future

research directions in Chapter 7.
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Chapter 5

Time series early classification:
Cost-sensitive online decision

making

Introduction

In the previous chapter, we have discussed the main state-of-the-art early classification
approaches, and concluded that the proposed decision procedures in those approaches
do not explicitly take into account the cost of delaying the decision and do not optimize

the trade-off between the gain of information and the cost it is needed to perform it.

However, in some situations, where it is essential to make timely decision in absence of
complete knowledge, we argue that, as soon as decision making processes are constrained
by time, the cost of delaying the decision seems to be intuitively a crucial factor that
should be accounted for in decision making procedures. In this setting, we suggest that
making early predictions requires to solve an optimization problem combining two types

of competing costs:

1. the gain of information that can be expected if one delays the decision yielding

lower misclassification costs, and

2. the raising cost of such a delay.

From this, our objective is to make optimal decisions while meeting time and quality

constraints during the prediction process. Our idea is thus to formalize the problem
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of early classification of time series as a cost-sensitive online decision making problem
involving the two costs: (i) the misclassification cost that is better if one delays the de-

cision, and (ii) the cost of such a delay which is better if decision is made quickly.

As major contribution, we suggest a new optimization criterion that considers both
aspects of early predictions, and, furthermore, it allows one to estimate, and update if
necessary, the future optimal time step for making a decision. This new online decision
strategy provides a base for a new general formalization of the problem, called ECON-
OMY standing for Early Classification for Optimized and NOn-MY opic online decision

making.

The originality of our work is threefold. First, an optimization criterion that auto-
matically balances the expected gain in the classification cost in the future with the cost
of delaying the decision. Second, this criterion leads to two meta-algorithms that are
adaptive, in that, the properties of the incoming time series are taken into account to
decide what is the optimal time to make a prediction. And third, in contrast to the usual
sequential decision making techniques, the algorithms presented are non-myopic. In ef-
fect, at each time step, they compute what is the optimal expected time for a decision
in the future, and it is only if this expected time is the current time that a decision is
made. A myopic procedure would only look at the current situation and decide whether

it is time to stop asking for more data and make a decision or not.

This chapter is organized as follows. Section 5.1 presents closely related works on
cost-sensitive online decision problems. In Section 5.2, we present ECONOMY, a new for-
malization criterion for making optimal and cost-sensitive classifications from incomplete
time series. The following sections then describe two meta-algorithms that implement
the generic criterion: ECONOMY-K (Section 5.4) is based on a clustering step. A more
elaborated method, ECONOMY-v, is detailed in Section 5.5. The detailed experimental
study is reported in Chapter 6.

5.1 State-of-the-art

The trade-off between the gain of information that is expected to incur lower misclas-
sification costs, and the decision delaying cost is a classical optimization problem that
has been known for decades and has historical roots in fields such as sequential decision

making, optimal statistical decisions, cost-sensitive learning, time constrained sequential
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decision making, etc., but numerous new applications in medicine, electric grid manage-
ment, automatic transportation, and so on, give a new impetus to research works in this

area.

5.1.1 Sequential decision making

In many scenarios involving sequential decision making and optimal statistical decisions
[12, 36], one technique especially has gained a wide exposition: Wald’s Sequential Prob-
ability Ratio Test [102]. The task is to classify a sequence of measurements x! into one

of two possible classes —1 or +1. The likelihood ratio:

P((;U’l,,:n@ ly=—1)
P({zf, ...,z [y =+1)

is computed and compared with two thresholds set according to the required error of

Ry =

the first kind « (false positive error) and error of the second kind 3 (false negative error).
One difficulty lies in the estimation of the conditional probabilities P({z%, ..., x%) | y).
And, furthermore, there is no explicit reference to the cost of delaying the decision in the

choice of a and S.

Another core of related works on online decision making problem is classification
under resource constraints. These resource constraints are different depending on the

application domain and strongly impact the decision making procedure.

5.1.2 Classification under resource constraints

In many application domains, including medical diagnosis, I'T security, surveillance, etc.,
the decision making process is often constrained by some resources such as small avail-
able memory sizes, restricted budgets or low response time. For example, in medical
applications, the cost of additional tests per patient should not exceed some initially
fixed budget. In such a situation, the goal is to make a decision that maximizes the

performance of the prediction subject to budget constraints.

Particularly, in the extensive literature on the problem of classification under bud-
get constraints, different strategies have been proposed. In works such as [22, 26, 100]
the data acquisition costs are incorporated into the decision process through detection
cascades, a well known technique in object detection framework for computation cost

reduction. The average total cost is reduced because cheap (resp. rapidly accessible)
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information are used at first and more costly (resp. slowly) information are used in later

stages.

The fundamental difference between the literature on classification under budget con-
straints and early classification of time series is the order considered when acquiring the
data and the optimization of the global cost across time. Typical research works proposed
for sequential classification under budget constraints have the possibility to order the in-
put data as a part of the optimization task. This commonly brings a crucial enhancement
of the prediction quality while reducing the average cost, as it allows to reasonably use
resources. However, in our context, early classification of time series is constrained by

an ordered set of measurements and timely decision making.

In this work, we seek to make optimal decisions while meeting time and quality
constraints during the prediction process. To do so, we propose to formalize the problem

of early classification of time series as a cost-sensitive online decision making problem.

5.2 New formalization of the problem

As motivated before, it is crucial to explicitly take into account the cost associated with
delaying the decision which is an essential requirement for decision making in real world

system applications.

The question is then to learn a decision procedure in order to determine the earliest
time t* at which a new incoming time series xy+ = (x1,x2,...,24) can be optimally
labeled. To do so, we associate a cost with the prediction quality of the decision procedure

and a cost with the time step when the prediction is finally made:

e We assume that a misclassification cost function Ci(gly) : Y xY — R is

given, providing the cost at time t of predicting § when the true class is y.

e Each time step ¢ is associated with a real valued time cost function C(t) which
is non decreasing over time, which means that it is always more costly to wait for
making a prediction. Note that, in contrast to most other approaches, this function
can be different from a linear one, reflecting the peculiarities of the domain. For
instance, if the task is to decide if an electrical power plant must be started or not,

the waiting cost rises sharply as the last possible time approaches.
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We can now define a cost function f associated with the decision problem.

Foxe) = > Plylxe) Y Plily, x:) Ce(dly) + C(1) (5.1)

yeY geY

This equation corresponds to the expectation of the cost of misclassification after ¢
measurenents have been made, added to the cost of having delaying the decision until

time t. The optimal time t* for the decision problem is then defined as :

t* = ArgMin f(x) (5.2)
te{l,...,T'}

However, this formulation of the decision problem requires that one be able to com-
pute the conditional probabilities P(y|x;) and P(y|y,x:). The first one is unknown,
otherwise there would be no learning problem in the first place. The second one is
associated with a given classifier, and is equally difficult to estimate.

Short of being able to estimate these terms, one can fall back on the expectation of

the cost for any time series (hence the function now denoted f(t)):

Ft) = Y _Py) > P(ily) Celdly) + C(t) (5.3)

yeY J€eY

From the training set 8, it is indeed easy to compute the a priori probabilities P(y)
and the conditional probabilities P(g|y) which are nothing else than the confusion matrix
associated with the considered classifier. One gets then the optimal time for prediction
as:

t* = ArgMin f(t)
te{1,...,T}

This can be computed before any new incoming time series, and, indeed, t* is in-
dependent on the input time series. Of course, this is intuitively unsatisfactory as one
could feel, regarding a new time series, very confident (resp. not confident) in his/her
prediction way before (resp. after) the prescribed time ¢*. If such is the case, it seems

foolish to make the prediction exactly at time t*.

Now, based on the general formulation defined in Equation 5.1, that we call ECON-
OMY, standing for Early Classification for Optimized and NOn-MY opic online deci-

sion making', our objectives in the next sections are to extend ECONOMY in order to

1t is called such because it gives the ground to obtain computable algorithms that give online,
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make online, adaptive and non-myopic decisions.

In the following, we start by presenting our methodology to achieve these objectives.
Then, we propose two different methods that extend the global formulation ECONOMY
following the proposed methodology.

5.3 Our methodology

The general formalization, proposed in Section 5.2, makes it possible to express the

expected cost of a decision after ¢ time steps as shown in Equation 5.1, repeated below:

foee) = D Plylxe) Y P(3ly,xe) Celilly) + C(t)

yeY yeY

However, this formulation of the problem does not readily yield a method for finding,
online, the optimal decision time. First, it would require to compute all the decision costs
until time T before knowing what is ¢*, clearly defeating the purpose of the approach.
Second, the terms P(y|x;) and P(g|y,x;) are difficult to estimate on a single time series.

This requires that some generalization over the space of possible time series takes place.

To overcome the difficulties of computing P(y|x¢) and P(g|y,x¢), our idea is to cap-
ture typical evolutions in the complete training time series using some technique account-
ing for the incoming time series. To do so, we first propose to (i) segment the complete
training time series into coherent groups that we note {Gj }1<r<x. Based on these groups,
the idea is to substitute the term P(g|y,x;) by the computable term P(g|y, Gx) and add
another term to take into account the incoming time series x;. Then, (ii) based on this
information, it is possible to define a cost function that should be able to estimate the

expected cost for each future time step given the incoming yet incomplete time series.

5.3.1 Segmentation

The idea behind segmenting the complete time series is to leverage the complete infor-
mation and the different behaviors identified in the training data set to make adaptive
estimate of the future costs given an incoming time series x;.

Specifically, the complete training time series should be segmented into coherent groups
{Gk}i1<k<k using a specific segmentation method. These groups will be used later to

compute the terms P(g|y, Gi) which are simply confusion matrices computed over each

adaptive and non-myopic decisions.
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group. However, the construction of these groups should obey two constraints as well as

possible:
1. Different groups should correspond to different confusion matrices.
2. Groups should contain similar time series, and be dissimilar to other groups.

In constraint (1), a confusion matrix P(y|y, Gk) is computed over time series in a group
G using an already learned classifier. The confusion matrices computed over each group
should be different as much as possible in order to discriminate the cost between groups.
To achieve this, the objective is to form different groups that are different as much as
possible. In words, the segmentation should help to achieve a supervised task.

In constraint (2), similar time series, grouped using a specific similarity function, should
belong to the same group and should be different from time series in other groups. This
way, an incoming time series will generally be assigned markedly to one of the groups. As
such, the segmentation should help to make the cost function adapted to the incoming

time series.

5.3.2 Estimate the expected costs for future time steps

The second idea we propose in order to overcome the necessity to compute f(x;) for all
t€{1,...,T} is to compute in advance, at time ¢, the expected costs of decision for all
future time steps. This is possible through computing confusion matrices P;(y|y, Gx) on
each group Gy and at each time step ¢, then estimating a membership between an in-

coming time series x; and each group, which provides information about potential futures.

Specifically, given that, at time ¢, T — ¢ data points are still missing in the incoming

time series Xy, it is possible to compute the expected cost of classifying x; at each future
time step 7 € {0,...,T —t}.
Now, assume that there is a function f, that estimates the expected cost for each of the
remaining 7 time steps using the complete information obtained based on the formed
groups. This allows one to forecast the optimal horizon t* for the classification of the
input time series x;:

t* =t+ ArgMin f-(x¢) (5.4)
7€{0,...,.T—t}

Of course, these expected costs given by fr(x;), where 7 € {0,...,T — t} and the

estimated optimal horizon t* = t + 7%, where 7 = ArgMin ¢ 7_4 fr(x¢), can be

73



5. TIME SERIES EARLY CLASSIFICATION: COST-SENSITIVE
ONLINE DECISION MAKING

unknown label

N Xt 9
unavailable measurements
t P
j'r {xt- )
T T—t

Figure 5.1: The first curve represents an incoming time series x;. The second curve
represents the expected cost fr(x;) given x¢, V7 € {0,...,T —t}. It shows the balance
between the gain in the expected precision of the prediction and the cost of waiting
before deciding. The minimum of this trade-off is expected to occur at time t + 7*. New
measurements can modify the curve of the expected cost and the estimated 7.

re-evaluated when a new measurement is made on the incoming time series. Figure 5.1

illustrates this idea.

5.3.3 Decision policy

Our decision policy is defined as the following. At any time step t, if the optimal horizon
7 = 0 and for any 7 > 0, fr(x¢) > fo(x¢), then the sequential decision process stops
and a prediction is made about the class of the input time series x; using the classifier
he: § = he(x¢) (here, a set of classifiers H = {h }1<i<7 are used where each classifier hy
is trained over the training time series trimmed to their first ¢ components. Other type
of classifiers conceived to predict the class of time series of any length can be used).

Other decision policies can be used such as a less stronger version of the rule we pro-
pose for deciding about the optimal time. For instance, in some situations, there may
be a very small cost difference € > 0 between two minima that can be distant in time,
fo(xt) = fr«(x¢) + €. In such a situation, earlier decisions can be made at the expense
of small reasonable loss of precision in the cost estimation. Figure 5.2 better illustrates

this situation.
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Globally, the decision policy is closely related to the application domain and is gen-

erally fixed by an expert.

Returning to the general framework outlined for the early classification problem in

Section 2.7.3, the proposed function that triggers a prediction for the incoming time

series is given in Algorithm 4:

Algorithm 4 Proposed Trigger(xy, hy) function.

Input:

e x;, t €{1,...,T}, an incoming time series;

: Trigger «— false

: for all 7 € {0,..., T —t} do
compute f;(x;)

: end for

7= ArgMin  f(x¢)
7€{0,...., T—t}

OU s WY

D
.
=
o)
*

Il
=
[
=

[¢]

=

. Jrigger «— true
8: end if

/* see Equation 5.5%/

The proposed algorithm is very simple.

Observing an incoming time series x; =

(x1,...,2¢), the expected cost fr(x;) is estimated for each future time step 7 € {0,...7T—

t}. If the estimated optimal decision time 7% = 0, the procedure stops and a prediction

hi(x¢) on the class label of x; is made. Otherwise, the algorithm waits for an additional

measurement x;yq, unless t =1T.

5.3.4 Extending ECONOMY

In order to implement our ideas, we propose two different approaches for solving the

general formalization ECONOMY following the methodology presented above.

1. First, we present an intuitively alluring approach called ECONOMY-K. This

approach aims at defining the terms of the cost function f. using a segmentation

based on a clustering technique.

2. The second approach called ECONOMY -~ aims also at defining f;. It is more
direct and more informed compared to ECONOMY-K because it also uses the

information about the class labels when segmenting the complete time series. In

addition it involves only one user-parameter.
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Figure 5.2: An illustrative example of different possible shapes of the estimated costs
(impacted by the gain of information and the cost of delaying the decision). In case (a),
the cost decreases until 7* since the gain of information incurs lower misclassification
costs that compensate the increasing delaying cost. After 7%, the increasing delaying
cost takes the lead. In case (b), the cost estimation is strongly impacted by a highly
increasing delaying cost which leads to an immediate decision, often, at the current time.
However, in case (c¢), the decision is not constrained by a high delaying cost which makes
the system tends to wait longer before making a decision, often waiting the last possible
time. In case (d), when there is a small cost difference between two distant minima, it is
desirable to make an earlier decision.
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Before detailing each of the two approaches, we show an example that illustrates an
experimental result in order to give insight of the difference between both approaches.

The example in Figure 5.3, illustrated using the synthetic data set (described in
detail in Chapter 6), shows the difference in term of the segmentation results between
both approaches. We observe that, under the same conditions, the composition of a
group of time series obtained by the segmentation used in the ECONOMY-K widely
differs from the one obtained by the segmentation used in the ECONOMY-vy approach.
Specifically, in Figure 5.3(b), ECONOMY-K uses the K-means clustering technique and
the Euclidean distance. Time series are then segmented according to their similarity in
shape so that each group contains similar time series and is different from other groups.
By contrast, in Figure 5.3(c), ECONOMY-v uses the information about the class labels
to make the segmentation. In this case, time series in each group have different shapes
but are described by the same class.

In the following sections, we describe in details each of the proposed approaches.

5.4 ECONOMY-K: Clustering-based early classification ap-

proach

5.4.1 Framework

The goal is to estimate the conditional probability P(g|y,x¢) in Equation 5.1, by taking
into account the incoming time series x;, in order to determine the optimal time ¢*.

In this approach, the idea is to identify a set C = {cx}1<x<x of K clusters of time
series using a training set so that an (incomplete) input time series x; = (x1,...,x;) can
have a membership probability assigned to each of these clusters: P(cx|x;), and therefore
will be recognized as more or less close to each of the prototype time series corresponding
to the clusters.

Then, one can compute the confusion matrices P;(y|y, ¢x) associated to each cluster
¢ and each time step t.

The set C = {cx}1<k<i of clusters should obey two constraints as well as possible.

1. Different clusters should correspond to different confusion matrices. Otherwise,

Equation 5.1 will not be able to discriminate the cost between clusters.

2. Clusters should contain similar time series, and be dissimilar to each other, so that

an incoming time series will generally be assigned markedly to one of the clusters.
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This approach which is called ECONOMY-K is performed into two steps: (i) in the
first step, a segmentation of the training time series is achieved through a clustering
technique, and (ii) in the second step, the optimal time for making a decision online is

estimated following our conceptual methodology described in Section 5.3.

5.4.2 Learning step

During the learning step, the aim is to segment the complete training time series and to
compute the confusion matrices P;(9|y, ¢x) conditionally to each cluster c.

To segment the complete training time series, any clustering technique can be used.
Assume that a set € = {cxhi<k<r of K clusters is formed using a specific clustering
technique and is satisfying the conditions presented above.

Then, for each time step ¢ and each cluster ¢; (the cluster ¢; is containing n time
series x&n = (x%,...,2k), i € {1,...,n}, meaning that clusters are built using complete
time series), a classifier h; (already being trained using the training time series trimmed
to their ¢ first components) is used to estimate its associated confusion matrix P;(g|y, cx).
Note that any supervised learning technique can be used to obtain these classifiers.

In the procedure described above, two choices are made:

1. The first is when performing the clustering directly over complete time series (see
Figure 5.4). However, alternatively, one can perform the clustering at each time
step t. This gives K x T different clusters instead of only K clusters if the clustering
is done only at time T (Note that the number of clusters may vary from a time
step to another, but here for simplicity of notation, we assume that a fixed number
of clusters are constructed at each time step ¢). From this, it is remarkable that
the total number of clusters may grow up rapidly when the length of time series
are very large. Moreover, clusters built at times ¢ < 71" may include incomplete
information and therefore do not bring novelty for enhancing the prediction. For
these reasons, we choose to build K clusters, in all, over complete time series in
order to (i) avoid the explosion in the number of clusters when time series are
of high dimension, and (ii) ensure maximum information by using complete time

series.

2. The second is when only one classifier h; is learnt at once for all clusters at time
step t. Certainly, it is possible that when learning a classifier h,’f for each cluster
ck. (if the clustering is performed at each time step) or ¢ (if the clustering is
performed on complete time series at time T'), there will be an enhancement of

the prediction performances since each classifier is learnt on a specific group of
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similar/coherent elements. However, on a numerical level, such setting would cause
an exponential explosion in the number of classifiers and handling the problem

become computationally intractable.

An approach derived from our work [33]| has been proposed by Tavenard and Ma-
linowski [96]. In it, the idea is to remove the clustering step, and all its attendant
parameters and choices, by considering each training time series as one cluster. The
downside of this approach is its much increased complexity, while it is not obvious that

gains in performances are obtained.

Therefore, for the seek of simplicity and caring about making a tractable and effective
solution, only K clusters are formed, in all, using the complete training time series, and
one classifier h; is learnt at each time step ¢ over the training time series trimmed to
their ¢ first components. Note that clustering the complete time series and learning the
classifier h; are either achieved using a cross-validation procedure if the training set is of

small length, or performed over disjoint sets after splitting the training set.

5.4.3 Estimation of the expected cost function f-

When a new input time series x; of length ¢ is considered, it is compared to each cluster
¢ (of complete time series) and is given a probability membership P(cx|x;) for each of
them as will be detailed in Section 5.4.4. In a way, this compares the input time series

to all families of its possible continuations.

Now, given that, at time ¢, T'— ¢ measurements are still missing on the incoming time
series, it is possible to compute the expected costs f-(x;) of classifying x; at each future
time step 7 € {0,...,T — t}, using the set of clusters C = {cx}1<p<k.

The expected cost function f, used in the ECONOMY-K approach can then be
defined as:

o) = 3 Plerlx) 32 Plyler) S Par(ily. o) Claly) + Clt+7) (55)

c,€C yeY yeY

and the optimal decision time for classifying x; is:

t* = t+ ArgMin fr(x;)
7€{0,...,.T—t}
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Perhaps not apparent at first, this equation expresses two remarkable properties.
First, it is computable, which was not the case of Equation 5.1. Indeed, the terms
P(c|x:) and P(y|ck) can now be estimated through frequencies observed in the training
data (see Figure 5.4), and the terms Py, (y|y, cx) are computed in advance as described
in the learning step. Second, the cost depends on the incoming time series because of the
use of the probability memberships P(cx|x;). It is therefore not computed beforehand,

once for all.

5.4.4 Implementation of ECONOMY-K

In order to implement the ECONOMY-K proposed approach, choices have to be made

about:
1. The type of used classifiers .

2. The clustering method, which includes the technique, the distance used, and the

number of clusters that are looked for.
3. The method for computing the membership probabilities P(cg|x;).

In this thesis, we have chosen to use simple, direct, techniques to implement each of
the choices above, so as to clearly single out the properties of the approach through "base-

line results". Better results can certainly be obtained with more sophisticated techniques.

Accordingly, (1) we have chosen to use Multi-layer Perceptrons' with one hidden layer
of [t+ 2/2] neurons and Naive Bayes classifiers. Then, in order to be able to classify
time series of any length ¢, 1 < t < T, where T is the length of the complete time
series in the training set, we have chosen to use T binary classifiers, each being learnt
over the training time series trimmed to their ¢ first measurements (see Section 3.1.2,
for a detailed description of this method). Other methods that are able to deal with
input dimension of any length can be used. (2) The clustering over complete time series
is performed using K-means with the Euclidean distance. The number K, of clusters
varying for each of the target classes y = —1 and y = +1 corresponds to the maximum
silhouettes factor [86]. (3) The membership probabilities P(cx|x;) are computed using
the following equation:

Sk 1

where s, = ———+ 5.6
Si g 1 + exp= A2k (5.6)

Pleklxt) =

Tmplemented in WEKA toolkit.
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The constant A used in the sigmoid function sy is empirically learned from the train-
ing set, while Ay = (D —d},)/D is the normalized difference between the average of the
distances between x; and all the clusters, and the distance between x; and the cluster
¢- The distance between an incomplete incoming time series x; = (x1,...,2¢) and a
complete one X; = (z1,...,x7) is done here using the Euclidean distance between the
first ¢ components of the two series. Again, other methods for computing the membership

probabilities P(cg|x;) can be used.

The ECONOMY-K approach can be described by two algorithms. One for the learn-
ing phase (see Algorithm 5), and one for making decision (see Algorithm 6).

Algorithm 5 Learning algorithm for early classification of time series
Input:

e A training set 8 of m labeled time series (x4, 3") € RT xY (1 <i<m);

e A validation set 8’ of m’ labeled time series (x}.,y7) € RT x Y (1 < j < m')

1: for t € {min,..., T} do
. Use a learning algorithm that takes as input 8 and returns a function h; : Rt — Y
3: end for

4: Use a clustering algorithm that takes as input 8’ and returns a set € = {¢1,...,cx },
where each ¢, is a cluster of similar time series.

for ke {1,...K} do
for t € {min,..., T} do
Compute the confusion matrix P (§|y, ¢x) using h: on the cluster cg.
end for

end for

5.4.5 Computational complexity

The computational complexity of ECONOMY-K depends on the sequential implemen-

tation presented in Algorithms 5 and 6 where the main operations include:

1. Training a set of binary classifiers 3 = {h¢ }min<t<7' on m time series of length T

in the training set 8.

'In the text we often note that ¢ is ranging between [1, T] for simplicity. However, it should be noted
that in practice min <t < T because below min measurements, the classifiers are not effective.
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Algorithm 6 Prediction algorithm for early classification of time series
Input:

e An incomplete time series x; with 1 <t <T

e Aset C={cy,...,cx} of clusters.

1: for ke {l,...,K} do

2:  Compute the membership probability P(cx|x;)

3: end for

4: for 7 €{0,...,T—t} do

5:  Compute the expected cost fr(x:) using Equation (5.5)
6: end for

7: return t* =t+ ArgMin f;(x)

7€{0,..., T—t}

2. Applying a clustering algorithm on m’ time series of length T in the validation set
8.

3. Estimating the confusion matrix on each cluster ¢, € € at each time step ¢.

4. Computing the membership probability P(cg|x;) of a time series x; to each cluster
¢, where 1 < k < K.

5. Estimating the cost function f;(x;) given a new incoming time series X;.

In the following, since the computational complexity of ECONOMY-K depends on the
type of the used classifier and the used clustering algorithm, we give both (A) the com-
plexity in absolute terms!, and (B) the complexity implied by choices we have made.

Let L be the complexity implied by learning any type of classifier. Let P be the com-
plexity of applying this learned classifier on a single time series. Let C be the complexity
of applying a clustering algorithm. And finally, let d be the complexity of the similarity

measure used in computing the membership of a time series to a given cluster.

e Step (1): Complexity of learning T classifiers. In our case, we have chosen to use
T classifiers of the same type where each is learned at each time step ¢t over m time

series trimmed to their ¢ first components in the training set S.

1We mean by complexity in absolute terms the fact the complexity is computed regardless the specific
choices that can be made about the type of classifiers, the type of the clustering algorithm, the similarity
measure used in the clustering algorithm, the membership function between a time series and a cluster
of time series, etc.
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— (A): the complexity of learning T classifiers of any type is O(T" x L).

— (B): in our case, we have chosen to use Multilayer Perceptron as a classifier
implying a complexity of order L ~ O(m x T'), T here appears because it
refers to the number of data points in the time series that are considered as
variables in the input of a MLP. The complexity of learning T" MLPs is then
O(m x T?).

e Step (2): Complexity of applying a clustering algorithm over the validation set
8.

— (A): the complexity of a clustering algorithm of any type is O(C).

— (B): in our case, we have chosen to use the K-means clustering algorithm
that implies a complexity of order O(m’' x K x T') where m’ is the number
of the time series in the validation set 8’, K is the number of clusters and
T is length of each time series. Here, T appears since we use the Euclidean
distance that computes the distances between each pair of data points in the

considered time series of length 7.

e Step (3): Complexity of computing confusion matrices. The confusion matrices
are estimated at each time step t over each cluster ¢;. This needs to apply a learned

classifier over time series in each cluster ¢; at each time step ¢.
— (A): the complexity of applying T learned classifiers over the K clusters is of
order O(m/ x T x P).
— (B): in case of applying the learned MLPs over the K clusters at each time
step t, the complexity is of order O(m/ x T?).

e Step (4): Complexity of computing the membership function.

— (A): the complexity of computing the membership of a given time series x;
to K clusters is O(K x d) with d is the complexity of the function used to

compute the membership of x; to a cluster c.

— (B): in our case, we have chosen to compute the cluster membership as a
probability P(cx|x:) to belong to each cluster ¢; given a time series of length
t. This entails a complexity of order O(K x T') (see Equation 5.6).

e Step (5): Complexity of computing the expected cost function f;.
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— (A): the complexity of computing the expected cost function f;(x;), where
7 € {0,...,T — t} for a given time series x; (see Equation 5.5) is of order
O(K x d). Computing f. essentially depends on computing the membership
of x; to each of the K clusters and this which makes the approach adaptive.
The other terms of f; are computed in advance before any new time series
arrives. It should be noted that, at worse, the complexity of step (5) can be
of order O(K x d x T') when the algorithm waits until the last time to make

a prediction.

— (B): the complexity of computing f; is, at worse, of order O(K x T?).

e Overall complexity of ECONOMY-K: We give, here, the overall complexity
of ECONOMY-K in absolute terms and depending on our choices.

— (A): the overall complexity of ECONOMY-K is O(TL+ C+m/TP + KdT)

— (B): the complexity of computing ECONOMY-K depending on the specific
choices we have made is O(mT? + m'KT + m/T? + KT?) ~ O(mT?), since
we consider that m ~ m’ and K << m/, the number of clusters K is usually

much lower than the number of time series m’ in the validation set &'.

It is clear that the obtained complexity of computing ECONOMY-K mainly depends on

our choices that concern:

e The strategy used to predict the class label of a time series of any length
t with 1 <t <T. We have chosen to use a simple and direct approach that uses
T classifiers, each learned at each time step ¢ (see Section 3.1.2). However, this
multiplies T' times the complexity of a classifier. One can avoid this additional
complexity by using only one classifier. As discussed in Chapter 3, using one
classifier can be achieved by imputing the missing values in the incoming time
series, changing the representation of the time series to another time-invariant

representation, etc.

e The type of the classifier. We have chosen to use MLP classifiers where their
complexity depends on the size of the training data set and also the number of the
input variables since we consider each data point in a time series as an explanatory
variable. We can remedy to this by making variable selection, changing time series
representation in order to reduce their dimentionality, choosing an other type of

classifier that implies less computational complexity, etc.
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e The type of the distance used in the clustering algorithm. We have used
the Euclidean distance that computes the distance between each pair of data points
in the considered time series. This, again, depends on the length T of the training

time series and their representation in the temporal domain.

e The membership function. The function that defines the membership of an in-
coming time series to a cluster also depends on the choice of the Euclidean distance

and thus the length T of time series.

These are choices we have made to implement ECONOMY-K leading to O(T?) compu-
tations which can be computationally expensive when T increases. But, this does not
exclude that making other choices to implement ECONOMY-K can imply less compu-

tational complexity.

5.4.6 Discussion

In this section, we proposed the ECONOMY-K approach that (i) uses a clustering tech-
nique to segment the complete training time series and computes in advance confusion
matrices P;(Jly, ¢x) conditionally to each cluster and at each time step, and (ii) defines
a new cost function f; (see Equation 5.5) to optimize the criterion that balances the ex-
pected gain in the classification cost in the future with the cost of delaying the decision.

Adaptive predictions are obtained through using the membership probabilities P(cg|xy).

In this approach, we have sought to determine the baseline properties of our proposed
framework. Thus, we have used simple techniques as: (i) clustering of time series using
the simple K-means algorithm in order to compare the incoming time series to known
shapes from the training set, (ii) a simple formula to estimate the membership probabil-
ity P(ck|x¢), and (iii) not optimized classifiers, here a set of classifiers H = {h¢}i1<i<7

learnt at each time step t.

We are aware that in this setting, it is required that the user makes a set of choices
that may be baffling. First, the choice of a clustering method with all the attending
choices of parameters (e.g. distances, parameters of the method, number of clusters,
etc.). Second the choice of a distance between an incomplete time series x; and a cluster
¢ made of complete time series. And, third, the choice of a membership function in
order to compute P(cg|x¢). All these choices can be tricky to make and can entail non

negligible variations in the results.
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In the following section, while considering the same methodology, i.e. (i) segmentation
of the training time series, and (ii) definition of a new expected cost function f, for all
the future time steps 7 € {0,...,T —t} based on the obtained segments, we introduce a
competing method which avoids the burdens associated with the clustering segmentation
used in ECONOMY-K. In particular, the new method uses a segmentation of the training
set which is much more direct and informed since it uses the information about the class

labels when segmenting. In addition it implies only one user-parameter.

5.5 ECONOMY-v: Confidence-based early classification ap-

proach

5.5.1 Motivation

Aside the difficulties inherent in the use of a clustering method, specially over time series,
there is another aspect that can make the ECONOMY-K approach less than optimal.
Indeed, from Equation 5.5, repeated below:

o) = 3 Plerdx) S PWler) S Prar(ly, o) Claly) + C(t +7)

c,€C y€Y J€Y

it is apparent that the membership of x; to a cluster ¢; is important only insofar that

the associated confusion matrices, given by P;(9|y, c), are different from one cluster to
the other. Otherwise, there is no point in considering P(cx|x:), that is to which clus-
ter belongs the incoming time series. In addition, the conditional probabilities P(y|c)

should be as non uniform as possible.

If one, then, is considering an alternative way of segmenting the set of time series,
it should better lead to confusion matrices that differ as widely as possible from one

category to another. It should also lead to terms alike P(y|c;) as different as possible.

It is not easy to devise directly such a segmentation of the time series, but there
exists an approach that naturally favors these properties. This approach is based on two

substantial ideas:

1. The first idea consists in changing the representation of time series in a validation
set 8'. The particularity of such a representation is that it also takes into account

the information about the classes of time series. This is specially advantageous for
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making a segmentation that differentiates classes of time series. To achieve such
a segmentation, we use the output predictions {gt(Xé)}lgig‘g/‘ of a probabilistic
model g; (learned on time series in the training setS) to change the representation
of time series, then, the segmentation is done on recoded sequences representing
the times series. Compared with the segmentation used in ECONOMY-K which
segments only once 8 into K clusters of complete time series, the new approach,
we propose here, segments 8’ into N groups at time step ¢t with 1 < ¢ < T. This

results different sets of N groups at each time step t.

2. The second idea is to use Markov chains to represent dependencies between succes-
sive observations of recoded sequences over time. This, somehow, leads this new

approach to make adaptive predictions with respect to a new incoming time series.

In the following sections, we develop in details these ideas and deploy them to achieve
our objectives of: (i) forming different groups in order to obtain confusion matrices that
are different as much as possible and (ii) define a cost function f. that is able to give

online, adaptive and non-myopic decisions.

5.5.2 Framework

We recall our goal which is to overcome the difficulties of computing the conditional

probabilities P(y|x;) and P(g|y,x;) in Equation 5.1, repeated below:

Foee) = D Plylxe) Y P(3ly,xe) Celilly) + C(t)

yeY €Y

In this section, while following our proposed methodology presented in Section 5.3

(used also in the ECONOMY-K approach), we propose a competing approach called
ECONOMY-v (as will be detailed later, «y refers to confidence intervals or states of the
considered Markov chain).

This new approach proposes an intelligent and natural segmentation of the training
time series through the use of a Markov chain that captures both typical evolutions of
the training time series and possible continuations of any incomplete time series. In
addition to capturing all of this relevant information, the states in the Markov chain
should be meaningful in order to better capture the transition from one state to another.

ECONOMY-7 is performed in two major steps:

1. During the learning phase, (i) Markov chains are specified and their states are

carefully determined in order to capture typical evolutions of the training time
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series and provide information about the possible continuations of the incoming
incomplete time series x;, then (ii) the segmentation of the training time series is
achieved not directly on values of time series but on their recoded sequence obtained
using the considered Markov chain. The result is a set of segments having different

prediction behaviors as detected by the Markov chain.

2. Estimating the terms of the cost function f; in order to determine the optimal time
t.
5.5.3 Learning step

In this work, the process we describe by a Markov chain is the evolution of time series over
time. We will detail in the next section how evolutions of time series are not described
by their discrete values but by their predictions estimated by a decision function at each

time step .

5.5.3.1 Specifying the Markov chain

We first start by describing the specific configuration used to construct our Markov chain

(see Figure 5.5):

o A set of N states (1,2,...,N) are decided upon at each time step ¢, where 1 < ¢ <
T.

e The states at time step t are not connected to each other. The process starts in
one of the states decided at time ¢ and moves to one of the states decided at time
t+ 1.

e If the processisin state u, 1 < u < N, at time ¢, it moves to the state v, 1 <v < N,
at the next step with a probability denoted by m!,.

e The probability m!, = p(vi+1 = v|y = u) is called a transition probability from
time step t to time step t+ 1 and it only depends on the current state v, = uw. This
defines the first-order Markov hypothesis as:

F et (s - m—1 ) = Ve () (5.7)

where V41 = [p(yi41 = 1), p(Yer1s = NI = [p(ver1 = O <o -
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e A transition matrix M is constructed at each time step ¢ considering all combi-

nations of the states. Each of the matrix rows sums to 1:

1 N
1 [ mi miN
M+ — - ) (5.8)
N m§V1 cee e m§VN

e A Markov chain of order §, with ¢ is finite, defines that the state at time step £+ 1
depends on the past § states as defined by:

7t+1|<’¥1, ces V-1, ’Yt> = 7t+1‘<'7t76+17 s V-1, ’Yt> (5-9)

5.5.3.2 Definition of Markov states

Most binary classifiers, like Neural Networks, Support Vector Machines, Naive Bayes,
decision trees, a.s.0. can easily be made to output a real number g(x;) in the range
[0,1] such that the output of the classifer hi(x;) = —1 if g(x;) < 0.5 and hy(x;) = +1
otherwise (the threshold 0.5 depends on the calibration of the function g¢). The value
g(x¢) can be interpreted as expressing a confidence level in the prediction of the class to
which belongs x;, and when some care is taken over the choice of the loss function used
to learn g, g(x;) can even be interpreted as a probability to belong to class +1. (See [81]

for instance, that shows how to associate a confidence level to the prediction of a SVM).

What is interesting is that the confusion matrices over examples that are predicted
with a confidence level close to 1 and over examples that are predicted with a confidence
level close to 0.5 are generally quite different, which is natural if the confidence level
g(x¢) somewhat reflects the probability that the class +1 has been predicted for x.
Hence, the idea to use confidence intervals to define the states of the Markov chain and

to differentiate classes of time series.
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5.5.3.3 Segmentation

For each time step ¢, a function g; is learnt using the training set & and hence a decision

function:

More specifically, g; is learnt using the training time series in 8 reduced to their first

t components <x21, .. ,w%} and their label 3'.

Then, a discretization of the confidence interval [0, 1] for each time step is learnt.
Indeed, for each time step ¢, the associated function g; induced from the training set §,
is applied on time series in a second training set 8’ disjoint from 8. An ordering of the
time series in 8’ is then done based on sorting the outputs {g¢(x})}1<;<|s| from the time
series with the highest confidence value g;(x;), to the time series with the lowest one. As
such, it is easy to compute a set of N — 1 thresholds on [0, 1] for time step ¢ such that
each of the induced N sub-intervals is associated with approximately |8'|/N time series.

In this setting, the N sub-intervals induced at each time ¢ are the states of the Markov
chain (see Figures 5.5 and 5.6).

This segmentation method automatically corrects any bias in the calibration of g;
and provides N meaningful subsets 8" = {S}}1<;<n of training time series at each time

step .

5.5.3.4 Recoding

Given this discretization scheme, resulting in varying discretization thresholds depending
on the time steps t € {1,...,T}, each time series x; can be recoded as a sequence of ¢
confidence intervals or Markov chain states 7; where v = £ if g;(x¢) is in the sub-interval
corresponding to £ € {1,...,N}. (See Figure 5.6).

5.5.3.5 Transition probabilities estimation

This recoding provides a way to compute the likely future outlines of a given incomplete
time series x;. Given the code (7y1,...,7) of a new incoming time series x;, the objective
is to compute the probability for each future time step ¢t + s, (1 < s < T —t), that
Yers = £ with £ € {1,..., N}. Let us note 45 the vector made of the N corresponding
probabilities: [p(yiys = 1),...,p(t+s = N)] . Then, in all generality, we want to com-
pute <7t+1, el 7T>|<71, ...,7): the transition probabilities for all future time steps

given (v1,...,7), the coded time series x;.
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This would entail learning a set of dependency matrix of (7' —t) x ¢ values, and these
dependency matrices should be learned for all possible t € {1,T — 1}.

The number of possible sequences in the code is N7, and it is required to estimate
the probability of each one of them. With N =5 and T' = 100, limiting sequences to 100

072 numbers to estimate.

time steps, this is already approximately 7 x 1

This becomes computationally very expensive when the number of states N and the
dimension of time series T increase. This is why, in the next section and after defining
the general expected cost function f, in the ECONOMY-v approach, we give a series of
simplifying assumptions based on the Markov conditions in order to make our approach

tractable.

5.5.4 Estimation of the expected cost function f,

When a new input time series x; of length ¢ is considered, it is recoded as a sequence of
t confidence intervals (7y1,...,7), as explained in Section 5.5.3.4.

Given that, at time ¢, T' — t measurements are still missing on the incoming time series,
it is possible to compute the expected costs fr(x¢) of classifying x; at each future time
step 7 € {1,...,T — t}, using the subsets {8'};<;<r obtained by segmenting the training
time series.

The expected cost function fr(x;) used in the ECONOMY-v approach can then be
defined as:

N
Frxe) = D (Fearlns o) Per(9ly.verr =€) x C(gly) + Ct+7) (5.11)
y,g€Y (=1

From Equation 5.11, it is clear that the expected cost for each future time step 7 are
estimated conditionally to the incoming time series x; through the use of the condi-
tional probabilities 7t+7|<71, ...»7)- The conditional probabilities Py (9|y, yi+r = £)
are computed in advance over each subset S%, ¢ € {1,..., N}, and at each time step ¢

using a classifier hy, where t € {1,...,T}.

As detailed above, the complexity of the estimation of the terms 7t+7\ (71, -.,7) which
are the transition probabilities for the future time steps given the coded sequence of xy,
exponentially increases when T" and N increase. In addition, since this estimation should
be carried out online with each new incoming measurement, it should be then adapted

to situations where the speed of generating measurements is very fast. For these reasons,
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we propose three simplifying assumptions based on Markov conditions.

5.5.5 Simplifying assumptions using Markov conditions

First simplifying assumption: Markov condition ahead

The first simplifying assumption concerns the estimation of the terms 7t+7|<’yl, oY)
Only 741 will be computed given as input the coded sequence: 7 41](71,...,7), and
all probability vectors after time ¢ + 1, i.e. 7t+5 with 1 < s < T —t are computed using

one order dependency: 7t+5+1\7t+8.

In words, within this hypothesis, only the probability vector at the first future time
step 741 is estimated given the whole past history of x; coded as (71, --y7), and
thereupon all probability vectors at future time steps are supposed to depend only on

the previous one.

Transition matrices estimation

Let us note Mi“ the N x N transition matrix from time step t to time step ¢ + 1 with
elements m!, , = p(yi41 = vl = u), where u,v are confidence intervals at time steps ¢
and t + 1 respectively, that is u,v € {1,..., N}? (see Figure 5.7). With N = 5 different

confidence intervals, the transition matrices have each 25 elements.

Let us note M’-L.__,t the transition matrix from a coded sequence (v1,...,7:) rep-

resented as t x N probability vector P, to the probability vector 7t+1. For

17"'77t>
illustration, suppose that N = 5 and we only look at a length 2 sequence coded as
(71 = 2,72 = 4). Then the corresponding probability vector has 10 components:
P (7142 = [0,1,0,0,0,0,0,0,1,0]".

Using these notations, and given an input coded sequence (71, ...,7:), one can esti-

mate the future probability vector using equation:

T7—1
el ) = {H Miiz“] M L Po (5.12)

s=1
In words, given the past coded history (71, ...,7:), one computes the next probability
vector 741 using Mim’tP

(1,....7)> and then, the probability vector at horizon ¢ + 7 is
computed thanks to a product of one order transition matrices HZ;ll Miii“.

However, even this simplified scheme necessitates to learn large transition matrices
Mtl,...,t with N? elements to be learnt, and this for all possible values of t € {1,...,T—1},
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NTHI_1
N—

T = 100 gives approximately 107! values to learn.

which amounts to probability values to be estimated, which, for N = 5 and

Second simplifying assumption: Weak Markov assumption behind
Suppose then that only the last § codes (y4—s+1,...,7) of an input sequence x; be used

to compute the future states, we get the following expression:

'''''

T—1
7t+7‘<7t—5+17 oo 77t> = {H M€i§+1:| Mfﬁ—E—i—l t P('yt,5+1,...,%> (513)

s=1

where M ;. , which requires O(N %) probability values to be learned. Even with
§ =2, and N =5, 53 = 125 probabilities must be estimated, and this for all values of .

In such setting, we get the following expected decision cost for future time steps
7€{0,T —t}:

N
frxe) = D0 (Fearl(emstrs -3 70) Poar (@ly, Yerr = £) x C(@ly) + Ct +7)
y,g€Y =1
N (5.14)
= > > POyt =Um—ss1s %)) Perr(iily, verr =€) x C(illy) + C(t +7)
y,g€Y £=1

Third simplifying assumption: Strong Markov assumption behind
In the experiments reported in Chapter 6, and because we had only a few thousands
training time series, we have radically simplified the approach and used one order memory,

yielding the equation:

T—1
TV arl(n) = [H Miii“] Py (5.15)

s=0
which computes the vector 7 s = [p(Y4r) = O cren-

This requires only the estimation of 7' x N? probability elements using the training
set. This first order Markov model provides a baseline with which to assess the minimal

capacity of the method.

We can now return to the computation of the expected decision cost for future time

93



5. TIME SERIES EARLY CLASSIFICATION: COST-SENSITIVE
ONLINE DECISION MAKING

steps T € {1,...,T —t}:

(7 e (7)) Petr (@ly, v = £) x C(gly) + C(t +7)

Il
M=

fr(x¢)

o~
-

y,9€Y

(5.16)

I
M=

P(err = U{7)) Per (9ly, verr =€) x C(gly) + C(t +7)

1

y,9€Y £

Using Equation (5.16), one obtains an estimation of the optimal decision time to
come:
t"=t+ ArgMin f-(x¢)
7€{0,...,.T—t}
The whole method can be described by two algorithms. One for learning from a set

8 of training sequences (see Algorithm 7), and one for making decision (see Algorithm
8).

Algorithm 7 Learning algorithm for early classification of time series
Input:

e A training set 8 of m labeled time series (x4, 3") € RT x Y (1 <i<m);
e A validation set 8’ of m’ labeled time series (x}.,y7) € RT x Y (1 <j<m');

e aset G={GminU...UGr} where each G; is itself a set of scoring functions: g, : R —
[0,1];

1: for t € {min,..., T} do

2:  Use a learning algorithm that takes as input 8§ and G; and returns a function g,

3:  Using g; and 8: compute N confidence intervals on [0, 1] as explained in Section 5.5 and
return subsets S}, where ¢ € {1,...,N}

4: end for

for € {1,...N} do
for t € {min,..., T} do
Compute the confusion matrix P;(g|y,y: = £) using h; on the subset Sf.
end for
end for

10: forte {1,...,7—1} do
11:  Compute the transition matrices ML
12: end for
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Algorithm 8 Prediction algorithm for early classification of time series

Input:
e An incomplete time series x; with 1 <¢ < T

e Subsets of time series Sf with 1 <t <T and 1 </ < N.

1: Compute the sequence {71, ...,7:) coding for x;

for 7 €{0,...,T —t} do
Compute the expected cost f(x;) using Equation (5.16)
end for

return t* =t+ ArgMin [ (x;)
7€{0,...,T—t}

5.5.6 Computational complexity

The computational complexity of ECONOMY-v mainly depends on the multiplication
of transition matrices and the type of the used classifiers. The main operations of
ECONOMY-v in Algorithms 7 and 8 include:

1. Training a set of classifier functions {g¢ }min<t<7 using the training set 8 composed
of m training time series and hence a set of T" decision function H = {h¢ }min<t<T
can be defined by: h; = sign(g:(-) — 0.5).

2. Segmenting time series in the validation set §'.

3. Estimating confusion matrices on each subset Sg at each time step 1 <t < T.

4. Estimating T — 1 transition matrices on m’ time series in the validation set §'.

5. Computing the expected cost function f-(x;) given a new incoming time series x;.

We detail for each step, (A) the complexity in absolute terms!, and (B) the complex-
ity depending on the specific choices we have made. To allow the comparison against
ECONOMY-K, we use the same notation: L is the complexity of learning a classifier of
any type. P is the complexity of applying this learned classifier on a single time series. D
is the complexity of discretizing the classifier outputs used in the segmentation method,

and d is the complexity of assigning the classifier output to a given segment.

1We mean by complexity in absolute terms the fact the complexity is computed regardless the specific
choices that can be made about the type of classifiers, the type of the clustering algorithm, the similarity
measure used in the clustering algorithm, the membership function between a time series and a cluster
of time series, etc.
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We recall that the used segmentation method in ECONOMY-v proceeds as follows. (i)
recoding time series needs to apply a learned classifier to predict the score g:(x¢) of
each time series x; in 8’ at each time step ¢. (ii) sorting the obtained g;(x;) for all
time series in 8’ and then discretize them to obtain N sub-intervals at each time step.
This discretization schema is simply using the equal frequency binning procedure which
divides the sorted outputs {g:(x})}1<i<m into N sub-intervals at each time step such
that each interval contains approximately |8'|/N time series with adjacent values. This
meets our goal of making a segmentation that differentiates classes of time series. Other

discretization techniques could be used if they satisfy this goal.

e Step (1): Complexity of learning T classifiers.

— (A): the complexity of learning T classifiers of any type is O(T' x L).
— (B): The complexity of learning 7 MLPs is then O(m x T?).

e Step (2): Complexity of segmenting the training time series in §8'.

— (A): the complexity of segmenting m/' time series is O(m’ x T x (P x d+D)).

— (B): the complexity of the segmentation method using MLP classifiers is
O(m' x T x (T xlogN + NlogN)) ~ O(m’ x T x T x log N), since usu-
ally N < T.

e Step (3): Complexity of computing confusion matrices. The confusion matrices
are estimated at each time step ¢ over each subset Séf withl </< Nandl1<t<T.

This needs to apply a learned classifier on each subset S}.

— (A): the complexity of applying T learned classifiers over the N subsets is of
order O(m/ x T x P).

— (B): the complexity of applying the learned MLPs over the N subsets, at each

time step ¢, is of order O(m/ x T?).

e Step (4): Complexity of computing T'— 1 transition matrices, each of size N x N
yields O(T x log N).

e Step (5): Complexity of computing the expected cost function f,. Computing
fr in ECONOMY-7 essentially depends on computing the conditional probabilities
~earl(7) with (3;) is the sequence coding the new incoming time series x;, and
this which makes the approach adaptive. The other terms of f; are computed
in advance before any new time series arrives. However, it is needed to multiply

transition matrices of size N x N yielding O(N?) computations.
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— (A): the complexity of computing the expected cost function f-(x;), where
7 € {0,...,T —t} for a given time series x; (see Equation 5.14) is of order
O(P+D + T x N?). In all and at worse, the complexity of step (5) can be
of order O(P +D + T2 x N?) when the algorithm waits until the last time to

make a prediction.

— (B): the complexity of computing f is, at worse, of order O(T +log N + T2 x
N?).

e Overall complexity of ECONOMY-K: We give, here, the overall complexity
of ECONOMY-v in absolute terms and depending on our choices.

— (A): the overall complexity of ECONOMY-~ is:
O((TL) + (m'TPD) + (m'TP) + (P + D + T?N?)) ~ O(m'TPD + T?N?)

— (B): the complexity of computing ECONOMY-+ depending on the specific
choices we have made is:
O((mT?) + (m'T?log N) + (m'T?) + (T + log N + T?N?) ~ O(mT?), since
we consider that m ~ m’ and N << m is a user parameter that remains

constant.

ECONOMY-K ECONOMY-vy

Complexity (A) | O(TL +m/TP + KdT) | O(TL +m/TPD + T?N?)

Complexity (B) O(mT?) O(mT?)

Table 5.1: Computational complexities of ECONOMY-K and ECONOMY-vy computed
(A) in absolute terms and (B) depending on the specific choices we have made.

In Table 5.1, we show computational complexities implied respectively by ECONOMY-K
and ECONOMY-~.

Regarding these complexities, one can conclude that ECONOMY-v achieves a computa-
tional complexity equal to that implied by ECONOMY-K. Even though both algorithms

are conceived and behave differently, they imply the same computational complexity.

5.5.7 Discussion
The method ECONOMY-v described above has several advantages:

1. Aside the choice of the class of prediction functions g (and hence of decision func-

tions h) that must be made whatever the approach, there are two parameters to
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set. The first is N, the number of confidence intervals or Markov chain states one
is willing to consider at each time step. Higher values of N may seem preferable
because they would yield higher precision. But this is illusory since what mat-
ters is the difference in the confusion matrices. In addition, one obtains a better
precision on the estimation of these matrices if the number of training sequences
used to compute them is large. As will be shown in the experiments (see Chapter
6), a good choice seems to be N = 5. The second parameter is the order of the
dependency taken into account, similarly to Markov chain models that can depend

on the past to various degrees.

2. The confusion matrices that appear in Equation 5.16 tend naturally to differ, lead-

ing to better estimates of the future decision costs.

3. The conditional probabilities Py1(9|y,vi+r = £) tend also to differ for different

values of the confidence interval £, which favors better predictions.

Furthermore, it is expected that using the same algorithm with higher order of time
dependencies taken into account would further improve the performances. These richer
models should indeed be able to extract the useful information in the training set and
new incoming time series, and come near the optimal decision time and optimal cost.
However, only very large training sets can allow a learning algorithm to reach this type
of performance, by enabling the learning of the large number of conditional dependencies

involved in these higher order models.

Summary

In this chapter, we revisited the problem of early classification of time series when delay-
ing decision incurs a rising cost. We cast the problem to a cost-sensitive online decision
making problem and proposed an optimization criterion that balances the expected gain
in the classification cost in the future with the cost of delaying the decision.

Within this conceptual framework, we proposed two algorithms that differ in the manner
they consider the information contained in the training time series and in the incoming
time series. Both approaches are adapted to the peculiarities of the incoming time series,
since the cost function is re-estimated with each added information, and provide non-
myopic decisions. The first approach called ECONOMY-K is intuitively alluring since
it provides a simple solution to the problem that captures typical evolutions of the time

series using a clustering technique. The second method is called ECONOMY-~. It is
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more direct and informed since it provides a natural schema using Markov chain con-
cept to capture the generalized patterns in the training time series. It captures typical
behaviors of the training time series with a precision that depends on N, the number of
confidence intervals considered, and on the order of dependency taken into account. The
advantage of ECONOMY-v against ECONOMY-K, beyond implying less user parame-
ters and competitive computational complexity, is the use of a segmentation method that
also takes into account the information about the class labels of the training time series.
It succeeds thus to group time series described by the same class in spite of their dissim-
ilarity in shape. This makes the segmentation method in ECONOMY-v more informed
than the clustering used in the ECONOMY-K approach that segments the training data
only according to their shape.

In the next chapter, extensive experiments on real data sets and in controlled situa-
tions with synthetic data sets under a wide variety of parameter values are conducted to

vindicate the potential of the proposed approaches for making early decisions.
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(a) An example of different categories of generated time series. Time series A; and A, are
labeled +1, time series B; and B; are labeled —1 and the time series C' is duplicated and

arbitrarily labeled —1 or +1.

(b) A sample of time series depicted from a group obtained by the ECONOMY-K segmenta-
tion technique. Time series in the same group are similar in shape.

(c) A sample of time series depicted from a group obtained by the ECONOMY-v segmentation
technique. Time series are of different shapes but are predicted similarly.

Figure 5.3: Comparison over the synthetic data set and under same conditions between
the composition of two groups of time series obtained by two different segmentation
techniques from ECONOMY-K and ECONOMY-v approaches.
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Figure 5.4: An incoming (incomplete) time series is compared to each cluster ¢j obtained
from the training set of complete time series. The confusion matrices for each time step
t and each cluster ¢; are computed as explained in the text.
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Figure 5.5: A special Markov chain of transition probabilities between states over time.
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Figure 5.6: How time series are coded using confidence intervals (Markov states). Here,
the thick curve is coded as (y1 = 3,72 = 3,73 = 2,74 = 3,75 = 4,7% = 3). Actually,
the time series here depicted as curves in order to better visualize them are sequence
of points (x1, xe, x3, x4, 5, T¢) With no curves in between. The confidence intervals vary
from one time step to another as explained in the text.
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Figure 5.7: Dependency matrices learned at each time step t € {1,...,T — 1}.
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Chapter 6

Experimental study

Introduction

In the proposed ECONOMY-K and ECONOMY-+ approaches (see Section 5), the prob-
lem of early classification of time series was cast to a cost-sensitive decision making
problem with three properties: (i) both the quality and the earliness of the prediction
are taken into account in the total criterion to be optimized, (ii) the criterion is adap-
tive, in that, the output prediction depends upon the incoming time series x;, and (iii)
the proposed methods lead to non-myopic decision schemes where the expected optimal
horizon 7* is estimated instead of just deciding that now is, or is not, the time to make

a prediction.

In this chapter, we conduct extensive experiments to check the validity of the proposed
methods and explore their capacities for various conditions. To this end, we devise
controlled experiments with synthetic data sets for which we could vary a number of
control parameters. Then, we examine the behaviors of both methods on real data sets
selected from the UCR Time Series Classification/Clustering Repository [62].

6.1 Experimental evaluation on synthetic data sets
The goal of the experimental evaluation is to measure how the methods behave when (i)

the difficulty of the decision task varies, and (ii) faced with varying level of increasing

costs when delaying the decision.
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6.1.1 The generation of the synthetic data sets

The difficulty of making early predictions can naturally be determined using two types
of controlling parameters. One that controls the information that can be gained about
the class of the incoming time series with each new data point. And one that controls
the noise level of data points. The two parameters are not independent as more noise
decreases the information that can be gained, but they still are complementary as the

noise level is supposed to be constant over time when the gain of information can vary.
The overall idea is to generate sets of time series according to two class models, one
for the +1 class and one for the —1 class. In addition, within each class, there are sub-

classes, some of them that can share a strong similarity with sub-classes of the other class.

Specifically, the time series have been generated according to the following equation:

x¢ = t x slope X class + Xpmqp sin(w; Xt + ;) +  n(t) (6.1)
~—
information gain noise factor

The higher the value of the slope factor (noted m below), the higher the gain at each
time step. At the same time, X,,q, controls the importance of the sub-classes within
each class. If x4, = 0 there are no sub-classes, and little possible confusion between
the classes, except for the noise factor n(t). If x4, has a large value, the sub-shape
tends to dominate the information gain factor, at least for not large enough time step t.
Figure 6.1 illustrates what can be obtained for three classes of time series, one with slope
m = 0.01 (class y = +1), one with m = —0.01 (class y = —1) and one with m = 0 (a
confusing class). Here X4, = 5 and the sub-classes are determined by the period w; and
phase ;. The noise factor n(t) is randomly chosen from a Gaussian distribution with a

mean p and a standard deviation o.

We conducted experiments using two digjoint training sets 81 and 85 each containing
2,500 time series and a testing set T containing 5,000 time series. Each set is equally

divided between the two classes y = —1 and y = +1.
In ECONOMY-K approach, the set 8; is used for learning the set of classifiers

H = {ht}1<t<r, while the set 83 is used to form a set of clusters € = {¢}1<k<x and

compute the confusion matrices Py, (4|y, k), for each cluster ¢ and for each time step t.
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Ay {w=1 »=0,m=001,y=+1}

S At {w=1% »—0.m=001,y=+1}

Figure 6.1: An example from the synthetic data set 8 where n: (u = 0,0 = 0.2). Time
series A1 and As are labeled +1, time series B; and By are labeled —1 and the time
series C is duplicated and arbitrarily labeled —1 or +1.

In ECONOMY-v approach, the set 8; is used for learning the set of functions
G = {9t} 1<t<7, while the set 8y is used to compute Markov states {v,}1<s<n for each
time step ¢, the transition matrices Mi“ and the confusion matrices Py (9|y, Verr =
), te{l,...,N}.

Table 6.1 displays the range of parameters used for generating the synthetic data sets
we used in the experiments. Note that 7', the maximal number of data points in a time
series is relatively low here: 50. This is because, on one hand, the study was motivated
by electrical time series measured each 30’ over one day, and, on the other hand, because,
even in this short timespan, the relevant properties of the algorithms can be evaluated.
Experimental results with higher values of 1" (e.g. time series in Strawberry real data set

are composed of 235 data points) will presented in Section 6.2.

In addition to varying some parameters when generating the data sets, we varied the
delaying cost function C(¢) that expresses how costly it is to delay making a decision.
The cost function is a non decreasing function of time. In our experiments, we used
linear cost functions: C(¢) = d x ¢, with d is a constant parameter. Other forms of the

cost function (e.g. polynomial, exponential, etc.) can be used depending on the context.
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Notation Description Value(s)

T Number of data points 50

Xmax Sine amplitude 5

w;, 1 <14 < 3 | Sine period w; € {%, %, 10j§H

i, 1 <2 Sine phase v; € {0, %

m Slope m € {0.005,0.01,0.05,0.07,0.1}
n Noise level as Gaussian distribution | =0, o € {1:200}

Ky—11 Number of sub-groups in each class | Ky—41 € {3,5}

Table 6.1: The set of parameters used for the generation of the data sets.

6.1.2 Experimental settings

In these controlled experiments, we varied the following parameters:

e The level of distinction between the classes and specifically the rate of information

gain controlled by m.

e The number K,—; of sub-groups in each class and their shape (given by the term

Xmaz SiD(w; X t + ¢;)).
e The noise level n(t).
o The cost of delaying the decision C(t).

and, we examine the impact of these controlling factors on the estimated optimal decision
time and the estimated costs. Specifically, for each method, and for each experimental
condition determined by the above mentioned controlling factors, we measure the follow-

ing quantities, detailed in Table 6.2: T, CRreu, TOETM: CpRreM, TITM: Crcum.

The real cost Crc is the average real cost obtained for each test time series x; by
computing the predicted class § = hy (x4+) and comparing it with the real label y at the
estimated time ¢* and evaluating: C(g|y) + C(t*).

The real cost Cpren is the average real cost computed a posteriori using all mea-

surements in the complete time series. This measures how much the estimated cost is
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Quantity | Description

TETM mean of the decision time =4 standard deviation computed for
ECONOMY-K (resp. ECONOMY-v) by Equation 5.5 (resp. 5.16)

Crem mean real cost using decision time Txpy

TPETM decision time a posteriori t* = ArgMin,cg 7y fi(xt) computed for
ECONOMY-K (resp. ECONOMY-v) by Equation 5.5 (resp. 5.16).
(using the knowledge of the complete series)

CproMm mean real cost using decision time THpy

TITM mean time before h;(x;) = y (perfect algorithm)

Ciem mean real cost when deciding the first time that hy(x;) = y (perfect
algorithm)

Table 6.2: Quantities measured in the experiments.

far from the optimal cost computed by the systems (using Equations 5.5 and 5.16).

The Cicm value is an optimistic optimal value. It is the cost (or gain if this is
a negative value) that the system would endure if it made a decision as soon as the
prediction is correct, hy(x;) = y, which can happen accidentally even though the decision

function h; is bad. We still report this value since it gives an idea of how far is the method

to this (unrealistic) optimal early decision method.

6.1.3 Empirical results

An overview of the results for various combinations of the above discussed parameters

are shown in Table 6.3 as obtained on testing set with a fixed trend parameter m = 0.07.

More results when varying m are reported in Appendix A.

For the classifiers, we have used Naive Bayes classifiers and Multi-layer Perceptrons
with one hidden layer of [t + 2/2] neurons. In this section, we choose to show results

obtained only using the Multi-Layer Perceptron since both classifiers give similar results.
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C(t) | n(t) ECONOMY-K ECONOMY-vy
TETM CreM  Tperm CPRCM TETM CreM  Tperm CPROM TITM Ciem

0.1 5.9+0.4 -0.76  7.1£2.38 -0.76 8.4+8.6 -0.76 8.6+4.8 -0.76 4.0+0.2  -0.77
0.2 5.1£0.4 -0.64 6.8£3.1 -0.65 | 17.4+14.6 -0.74 10.0£4.5 -0.74 4.2+0.9 -0.8
0.5 9.04+4.2 -0.45 12.2+4.0 -0.66 | 16.3£10.5 -0.74 18.8£10.0 -0.74 5.14+24  -0.87
1.0 | 14.4+23 -0.72 12.3+44 -0.6 20.8410.0 -0.74 23.24£8.3 -0.74 5.3+3.0 -0.92
0.001] 1.5 | 16.1£1.5 -0.65 9.6+4.8 -0.27 | 23.6+13.2 -0.68 30.3+10.4 -0.7 6.5+4.5 -0.96
5.0 | 10.9£7.1 -0.1 9.3+£54 -0.01 32.8£52 -0.65 42.3+6.1 -0.67 9.7£7.8  -0.96
10.0 | 13.1+11.5 -0.08 11.1£7.5 -0.02 41.4+5.7 -0.52  45.2+4.4 -0.5 11.4+10.0 -0.95
15.0 | 10.9£6.7 -0.03 11.4+£6.4 -0.02 | 34.5+16.6 -0.25 39.2+14.9 -0.27 | 12.2£10.7 -0.95
20.0 | 12.4£10.6 -0.01 12.649.2 0.0 44.5+39 -0.24 46.3£3.2 -0.24 11.3£9.9 -0.96
0.1 4.0£0.0 -0.71  5.5+1.3 -0.71 5.3+£14 -0.71 6.4+2.2 -0.71 4.04+0.2  -0.74
0.2 5.1£0.4 -0.6 5.9£2.1 -0.59 6.7£1.9 -0.67 7.8+£2.7 -0.67 42409  -0.77
0.5 5.14+0.6 -0.24 7.0x34 -0.27 11.1+4.5 -0.64 12.0+2.8 -0.64 51+24  -0.83
1.0 6.7+2.5 -0.26 8.1+3.8 -0.33 15.0+£4.0 -0.62 16.3+4.6 -0.59 5.3+3.0 -0.88
0.01 | 1.5 7.2£3.8 -0.09 8.8+4.3 -0.13 17.0£9.2 -0.51 19.1£55 -0.53 6.5+4.5 -0.9
5.0 6.2+£3.7 0.03 8.3+4.2 0.08 26.9+£6.6 -0.34 33.3£55 -0.33 9.7£7.8  -0.87
10.0 | 4.2£1.0 0.04 8.5+43 0.09 18.1+84  0.01  38.1£10.3 -0.08 | 11.4+10.0 -0.85
15.0 | 4.9+1.38 0.04 6.44+24 0.05 5.440.5 0.05 8.34+9.7 0.06 12.2+10.7 -0.84
20.0 | 4.1£1.1 0.04 6.9+3.9 0.07 9.7+1.6 0.08 10.2£2.0 0.08 11.3£9.9 -0.86
0.1 4.040.0 -0.47  4.5%+0.9 -0.44 4.64+0.8 -0.45 4.7£1.1 -0.44 4.0+0.2 -0.5
0.2 5.040.2 -0.3 5.3+0.4 -0.28 4.6+0.8 -0.33 5.2%+1.5 -0.35 42409 -0.51
0.5 5.040.2 0.06 5.5%1.2 0.12 7.5£1.3 -0.11 8.242.1 -0.11 5.0£2.0  -0.52
1.0 4.040.0 0.13 54408 0.13 7.1£2.1 0.03 8.31+2.6 0.07 52422  -0.56
0.07 | 1.5 4.14+0.6 0.28  5.7+1.2 0.38 4.040.0 0.27 7.7£3.4 0.23 6.243.2  -0.52
5.0 4.040.0 028 54414 0.38 4.040.0 0.28 4.0+0.0 0.28 9.2+7.0 -0.29
10.0 | 4.0£0.0 0.28 4.8£1.0 0.34 4.0£0.0 0.28 4.040.0 0.28 9.848.0 -0.18
15.0 | 4.0£0.0 0.28 4.3+£0.6 0.3 5.1£0.7 0.36 4.940.7 0.34 10.1+£8.4 -0.14
20.0 | 4.0£0.0 0.28  4.240.5 0.29 4.040.0 0.28 4.0+0.0 0.28 9.7£7.8 -0.2
0.1 4.040.0 -0.35  4.5%+0.9 -0.31 4.040.0 -0.35 4.1+0.6 -0.34 4.0+£0.2  -0.37
0.2 4.040.0 -0.18 4.5%+0.9 -0.14 4.64+0.8 -0.2 4.6+1.1 -0.2 42+09 -0.38
0.5 5.040.2 0.21 5.3%+0.5 0.25 4.7£1.0 0.26 5.4+1.7 0.27 5.0£1.7  -0.37
1.0 4.0£0.0 0.25 54+05 0.28 5.040.0 0.29 6.242.0 0.26 5.1£2.0 -041
0.1 1.5 4.040.1 0.39 5.5%0.8 0.53 4.040.0 0.39 4.3+£1.1 0.39 6.1+£3.0 -0.33
5.0 4.040.0 0.4 5.1+0.8 0.51 4.04+0.0 0.4 4.0+0.0 0.4 8.1+5.7  -0.03
10.0 | 4.0+0.0 0.4 4.6+0.8 0.46 4.040.0 0.4 4.0+0.0 0.4 7.6+5.6 0.07
15.0 | 4.0£0.0 0.4 41404 0.41 5.040.6 0.5 4.6+0.5 0.46 8.0+6.4 0.14
20.0 | 4.0£0.0 0.4 41+0.4 0.41 4.0£0.0 0.4 4.0£0.0 0.4 7.6£5.6 0.05

Table 6.3: Comparison of early classification costs and time decision between the
ECONOMY-K vs ECONOMY-v approaches. Experiments are performed over the sim-
ulated sine data sets with a fixed rate of information gain m = 0.07.
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Impacts of different parameters

Globally, both ECONOMY-K and ECONOMY-v methods meet behaviors that are ex-
pected from early classification systems. From the results reported in Table 6.3, one can
see that when the noise level is low and the delaying cost is low too, the systems are able
to reach a high level of performance by waiting increasingly as the noise level augments.
When the delaying cost is high (C(¢) = 0.1 x t), on the other hand, the systems take a
decision earlier at the cost of a somewhat lower prediction performance. Indeed, with
rising levels of noise, the systems decide that it is not worth waiting and make a predic-
tion early, often at the earliest possible moment, which was set to 4 in our experiments’.

Figure 6.2 and Figure 6.3 better show these observations.

More specifically:

e Impact of the noise level 7(t): As expected, up to a certain value, rising levels of
noise 7)(t) entail increasing delays before a decision is decided upon by the systems.
For example in Figure 6.2, for a fixed delaying cost (C(¢) = 0.01 x ¢) and a rate of
information gain (m = 0.07), ECONOMY-K reaches its high value of the estimated
decision time mean Tj; = 7.2 £ 3.8 when the noise factor n(t) = 1.5, while for
ECONOMY-v, the estimated decision time Tfy; = 26.9 &+ 6.6 when 7(t) = 5.0.
Then, for both approaches, a decrease of 75y is observed, which corresponds to
the fact that there is no gain to be expected by waiting further. In fact, quite often
the systems decide to make their prediction at the earliest possible time, which
was set to 4 in our experiments. Accordingly, the decision costs, as measured with

Creum and Cprew, becomes expensive as well when 7(¢) rises.

e Impact of the delaying cost C(¢): The role of the delaying cost C(t) appears
clearly. When C(t) is very low, the algorithms tend to wait longer before making
a decision, often waiting the last possible time. On the other hand, with rising
C(t), the optimal decision time Ty decreases sharply, converging to the minimal
possible value of 4. This yields increasing decision costs Cron as the systems are
constrained to make quick decisions that commonly entail more prediction errors

(see Figure 6.3).

e Impact of the rate of information gain controlled by m: the value of m,

which controls the level of distinction of the classes y = +1 and y = —1, is striking

!Below 4 measurements, the classifiers are not effective.
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Figure 6.2: Impact of the noise level 7(t). The performances of ECONOMY-K vs
ECONOMY-~ over the synthetic data sets. The z-axis represents the noise level 7(t)
and the y-axis represents the estimated time Tgry (solid line) and its associated real
cost Crom (dashed line). Decision time curves can only show evolutions of decision
times Tpym when varying m and C(t), nothing can be said about the best approach. By
contrast, cost curves, in addition to show evolutions of costs Crom when varying m and
C(t), they give the winning approach (the one with the lowest costs).
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Figure 6.3: Impact of the delaying cost C(¢). The performances of ECONOMY-K
vs ECONOMY-v over the synthetic data sets. The z-axis represents the delaying cost
C(t) and the y-axis represents the estimated decision time 7gTn depicted with solid lines
and its associated real cost Cron depicted with dashed lines. Results are reported for
noise levels n(t) € {0.2,1.0,15.0}, and rates of information gain m € {0.01,0.02,0.07}.
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on the average time of decision Ty, particularly for small values of noise level.
For example, in Figure 6.4, for both approaches and for fixed values of the noise
level (n(t) = 0.2) and the delaying cost (C(t) = 0.01 x t), the decision time Th
decreases whenever m increases. At the same time, m strongly impacts the decision
costs as Crom are less expensive when m increases. However, for high values of
the noise level and delaying cost (e.g. n(t) = 15.0 and C(¢) = 0.01), the increase of

the rate of information gain m has no further impact.

e Impact of the number of sub-groups in each class: In order to measure
the effect of the complexity of each class on the decision problem, we changed the
number of shapes in each class as well. This is easily done in our setting by using sets
of different values of the parameters in Equation 6.1. For instance, Tables 6.4 and
6.5 respectively report the results obtained from ECONOMY-K and ECONOMY-
~v when the number of sub-groups of class y = —1 was set to K_; = 3 while it was
set to K11 = 3 then K; =5 for class y = +1.

Additionally, the Area Under the ROC Curve AUC is also reported in order to

evaluate the quality of the prediction at the estimated optimal decision time TgT).

In both approaches, for low values of the rate of information gain (m € {0.01,0.02}),
the number of sub-groups in each class, and hence the complexity of the classes,
slightly influences the results. We observe that, although the decision task becomes
harder, the decision time slightly decreases yielding thus higher costs. At the same
time, the AUC decreases. However, when the rate of information gain increases
(m = 0.07), the decision task becomes easier, and globally the results are not

impacted by the complexity of classes in both approaches.

e Impact of varying the number of clusters in ECONOMY-K approach
and the number of Markov chain states in ECONOMY-v approach over
synthetic data sets: Tables 6.6 and 6.7 show the impact of varying the number
of clusters K in ECONOMY-K approach and the number of Markov chain states
N in ECONOMY-~ approach over the sine synthetic data sets. Results of the
optimal time decision and the cost incurred by both methods are given when varying
K €{3,5,6,8,9,15} and N € {5,10}.

From Tables 6.6 and 6.7 one can observe that varying the number of clusters impacts

the results on time decision and costs for the ECONOMY-K approach. By contrast,
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Figure 6.4: Impact of the rate of information gain m. The performances of
ECONOMY-K vs ECONOMY-v over the synthetic sine data sets. The z-axis repre-
sents the rate of information gain m and the y-axis represents the estimated decision
time Trrym depicted with solid lines and its associated real cost Crom depicted with
dashed lines. Results are reported for noise levels n(t) € {0.2,1.0,15.0}, and delaying
costs C(t) € {0.001,0.01,0.07}.
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+m 0.01 0.02 0.07
(K_1,K11) n®) | Ttrm Crem AUC | Tgpy Crem AUC | Tipy Crom AUC
0.1 | 11.7£1.6 -0.62 0.93 8.8+1.0 -0.67 0.94 | 4.0+£0.0 -0.71 0.91
0.2 | 14.6£2.0 -0.39 0.88 | 13.5+2.2 -0.6 0.93 | 5.1+£0.4 -0.6 0.86
0.5 | 14.8£1.0 -0.22 0.76 | 13.6+£2.2 -0.42 0.86 | 5.1£0.6 -0.24 0.76
(3,3) 1.0 8.6+1.1 0.06 0.47 7.4+0.9 0.02 045 | 6.7£2.5 -0.26 0.27
1.5 4.1+0.5 0.04 0.49 | 13.845.2 -0.08 0.33 | 7.2+3.8 -0.09 0.33
5.0 4.8+1.1 0.04 0.5 4.6+£0.5 0.04 0.5 6.2+3.7  0.03 0.54
10.0 | 4.040.0 0.04 0.51 4.04+0.0 0.04 0.51 | 4.2+1.0 0.04 0.51
15.0 | 4.942.2 0.05 0.5 4.84+1.9 0.04 049 | 4.9+1.8 0.04 0.49
20.0 | 4.0£0.0 0.04 0.49 4.040.0 0.04 049 | 4.1+1.1 0.04 0.49
0.1 4.04+0.0 -0.28 0.72 8.7+0.5 -0.63 0.9 5.0+£0.0 -0.66 0.88
0.2 | 10.7£2.5 -0.39 0.82 6.24+0.5 -0.31 0.75 | 6.0+£0.0 -0.62 0.88
0.5 4.040.0 -0.11 0.63 6.8+£1.9 -0.21 0.7 4.040.0 -0.4 0.81
(3,5) 1.0 7.24£2.0 -0.02 0.62 6.9+14 -0.07 0.65 | 5,714 -0.3 0.24
1.5 4.04+0.1 -0.01 0.55 98425 -0.16 0.69 | 9.54+4.7 -0.32 0.18
5.0 5.3£0.9 0.02 0.51 4.04+0.0 0.02 0.51 | 7.6+£1.9 0.02 0.58
10.0 | 4.1£0.4 0.04 0.49 4.4+0.8 0.05 0.5 5.7£2.6  0.06 0.49
15.0 | 4.0£0.0 0.04 0.49 4.0+0.0 0.04 0.49 | 4.1£0.8 0.04 0.49
20.0 | 4.0£0.0 0.04 0.51 4.04+0.0 0.04 0.51 | 4.0+£0.0 0.04 0.48

Table 6.4: Performances of ECONOMY-K when varying the number of sub-
groups in each class. Results are obtained by varying the noise level 7(t), the rate of
the gain of information m, and the number of sub-groups (K_1, K;1) in each class. The
delaying cost C(t) is fixed to 0.01.

the number N of Markov states (here N =5 and N = 10) has no noticeable effect
on the results.

6.1.4 Comparison of the methods and interpretation

A first look at the results in Table 6.3 and Figures 6.2, 6.3 and 6.4 shows that:

e For both methods, when the cost of delaying decision increases (from 0.001 x ¢ to
0.1 x t), the algorithms decrease the decision time (if one looks for the same noise

level n(t) in each method in Figure 6.2).

o As the difficulty of the task increases, with mounting noise level (from 0.1 to 20)

the algorithms tend to first increase the time of decision, because it is more difficult
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+m 0.01 0.02 0.07
(K-1,K41)  n(t) Ttrm Crom AUC | 7irmy Crem AUC | Thry Crom AUC
0.1 12.1£1.6 -0.64 0.93 10.2+1.2 -0.67 0.94 5.3+1.4 -0.71 0.92
0.2 19.444.1 -0.55 0.92 12.3+£2.1 -0.62 0.93 6.7£1.9 -0.67 0.91
0.5 | 23.9+£9.2 -041 0.8 | 17.7£5.0 -0.54 0.89 | 11.1+45 -0.64 0.93
(3,3) 1.0 24.0+9.9 -0.21 0.24 | 21.2+10.2 -0.36 0.17 | 15.0£4.0 -0.62 0.07
1.5 | 23.9+10.0 -0.07 0.32 24.449.2 -0.28 0.21 | 17.0+£9.2 -0.51 0.13
5.0 6.5+1.8 0.06 0.5 6.6+£2.5 0.06 0.5 26.9+6.6 -0.34 0.81
10.0 | 10.4+2.1 0.1 0.51 9.3+£2.7 0.09 0.51 | 18.1£84 0.01 0.38
15.0 8.9+1.8 0.08 0.5 7.7+1.4 0.07 0.5 5.440.5 0.05 0.5
20.0 | 11.44+4.6 0.11 0.49 8.8+£2.0 0.08 0.49 9.7+1.6 0.08 0.48
0.1 9.6+3.5 -0.61 0.87 9.4+1.8 -0.62 0.9 5.3+1.3 -0.67 0.89
0.2 12.3+£5.3 -0.56  0.85 | 12.94+2.7 -0.59 0.9 8.1+1.9  -0.63 0.9
0.5 16.94+9.5 -0.45 0.8 15.34+6.9 -0.54 0.85 | 10.842.2 -0.62 0.91
(3,5) 1.0 | 19.1+£11.3 -0.32 0.76 16.248.2 -0.43  0.79 | 13.946.2 -0.7 0.94
1.5 15.1+99 -0.18 0.69 17.4+8.9 -0.35  0.77 | 16.14£8.2 -0.61 0.92
5.0 | 15.5+12.3 0.05 0.58 17.7+9.9 -0.01 0.62 | 26.5+8.8 -0.47 0.88
10.0 6.440.9 0.06 0.51 5.440.9 0.06 0.5 30.948.6 -0.18  0.77
15.0 | 4.0%0.0 0.04 0.49 4.0+0.0 0.04 0.49 | 13.9+6.3 0.05 0.57
20.0 6.4+0.9 0.06 0.51 7.2+1.0 0.07 0.51 5.1+2.1 0.05 0.52

Table 6.5: Performances of ECONOMY-v when varying the number of sub-
groups in each class. Results are obtained when varying the noise level n(t), the rate
of the gain of information m, and the number of sub-groups (K_1, K1) in each class.
The waiting cost C(¢) is fixed to 0.01.

to make a good prediction early on, before deciding that it is not worth waiting,
and making a prediction after 4 time steps, which is the minimum amount of time

set in our experiments.

e The ECONOMY-v method tends to delay the "discouragement” phase more than
the ECONOMY-K method. This is advantageous for small and medium values of
n(t) and tends to be slightly disadvantageous when the noise level is high.

Paired statistical t-test for comparison

In order to compare both algorithms, we performed the paired statistical t-test, which is
given by: B
d
sa/VN
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(m = 0.01, C(t) = 0.01 x t)
K=3 K=5 K=6 K=8 K=9 K=15
n(t) | Term CeeM | Thrm CeoM | Thrm Ceem | Thrm CeeM | Thrm Ceom | Thrm Creem | Ciem
0.1 5.92 -0.08 | 11.29 -0.58 | 9.28 -0.52 | 11.68 -0.62 | 11.68 -0.62 4.0 -0.12 | -0.87
0.2 | 23.38 -0.5 5.68 0.03 5.68 0.03 146 -0.39 | 1459 -0.39 | 14.56 -0.39 | -0.89
0.5 4.01 0.04 4.03 0.04 4.93 0.05 14.84 -0.21 | 1476 -0.22 | 16.48 -0.23 | -0.88
1.0 5.63 0.03 5.01 0.03 8.4 0.07 8.54 0.06 8.59 0.06 9.54 0.04 | -0.86
1.5 4.1 0.04 4.0 0.04 4.0 0.04 4.1 0.04 4.09 0.04 4.04 0.04 | -0.87
5.0 4.0 0.04 4.03 0.04 4.01 0.04 4.0 0.04 4.76 0.04 4.59 0.04 | -0.79
10.0 4.0 0.04 4.0 0.04 4.0 0.04 4.0 0.04 4.0 0.04 4.0 0.04 | -0.74
15.0 4.0 0.04 4.0 0.04 4.03 0.04 4.14 0.04 4.87 0.05 4.45 0.04 | -0.76
20.0 4.0 0.04 4.0 0.04 4.0 0.04 4.0 0.04 4.0 0.04 4.0 0.04 | -0.78
(m = 0.02, C(t) = 0.01 x t)
K=3 K=5 K=6 K=8 K=9 K=15

n) | Thrm Ceom | Thrm CveM | Thrm CeoMm | Thrm CecM | Term Ceem | Thpm Ceem | Crem
0.1 496 -0.36 8.8 -0.67 | 496 -0.36 8.8 -0.67 8.8 -0.67 4.0 -0.35 -0.8

0.2 994 -0.58 5.2 -0.11 9.97 -0.58 | 13.91 -0.6 | 13.49 -0.6 8.8 -0.5 -0.86
0.5 4.93 0.04 4.92 0.04 4.93 0.04 13.9 -0.44 | 13.64 -0.42 | 13.66 -0.43 | -0.87
1.0 5.98 0.02 9.7 -0.08 | 6.77 0.0 7.32 0.04 7.44 0.02 7.15 0.03 | -0.88
1.5 4.69 0.05 6.17 0.05 6.38 0.05 4.42 0.03 13.85 -0.08 | 14.25 -0.11 | -0.89
5.0 4.55 0.05 4.33 0.04 4.17 0.04 4.39 0.04 4.58 0.04 4.79 0.04 | -0.82
10.0 4.0 0.04 4.0 0.04 4.0 0.04 4.0 0.04 4.0 0.04 4.0 0.04 | -0.77
15.0 4.0 0.04 4.01 0.04 4.12 0.04 4.39 0.04 4.84 0.04 4.34 0.04 -0.8

20.0 4.0 0.04 4.0 0.04 4.0 0.04 4.0 0.04 4.0 0.04 4.0 0.04 | -0.81

Table 6.6: Impact of varying the number of clusters on results of the ECONOMY-K
approach.

where d is the difference between the two observations in each pair, s4 is the stan-

dard deviation of the differences and N = 225, the number of examples. We compared

the estimated costs given by both systems when following their decision policies: Crom-

The question was: is one algorithm significantly superior to the other in the experimental

setting?

1
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(m = 0.01, C(¢) = 0.01 x t)
N=5 N=10
nt) | Term Ceem | Torm Ceom | Ciou
0.1 | 12.08 -0.64 | 129 -0.64 | -0.87
0.2 | 1937 -0.55 | 17.54 -0.53 | -0.89
0.5 | 23.86 -0.41 | 2498 -0.42 | -0.88
1.0 | 23.98 -0.21 | 24.15 -0.23 | -0.86
1.5 | 23.91 -0.07 | 27.03 -0.08 | -0.87
5.0 6.5 0.06 5.98 0.05 | -0.79
10.0 | 10.42 0.1 11.9 0.11 | -0.74
15.0 | 887  0.08 8.12 0.07 | -0.76
20.0 | 11.37 0.11 6.49 0.06 | -0.78
(m =0.02, C(t) = 0.01 x t)
N=5 N=10
n(t) | Torm  Ceom | Thrm Cecem | Ciom
0.1 | 10.21 -0.67 | 9.92 -0.67 | -0.8
0.2 | 1233 -0.62 | 13.62 -0.61 | -0.86
0.5 177 -0.54 | 1843 -0.53 | -0.87
1.0 | 21.24 -0.36 | 214 -0.36 | -0.88
1.5 | 2438 -0.28 | 26.01 -0.31 | -0.89
5.0 6.64 0.06 7.69 0.07 | -0.82
10.0 | 9.33 0.09 9.27  0.09 | -0.77
15.0 | 7.67  0.07 8.96 0.09 -0.8
20.0 | 8.81 0.08 7.58 0.07 | -0.81

Table 6.7: Impact of varying the number of Markov states on results of the ECONOMY-y

approach.

Table 6.8 gives the results for the paired t-test when we consider the difference:

Crom(ECONOMY-K) — Crem(ECONOMY )

For small and medium delaying costs, the confidence-based method ECONOMY-v
is significantly better than the clustering-based method ECONOMY-K (largely above
the significance level for a« = 0.05%). Nothing can be said one way or the other for
C(t) = 0.07, while ECONOMY-K is better for C(¢) = 0.1, because it does not wait to
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Paired t-test Clelay (1)
0.001 0.01 0.05 0.07 0.1
t-statistic 6.68 5.03 2.77 131 -2.42

Table 6.8: Comparison of ECONOMY-K vs ECONOMY-~. The paired t-test is com-
puted using the real costs Crom incurred by each algorithm on 225 synthetic data sets
for 5 different delay costs. Here, a = 0.05 and the degree of freedom df = 1.960.

make a decision.

These results show that the confidence-based method ECONOMY-v, even in its base-
line implementation, is clearly superior to the clustering-based method ECONOMY-K
when the delaying cost is rather low. For higher costs, ECONOMY-K decides earlier.

We also compared the proximity of the real costs Crom, given by each algorithm,
with the optimal costs Cicy given by the omniscient algorithm. In Table 6.9, we
provide the results for the paired t-tests when we respectively consider the differences
Crem (ECONOMY-K)-Ciep (perfect algorithm) and Cren (ECONOMY-v)-Crom (perfect
algorithm).

Paired t-test Clelay (1)

0.001 0.01 0.05 0.07 0.1
t-statistic (ECONOMY-K vs critére idéal) | -12.40 -16.79 -16.70 -14.34 -11.64
t-statistic (ECONOMY-+y vs critére idéal) | -9.51 -11.91 -16.53 -14.86 -12.07

Table 6.9: Comparison of ECONOMY-K vs ECONOMY-v according to the proximity to
the perfect algorithm. Paired t-tests over the real costs Cron incurred by ECONOMY-K
(resp. ECONOMY-v) and the optimal costs Cicum are computed on 225 synthetic data
sets for 5 different delay costs. Here o = 0.05 and degree of freedom df = 1.960.

From Table 6.9, we observe that even if the obtained results from both approaches are
not close to ideal ones, again, the confidence-based method ECONOMY-v significantly

better approximates the optimal decision time.

Another mean to compare the methods is to look at the highest level of noise 7(t)

for which a method yields a cost that is better than the cost incurred when deciding at
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the first possible moment (4 in these experiments) with a margin of at least 0.1. For
instance, (see Table 6.3), for m = 0.07 and C(¢) = 0.001, Cgcm < 0.004 — 0.1 up to
noise level n(t) = 5 (for which Cgcy = —0.1 for ECONOMY-K), while this is true up
to n(t) = 20 for ECONOMY-v. Thus, for m = 0.07 and C(¢) = 0.001, the ECONOMY-
K is significantly winning, according to our rule, for 5 values of noise levels, while the
confidence-based method ECONOMY-v is winning for all the 7 noise levels reported in

the experiments.

This comparison, for all values of m and values of C(t) can be expressed as the
histogram of Figure 6.5. It is apparent that the confidence-based method ECONOMY-
v is winning in all the situations in which the clustering-based method ECONOMY-K
wins, plus others. It thus brings significant gains in a wider spectrum of situations than
the ECONOMY-K method.
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Figure 6.5: Histogram over synthetic data sets showing the number of noise levels for
which each method brings a significant gain as compared to the earliest possible decision.
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Individual behaviors

The above results aggregate the measures on the whole testing set. It is interesting to
look as well at individual behaviors. For instance, Figure 6.6 shows the expected costs
fr(x¢) for the same incoming time series x;, for each of the potentially remaining time
steps 7 € {0,...,T —t}. The delaying cost C(¢) being fixed to 0.01, we observe, that
as at the global level, ECONOMY-v waits longer before making a decision yielding thus
better costs compared with ECONOMY-K approach that decides earlier.
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Figure 6.6: For the same incoming time series x; (top figure), the expected costs (bottom
figure) obtained from ECONOMY-K and ECONOMY-v approaches are different. Their

minima have different values and occur at different instants. Here, the delaying cost
C(t) = 0.01 x t.

6.2 Experimental evaluation on real-like data sets

The goal here is to test the methods with real like data sets. For this, we choose data

sets from the UCR Time-Series Classification/Clustering Repository [62].
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6.2.1 Real data

A variety of real data sets from the UCR repository [62] are provided from a wide range
of application domains with different characteristics. The data sets contain different
number of time series with different lengths. The classification tasks within these data

sets are also different in terms of the number of target classes.

In this thesis, since we treat only binary classification problems, the data sets used
in the experiments correspond to real binary classification problems. As an example,
the data set FordA includes time series collected from an automotive subsystem. Each
example in the data set consists of a time series composed of 500 data points recording
the engine noise and a label describing the diagnostic result according to a certain symp-
tom. Class +1 is associated with the diagnosis that the symptom exists and —1 with the
diagnosis that the symptom does not exist. The complete list of data sets on which we

experiment the methods are summarized in Table A.8.

Originally, the data sets were provided with two separate train and test sets. As we
need three sets in our algorithm (81, 82 and 7), with 8; is the training set, Sy is the
validation set and T is the test set, we combined the original train and test sets and then
randomly divided the total into three sets of the same size. For data sets of small sizes

(less than 500 time series), 10-fold cross-validation is used.

Since for all data sets costs are not specified, we set the misclassification costs to
C(gly) = +1if g =y and —1if § # y. And, to make the early-decision tasks, we set
cost functions for delaying decisions as an increasing cost function: C(¢) = d x t, where
d € {0.001,0.01,0.05,0.07,0.1} ranging the delay cost from low to high values.

6.2.2 Empirical results

We choose to report here an abbreviated table 6.10 that depicts the results of 5 real data
sets: DistalPhalanxOC, ECGFiveDays SonyAIRobotSII, Strawberry and TwoLead ECG.
The complete results are available in Tables A.6 and A.7.

From Table 6.10, we notice that both approaches show the behavior expected from
an early decision system on real data sets as it was vindicated on synthetic data sets,
viz: (i) the time of decision decreases when the delaying cost function increases, and (ii)

the system decides that it is not worth waiting and it is better to make a decision at the
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Data | C(t) | ECONOMY-K ECONOMY-y
Toom  Orem Tperv  Cprom | Thrw  Crom TPery Crerom | Tion  Ciom
S 0001 80400 031 90414 034 | 207131 042 5474140 044 | 1414139 088
2 | 001 80400 -0.23 86+0.9 -025 | 109425 -0.25 13.8+35 -0.23 | 141+139 -0.76
E 0.05  80£00 009 8204 009 | 89419 011 92421 011 | 10.3464 -0.22
E | 007 80£0.0 025 82+04 025 | 80400 025 82309 022 | 98452 -0.02
A | 01  80+£00 049 81404 048 | 8.04£00 049 81+04 048 | 89425 0.25
, | 0001 165441 -0.6 16.9+3.1 -0.61 | 587+162 -092 63.0£152 -091 | 16.8£10.7 -0.98
& | 001 13.0£0.0 -0.51 15816 047 | 170494 0.5 23.7+10.0 -0.44 | 168107 -0.83
-E 0.05 130400 001 149414 012 | 132404 003 139414 005 | 151462 -0.18
é 0.07 130400 027 141+14 035 | 130200 027 132406 03 | 147452 0.12
01 13.0400 066 134410 071 | 13.0£00 066 131404 069 | 141439 0.55
£ 0001 195451 -0.76 120449 -072 | 1484117 -0.77 255+16.1 -0.82 | 80445 -0.99
S | 001 70400 071 96+17 063 | 101455 -0.66 119441 -0.62 | 8.0+45 092
8 | 005 70%00 043 8313 036 | 83421 036 93+22 028 | 78438 06
T | 007 70400 020 7T8tL1 -022 | 83421 02 89422  -0.14 | 7730 -045
S | 01  7.0£00 008 7306 -0.04 | 81421 0.03 8421 006 | 7521 022
Z 0001 79430 056 101438 -0.72 [ 1674122 -086 23.3+162 -086 | 7.0425 -0.99
2 | 001 6307 -0.52 8.0+23 -06 | 137460 -0.72 138+53 -0.74 | 7.0425 -0.92
§ 0.05 6.0+£00 028 7.0+£12 023 | 6.0£00 028 81429 031 | 7.0£25 0.6
Z | 007 60400 -016 66+1.0 -0.04 | 60400 -0.16 6.7£1.7  -0.16 | 7.0425 -0.51
E 01  60£00 002 63+£07 003 | 6.0£00 002 6310 002 | 69421 -0.3
0.001 258404 04 258413 -0.37 | 5184388 -0.85 57.0£174 -0.86 | 26.749.0 -0.96
£ 001 246+14 006 257411 -0.14 | 3704113 041 383+112 041 | 267400 -0.72
T | 005 230400 073 250405 084 | 239419 076 248424 079 | 261+6.5 034
& | 007 230400 119 248£07 133 | 23.04£00 119 234412 122 | 256453 0.86
01 230400 188 247407 205 | 23.0£00 188 232408 19 | 250441 1.62
o | 0001 80£0.0 036 177429 -0.83 | 251490 095 268493 094 | 9.0£21 -0.99
S | 001 80400 029 161434 064 | 158456 076 17.1456  0.75 | 9.0421 091
§ 0.05  80£00 003 86422 006 | 101425 -014 103426 -0.13 | 9.0421 -0.55
£ | 007 8000 009 S1EL1 02 | BTEL6 043 05+L9 006 | 90421 037
01  80£00 043 80+£0.2 043 | 80400 043 89+15 038 | 90421 0.1
Table 6.10: Experimental results of ECONOMY-K vs ECONOMY-v approaches over

UCR real data sets.

first possible moment even though the quality of the decision might be quite low. From

Figure 6.7, one can observe that over all the real data sets used in this experiment and
for low values of delay cost C(t), ECONOMY-v approach outperforms ECONOMY-K
approach. In fact, ECONOMY-v tends to wait further than ECONOMY-K which yields

more benefit.
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Wilcoxon Signed-Rank Test for comparison
In order to compare both methods ECONOMY-K and ECONOMY-v, we used the
Wilcoxon Signed-Rank test since we had only 11 data sets over which the performances

of the methods were measured.

Caelay(t) | 0.001  0.01 0.05 0.07 0.1

Z 63 51 23 10 10

Table 6.11: Wilcoxon Signed-Rank Test over the real data sets with « = 0.05, n—1 = 10
degrees of freedom and a significance level 8.

Table 6.11 provides the results for the Wilcoxon Signed-Rank Test over the real 11
data sets with a = 0.05, n—1 = 10 degrees of freedom and a significance level equals to 8.
The test considers the differences between the real incurred costs Crewm estimated by both
methods. Similarly to the results obtained using the synthetic data sets, the Confidence-
based method ECONOMY-v is remarkably performing better than the Clustering-based
method ECONOMY-K (largely above the significance level for v = 0.05).

Impact of varying the number of clusters in ECONOMY-K approach and the
number of Markov states in ECONOMY-v approach

Term CroM  Tpprm  Cprem
#Quantiles ECONOMY-~
5} 16.6+4,3 -0.907 17.343.48 -0.82
10 17.14£3,8 -0.901 18.3+3.9 -0.85
#Clusters ECONOMY-K
) 5.741.0 -0.13 14.5+7.1 -0.64
10 8.32+6.7 -0.51 8.60+6.7 -0.516

Table 6.12: Impact of varying the number of clusters (ECONOMY-K) and the number
of Markov states (ECONOMY-v) over the ItalyPowerDemand real data set.

Table 6.12 shows the impact of varying the number of clusters K in ECONOMY-K

approach and the number of Markov states IV in ECONOMY-v approach over the Italy-

PowerDemand real data set. Results of the optimal time decision and the cost incurred
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ECONOMY-K ECONOMY-v
# groupes K=5 K=10 K=5 K=10
Bases T Crom | Thra Crod | Thrm Crom |Thrm Crom | Ciom

ItalyPowerDemand | 5.7 -0.13| 832 -0.51| 16.6 -0.907| 17.1 -0.901|-0.99
DistalPhalanxOC | 19.90 -0.41| 8.0 -0.31]21.73 -0.424|19.03 -0.424-0.88
ECGFiveDays 14.8 -0.61|20.64 -0.58|58.72 -0.917|54.43 -0.92 |-0.98
MoteStrain 63.18 -0.63 | 41.51 -0.7 |15.72 -0.69 |15.28 -0.69 |-0.96

Table 6.13: Impact of varying the number of clusters (ECONOMY-K) and the number
of Markov states (ECONOMY-v) over the ItalyPowerDemand real data set.

by both methods are given when varying K € {€ 5,8,12,15,16} and N € {5,10}.

One important observation is that, for the ECONOMY-K approach, the number of
clusters K heavily influences the results. By contrast, the number N of Markov states

(here N =5 and N = 10) has no noticeable effect on the results.

Individual behaviors
The above results obtained by applying the proposed approaches over real data sets,
aggregate the measures on the whole testing set. It is interesting to look as well at

individual behaviors.
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Figure 6.8: For the same incoming time series x; (top figure), selected from the real
data set DistalPhalanzOutline Correct, the expected costs (bottom figure) obtained from
ECONOMY-K and ECONOMY-v approaches are different. Their minima have different

values and occur at different instants.

For instance, Figure 6.8 shows the expected costs fr(x;) for the same incoming
time series x¢, selected from the real data set DistalPhalanzOutlineCorrect, for each
of the potentially remaining time steps 7 € {0,...T — t}. For a fixed delaying cost
(C(t) = 0.01), we observe, that ECONOMY-K decides earlier (even at the first instant),
however ECONOMY-v waits longer before making a prediction yielding thus more ben-
efit compared with ECONOMY-K approach. Here, again, we observe the same behavior

as the one obtained on synthetic data sets.
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6.3 Towards applying ECONOMY-K and ECONOMY-v on

individual electricity demand

This thesis is carried out under the CIFRE agreement (industrial agreement for train-
ing through research) at FElectricité de France EDF. As part of the smart grid project
and energy transition, the first objective of the thesis was to reduce peak energy demand
through customers targeting. The idea is to improve peak curtailment by focusing efforts
and resources on those customers most likely to participate to the daily peak demand. It
is noteworthy that the daily peak demand in France is triggered only few days annually
when extreme cold leads to high demand for electric heating. During these periods, cus-
tomers are encouraged to reduce their consumption by changing electricity prices that
increase during periods of high demand and decline during periods of low demand. Tri-
als have shown that customers that are aware of the high price of peak electricity usage
tend to consume less during periods of high demand (e.g. running dishwashers at 9 pm
instead of 6 pm). This plan can be more effective if customers are targeted as early as
possible during the day when peak demand is expected. Communication and metering
technologies can inform smart devices in targeted households when energy demand is
high and encourage them to reduce their consumption.

Targeting customers for peak curtailment should then be performed, as early as pos-
sible during the day, with respect to expected peak demand days. However, bringing
in practice this plan using our early classification framework is not trivial and entails

confronting two substantial difficulties:

1. The first difficulty is that properties of individual electricity demand are not con-
trolled which makes it difficult to evaluate results when applying ECONOMY-K
and ECONOMY-~.

2. The second difficulty is to set the cost matrix where each cell of the matrix roughly

corresponds to a different trade within EDF.

Regarding the first difficulty, we succeeded to resolve it by simulating data that have the
advantage of resembling to individual electricity demand and have the same properties
of real data, in addition to being controlled. However, estimating the elementary costs,
in the cost matrix needs: to involve different trades, to standardize their respective costs
and probably to build models to estimate these costs from some available information.
For all these reasons, and since it needs huge efforts to set the cost matrix, we did not
delve into this since it is not the crux objective of this thesis. Setting the cost matrix in

the specific case of electricity demand seems difficult, but this does not exclude that in
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other domains this may be easy to obtain.

In the following, we give a brief description of the framework and properties of the
simulated data as part in energy demand. Then, we present a possible scenario of two
classification tasks on which ECONOMY-K and ECONOMY-v can be evaluated. In a
future work, it would be interesting to estimate the cost matrix and make meaningful
predictions using ECONOMY-K and ECONOMY-v early classification approaches.

6.3.1 Realistic simulation of individual electricity consumption

Synthetic data were often deemed unrealistic mainly because they lack the underlying
properties and content of real data. Using realistically simulated data with a known
ground truth provides hence a good baseline for evaluating the considered algorithms
and makes easy the transition for applying these algorithms on real data.

From this, we suggest that it would be interesting to test our proposed approaches on
data generated using the realistic and very fast simulator we contributed in [16]. In
fact, we suggested a new approach for realistic and very fast data generation. In a nut-
shell, the so-called MODL-Markov generative model of time series used in this approach,
proposes to efficiently simulate realistic individual electricity consumption data by com-
bining Markov chains and co-clustring models. The main idea is to partition the training
time series using the MODL co-clustring approach [18] in order to construct as much as
diverse clusters of individual behaviors. Then, Markov chains are build on each cluster
in order to learn the dynamic temporal correlations within time series. We refer the

interested reader to [16] for more details on this approach.

Using the time series simulation model proposed in [16], we generate data sets based on
the real world database provided by the Irish CER'. This real data set originates from
a smart metering trial in 4600 households across the Ireland. The individual electricity
consumption of each household were recorded during 500 days at 30-minute intervals.

The generator being learned over this real data set makes it possible to simulate as much
as needed realistic and very large quantities of data in few timings. The simulated data

set used in our experiments has the following characteristics:
e 10.000 meters are used to simulate daily electricity consumption.
e 55 models are learned on the training real data.

e 152 clusters are provided using the MODL co-clustering approach.

LCER(Commity of Energy Regulation) Smart Metering Trial Data Publication, 2012.
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e Each cluster includes the electricity consumption provided with the meter id and

the date including the day in the year and the timestamp.

e The generated time series are not labeled.

6.3.2 Two possible supervised tasks

The idea behind using such a data set is (i) to evaluate the proposed approaches on data
that are very similar to real electricity individual consumption data, and (ii) to examine
the impact of varying the difficulty of the task on the decision time 7Tgpy, and the real
cost Crenm. Varying the difficulty of the task corresponds to the parameter 7(t) varied
in the synthetic data .

It is expected that the decision time increases as the task is more difficult and decreases
if the task is less difficult. To confirm these properties which are desired from early
classification algorithms and in order to check the validity of the conclusions obtained

from synthetic data sets, two binary classification problems could be considered:

1. Classification problem 1: In the first problem, as the total data is optimally
partitioned into 152 clusters, we propose to compose the training set of time series
using the two most distant clusters. Actually, a similarity measure or a distance
can be used to determine these clusters. We build a supervised classification task
by labeling time series in a one cluster with +1 class and time series in the other
cluster are thus labeled with —1 class. This setting supposes that the classes are well
discriminated as time series from both clusters are well separated. This potentially

makes the classification task less difficult to solve.

2. Classification problem 2: In the second problem, time series in the two closest
clusters are used to train the classifier. The time series are then labeled according
to their respective cluster as described earlier. Here, since time series from the
two clusters are close, their classes may be confused. This potentially makes the

classification task difficult when discriminating between the classes.

To measure the the similarity between a pair of clusters, the Kullbak-Leibler Divergence
(KLD) can be used. It is defined as:

P(i)
Q(7)

Dkr(P,Q) = ZP(i) log (=) (6.2)

Where P and @ are two discrete probability distributions.
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Summary

In this chapter, we have applied our contributions (see Chapter 5), two different cost-
sensitive online decision algorithms (named ECONOMY-K and ECONOMY-v), to dif-
ferent classification tasks.

We have examined their performances in different environments by using synthetic
and real data sets, compared their behaviors when varying some parameters that impact
the decision making process and concluded that the obtained results meet the specific
properties and behaviors expected from early decision systems.

Specifically, both proposed ECONOMY-K and ECONOMY-v approaches, which try
to solve the same generic optimization criterion ECONOMY (see Section 5.2), using two
different segmentation techniques, yield experimental results that remarkably agree with

what one would expect from an early decision system, viz:

e The time of decision rises when the classification task is increasingly harder (for in-
stance, if the data is increasingly noisy), up until a point when, given the difficulty
of extracting information from the signal, the systems know from their experience
that classification gains in the future cannot overcome the delaying cost, thus de-
ciding that it is not worth waiting and it is better to make decision at the first

possible moment even though the quality of this decision might be quite low.

e The time of decision decreases when the delay cost function increases more rapidly

with time.

Furthermore, ECONOMY-v approach shows significant better results than ECONOMY-

K on the synthetic and real data sets. We can interpret this by the fact that the in-
formation about the class labels of time series are taken into account when segmenting
leads to groups of time series that significantly differs one from the other. Consequently,
this ensures confusion matrices that are significantly different one from the other. This
is less clear regarding the confusion matrices obtained by a clustering technique in the
ECONOMY-K approach.

Finally, we have described a use case for applying ECONOMY-K and ECONOMY-~ on
individual electricity demand and shown difficulties of such an application regarding the
setting of the cost matrix and the control of data properties. For this latter, we have
proposed a simulation model that has the advantage of generating data having the same
properties of individual electricity demand and suggested two supervised problems on
which ECONOMY-K and ECONOMY-v could be applied and evaluated.
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Figure 6.7: The performance of ECONOMY-K vs ECONOMY-v over 11 real data sets
from UCR archive (lengths of time series in each data set are also specified). The z-axis
represents the delaying cost C(t) and the y-axis represents the estimated decision time
Trrm depicted with solid lines and its associated real cost Crom depicted with dashed
lines.
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Chapter 7

Conclusion and Perspectives

This thesis investigates the early classification of time series problem. Our main con-
tribution is to provide solutions to a clearly identified problem: the optimization of the
trade-off between the quality and the earliness of predictions when delaying the decision
is costly.

In the next sections, we summarize our major contributions and emphasize the main
properties of the adaptive and non-myopic cost-sensitive online decision making frame-
work (ECONOMY). We then point out some future works including some areas of our

work extensions and possible perspectives.

7.1 Contributions

We have made a number of novel contributions to time series early classification problem:

e We have explicitly identified two sub-problems for making early predictions: (i)
classifying incomplete time series, and (ii) estimating online the optimal time for
making a prediction. These two sub-problems are independent. While the first
concerns the implementation of early classifiers and examines their ability to label

incomplete time series, the second deals with strategies for online decision making.

e We have proposed an early classification framework that explicitly endows early
classifiers with a decision function (named Trigger) that decides the time for mak-
ing a prediction. The way Jrigger is implemented allows one to make a fair com-

parison with the state-of-the-art early classification methods.

e We have cast the early classification problem to a cost-sensitive online decision

making problem and proposed a generic optimization criterion that explicitly takes
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into account the cost of delaying the decision, along with misclassification costs.
This new formalization allows one to optimize the gain of information that, that is
expected to incur lower misclassification costs when delaying the decision, against

the cost of such a delay.

e We have proposed two algorithms, ECONOMY-K and ECONOMY-v that use
different segmentation techniques and implement the generic optimization criterion,
along with estimating, online, the optimal future time for triggering the predictions

and offer adaptive and non-myopic decisions.

e We have tested the proposed algorithms on synthetic and real world data sets and

shown that they meet behaviors expected from early classification systems.

7.2 Research methodology

In the following, we describe the basic ideas behind our research methodology and try to

point out the choices that we were led to make and their potential impacts.

7.2.1 The question of the thesis

In this thesis, we described the problem of making early classifications of time series in
terms of the following question: how to decide, online, that now is the optimal time to
make a prediction given an incoming yet incomplete time series x;? We answered this
question by proposing a new formalization that explicitly takes into account the cost of

delaying the decision and optimizes the time against the gain of information trade-off.

7.2.2 Ideal early decision rule

We started by assuming that in an ideal framework, the optimal time Tgea1 for classifying
a time series x; would be decided by an ideal (unrealistic) early decision function, defined

as:

[ (xe) = Clhe(x2) = yly) + C(t) (7.1)

where hy(x;) is the prediction output for the class label of x; using a classifier h;
(learnt over training time series trimmed to their ¢ first data points).

The ideal time to make a prediction is thus:

Tideal = ArgMin ftideal(xt) (7.2)
te{L,...T}
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ideal
Tideal

Ideally, Cigeal = (Xri4en ) 1 the illusory cost that the system would endure if it

made a decision as soon as the prediction is correct hy(x;) = y.

This being not reachable in practice, we proposed a possible estimate of the ideal early
decision function that we called optimal early decision (ECONOMY: Early Classification
for Optimized adaptive and NOn-MY opic online decision making).

7.2.3 ECONOMY: Optimal early decision

To obtain an optimal estimate of the ideal time decision Tigea) that, in addition, takes

into account the peculiarities of the incoming time series x;, we proposed:

Fxe) = S Plylxe) 37 Puily.xi) x Claly) + C(1) (7.3)

yeY y€eY

If the cost is computed for all time steps t € {1...,T}, the optimal time t* for the

decision problem is defined as:

t* = ArgMin f(xy)
te{l,...,T}

This formulation is optimal a posteriori when all T' data points of the input time series
are available and costs for all time steps are computed. However, it does not readily yield
a method for finding, online, the optimal decision time.

In order to make a decision online, we proposed an online optimal early decision

described in the following.

7.2.4 Online optimal early decision

To overcome these problems, i.e. estimate online the optimal time while taking into
account the incoming time series, we proposed two meta-algorithms that are based on
the same idea: given an incoming time series x;, and although 7' — ¢ data points are still
missing, we computed the expected costs fr(x;) of classifying x; for each future time
step 7 € {0,...,T —t}. This yields the expected best future time for making a decision
as:
t* = t+ ArgMin fr(x;)
re{0,....T—t}
where fr(x¢) is a function assumed to be able to estimate the cost associated to the

incoming time series x;, which ¢t < T, for each future time step 7 € {0,..., T —t}. In
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the following, we present how we formulated this function.

7.2.5 The need of segmentation

To implement the above mentioned idea, i.e. estimate the costs for each future time step
7 €{0,...,T —t}, an alluring solution is to leverage the complete information contained
in the training set to make adaptive estimate of the future costs given x;. To achieve this,
we suggested to capture these complete information by using a segmentation technique

that is able to capture typical evolutions of the training time series.

We proposed two meta-algorithms ECONOMY-K and ECONOMY-v that extend

the generic optimization criterion ECONOMY and use two different segmentations:

1. the segmentation in ECONOMY-K is performed on time series in their time-
domain form. It is concerned only with values of time series, and uses a clustering

technique to segment the complete training time series once and for all.

2. the segmentation in ECONOMY-v is realized over the set of complete training
series, like in the clustering approach. But, by contrast with the latter, the seg-
mentation here should be more informed because it also uses the class labels of
the time series thanks to the confidence levels computed by the used probabilistic

classifier (see explanations in Section 7.2.7).

7.2.6 ECONOMY-K: Clustering-based approach

The segmentation of the complete training time series is performed in this approach by
using a clustering technique. A number of K clusters is decided and a distance function

is used to form these clusters. The optimal early decision equation thus becomes:

Fr(xe) = D> Plexlxe) D Plyler) D Prar(ily, &) C(3ly) + C(t +7) (7.4)

L E€C yeY ISy

where P(cg|x¢) is a specific similarity measure computed between an incoming time
series x; and each cluster ¢;. The conditional probabilities Py (9|y, cx) computed at
each time step and for each cluster ¢ are the terms of the confusion matrices estimated
at each time step and associated with the classifier hi(x;) = ¢ that predicts the class

label of x;.
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7.2.7 ECONOMY-v: Confidence-based approach

The segmentation in this approach is performed by computing the quantiles of the outputs
of a probabilistic classifier g; over the training set, at each time step ¢t € {1,...,T}. Each
quantile, that we named confidence interval, is considered as a state in a special Markov
chain in which the states at time ¢ are not connected between each other but fully
connected with the states in the next time step. This makes it possible to estimate the
transition matrices over time and code an incoming time series by a sequence of states,
thanks to its probabilistic predictions g¢(x;), obtained at each time step, for the available

data points. In this second approach, the optimal early decision equation becomes:

Z Z (Year = L)) Perr @y, veer =€) x C(gly) + C(t +7)
y,g€Y (=1

Note that this is a very simplified version of the decision rule we proposed in Section
5.5.

In order to assess the robustness of the proposed approaches and their ability to make
optimal early predictions, we conducted a number of empirical studies in which we: (i)
assessed the performances of the proposed methods regarding their abilities to make
early predictions as it is expected from early classification systems, and (ii) compared

the proposed methods the one against the other.

7.2.8 Empirical assessments of approaches with respect to the ex-
pected behaviors of early classification systems

To achieve this task, we conducted an empirical study in a controlled context and defined
the behaviors we want to examine in our approaches. The question we asked was the

following: how does the estimated decision time varies with:

e The rate of information gain (i.e. the hardness of the supervised task)
—— The higher the rate, the earlier the decision (except if very low rate)
e The similarity between time series in different classes
—— The higher the similarity, the later the decision
e The cost of delaying decision

—— The higher the cost, the earlier the decision
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Based on experimental results we obtained using synthetic and real data sets, we
showed that both approaches not only successfully meet what was expected from early
classification systems, but also provide an interesting property: in some situations, when
estimating that additional data points will not improve the prediction, the proposed
methods decide that it is not worth waiting and make a prediction early on, often at the

earliest possible moment.

7.2.9 Empirical assessments: comparing one approach against the other

From the empirical results (see Chapter 6), we observed that the Markov chain-based
approach ECONOMY-v outperforms, in majority of cases, the clustering-based approach
ECONOMY-K over synthetic and real data sets. We interpreted this finding by the fol-
lowing: in ECONOMY-v, the fact that the information about the class labels of time
series are taken into account when segmenting leads to groups of time series that sig-
nificantly differs one from the other. Consequently, this ensures confusion matrices that
are significantly different one from the other. This is less clear regarding the confusion
matrices obtained by a clustering technique in the ECONOMY-K approach.

To recap, according to the empirical assessments, it is clear that ECONOMY-v out-
performs ECONOMY-K, but at the same time, both approaches succeeded to meet early
classification requirements.

Furthermore, what was not questioned in our work is, whether our estimates are
optimal, how can we theoretically assess this, can we do better, i.e. can there be any
improvements? In this thesis, we had not formally answered these questions, but, in the

following paragraphs, the intention is to give some directions for future works.

7.3 Future works

Early classification of time series is emerging as an active area of research in many
real application areas. Many challenges still lie ahead. Regarding our work, we have
contributed to explicitly formalize the problem and propose solutions to solve it. In the

following, we propose to highlight and identify some interesting leads.

7.3.1 Some leads for possible improvements

We are aware that in this thesis, no impact assessment has been carried out to take stock
of how different choices (detailed below) could have been taken in our decision policies.

That is why we give here some leads for improvements that it would be very interesting
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to explore in future works.

e Choice of the time series representation. A first improvement can come from a
good choice of data representation. Many recent researches (e.g. [44], [60], [67], and
many others) point out that there is a growing consensus that a good choice of data
representation, along with an appropriate distance function or similarity measure
can considerably enhance the predictive performance of classifiers (or predictive
models in general). Here, it would be useful to assess the contribution of using a
representation in the enhancement of final results in our framework. In our work,
while the proposed ECONOMY-K is performed on time series in their original
form, ECONOMY-v is carried out over sequences that code time series using a
specific transformation technique based on Markov chains. From the experimental
results, we observed that ECONOMY-v outperforms ECONOMY-K. Of course,
here, we are not sure about the contribution of changing the representation of time
series in the success of ECONOMY-v over ECONOMY-K since both approaches
use different segmentation techniques. However, it would be interesting to compare,
under the same conditions, ECONOMY-v against ECONOMY-K and then make

meaningful conclusions about the role that would play time series representations.

e Choice of the early classification strategy. The second improvement can be
obtained by a good choice of the early classification strategy. In Chapter 3, we
presented a non-exhaustive list of possible strategies that can be used to make an
early classifier able to label incomplete time series. We distinguished, (i) strategies
that implicitly or explicitly use the complete information contained in the training
time series in order to impute the missing values, (ii) strategies based on changing
the representation of time series to another time-invariant representation where it
is possible to obtain complete data vector from incomplete time series, and (iii)
strategies that directly deal with missing values, for example, by training a set of
classifiers, each at each time step. In our experimental settings, we used the latter
strategy where a series of classifiers H = {h;}1<;<7 are independently learnt over
training time series trimmed to their ¢ first components. In future work, under the
same conditions, one can compare the different strategies, for instantiating early

classifiers, regarding their contribution in improving the early predictions?

e Choice of the type of classifier. The third improvement can be achieved by

making a good choice of the classifier type. On the one hand, when a large amount
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of data is available, the choice of a classifier over another, generally has little impact
on final results, making it difficult to make a clear-cut choice. In this case, a best
choice may be based on the scalability of training and the complexity of execution.
On the other hand, for small sizes of the training data sets, the choice of a classifier

may depend on its performance in specific classes of problems.

e Choice of the segmentation. The fourth improvement can be achieved by the
choice of a good segmentation method. The objective of the segmentation is to
build meaningful groups of training time series in order to yield confusion matrices
that are significantly different for a better estimation of the optimal decision time.
In Chapter 5, we proposed two different segmentation techniques. The first uses a
clustering algorithm and the second is based on special Markov chains constructed
over the training set of complete time series. In the empirical assessment, we
showed that the use of different segmentations impacts the early prediction results
(see Figure 5.3). The question that can arise here, is: besides the ones already
explored, are there other, better ways to segment training data, with the aim to

make better estimates of the optimal decision time?

7.3.2 TIs there an equivalent to empirical risk and real risk?

As in statistical learning theory, one wants to have a bound on the expected error of
a considered algorithm. In our context, it would be also interesting to compare the
performance of our early decision rule to the best possible one. However, one should first
define what the best early decision rule is. In Section 6.1, we assumed that an optimal
decision rule can be defined by C(h(x;) = y|y)+C(t). However, this rule is unrealistically
optimal since it makes a decision as soon as the prediction is correct, hy(x¢) = y, which
can happen accidentally even though the prediction function h; is bad. Otherwise, how
one can define the optimal decision rule? This is an interesting but non-trivial problem

that needs to be particularly addressed.

7.3.3 Why not learning the optimal time?

Another question that can arise when making online decisions is why not directly estimate
the optimal decision time given an incoming time series? A possible straightforward
approach would be to learn a regression model on the training set S, where the target
variable is no longer the class label describing a time series but its corresponding optimal

time.
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Here, again, before solving the supervised learning task, one should first define what
the optimal time is. It turns out that this question is strongly related to the hard question
of how to define an optimal early decision rule to determine optimal costs? Therefore,
the problem is twofold and it will be particularly interesting to investigate it. In addition,
the way this optimal time is defined here, one can fear that results exhibit a high variance

level, which would certainly lower the quality of the regression.

7.3.4 Possible extensions of the proposed approaches

There are a number of extensions that could be made to the ECONOMY framework.
Particularly, extending it in order to deal with multi-class and multi-label classification
problems.

The cost-sensitive early classification approaches proposed in this work successfully
addressed binary and single-label classification problems. However, extensions to multi-
class and multi-label classification problems are not straightforward for both approaches.
While approach ECONOMY-K can be naturally extended to the multi-class case, the
ECONOMY-v needs some special reformulations to be extended.

The extension to the multi-label problems is difficult for both approaches and is
generally difficult for the multi-objective optimization problem we considered in this

work.

7.3.4.1 Extending ECONOMY-K to multi-class problems

To be extended to the multi-class problem, ECONOMY-K has only to use a classifier

that supports multi-class problems. In our experiments, we used a Multilayer Perceptron

(MLP) that is able as well to provide natural extension to the multi-class problem.
Thus, extending EFCONOMY-K is straightforward provided the used classifier should

be able to give predictions in multi-class case.

7.3.4.2 Extending ECONOMY-v to multi-class problems

The extension of ECONOMY-v to multi-class problems is not a trivial task. Indeed, the
segmentation technique used in this approach is mainly based on discretizing a confidence
interval obtained, at each time step, from the outputs of a probabilistic classifier g;
(over a training set), that somewhat reflects the probability that the class +1 has been
predicted for a time series x;. In the binary case, it is possible to have good estimates of
such score or probability and it is easy to consider a class against the other. However, it

becomes generally more difficult to obtain efficient estimates of these probabilities in the
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multi-class case. In addition, it would be also difficult to apply one-vs-one or one-vs-all

techniques mainly when trying to combine results.

7.3.4.3 Extension to multi-label problems

In multi-label classification, each time series is associated to a set of labels. For example,
in medical diagnosis, a patient may be suffering, at the same time, of two distinct diseases
such as diabetes and asthma. In the literature (see [97]), the problem is handled using
either (i) transformation methods that transform the problem into one or more single-
label problems, or (i) adaptation methods that arrange to deal directly with multi-label
problems. These extensions are increasingly studied, yielding so far many solutions and
learning algorithms. Now, in our case, how to address the extension of our framework to
multi-label problems while a trade-off between two contradictory objectives: the earliness
and the quality of predictions should be optimized online? Intuitively, using transforma-
tion methods will give bad results, since, the average over all the optimal results obtained
from single-label problems may be less optimal. We think that this needs to solve a nice

problem of multi-label multi-objective classification problem.

7.4 Conclusions

In this thesis, we focused on the early classification of time series task that is useful in
many real application domains. From a thorough study of the state of the art, we have
addressed two basic challenges for making early predictions: (i) the capacity of making
a prediction on the class label of incomplete time series, and (ii) the estimation of the
optimal time for making a prediction.

In Chapter 2, we explicitly defined the early classification problem and proposed a
new framework that endows early classification systems with a decision function, which
we named Trigger function, that decides when to make predictions.

In Chapter 3, we examined the problem of classifying incomplete time series. We
proposed a categorization of the different state-of-the-art methods for implementing early
classifiers.

In Chapter 4, we focused on the problem of online decision making and critically
examined the state-of-the-art methods according to the Jrigger decision function.

In Chapter 5, we formalized the early classification problem as a cost-sensitive online
decision making problem and proposed a generic optimization criterion that we called
ECONOMY, Early Classification for Optimized and NOn-MYopic online decision

making, that involves two types of costs: misclassification costs and delaying of decision
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costs. Through ECONOMY, we proposed two efficient algorithms that have many in-
teresting properties including: the estimation of the future optimal time for making a
prediction, adaptive and non-myopic decisions.

In Chapter 6, extensive experiments on synthetic and real data sets vindicated the

robustness of the proposed algorithms.
The methods presented here should provide a useful tool for many early classification

tasks. Besides this, the proposed methods can contribute to other tasks such as anytime

classification, etc.
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c) | n(t) ECONOMY-K | ECONOMY-y
TETM CroM = TPprm CPROM TETM CroM = TPprm CPROM TITM Crom

0.1 | 16.8€1.2 -0.67 14.8%1.6 -0.59  26.1+12.7 -0.73  22.246.9 -0.66 6.5+3.4  -0.96
0.2 | 249£15 -0.61 24.5+2.7 -0.61  33.3£125 -0.7 30.3£7.5 -0.64 7.3+£5.2  -0.99
0.5 | 17.5£3.2 -0.2 17.2+£2.6 -0.21 39.9+£73  -0.59  41.6£7.8 -0.53 11.1+£9.5  -0.95
1.0 | 13.5£54 -0.08 21.0+3.9 -0.13 38.5+8.8  -0.37 42.8+7.0 -0.36 | 11.5£11.5 -0.92
0.001) 1.5 | 184455 -0.09 12.4+43 -0.04 35.749.3 -0.24 43.1£6.5 -0.25 | 12.4+10.6 -0.96
5.0 | 10.5£6.2 0.0 10.2£5.0 0.01 6.2£2.6 0.0 9.3+4.3 0.01 14.5+13.8 -0.9
10.0 | 17.1£9.9 0.01  14.0#10.0 0.01 13.5£1.9  0.01 13.4£2.0 0.0 15.6£15.1 -0.86
15.0 | 23.0£10.6 0.04 15.4+10.8  0.03 8.4+1.2 0.0 9.84£3.2 0.0 13.5£12.6 -0.88
20.0 | 22.1+11.3  0.04 16.7£11.6  0.03 14.3£4.9  0.02 13.9+4.4 0.01 13.8412.9 -0.9

0.1 | 12.9£34 -0.4 14.0+0.7 -0.44 17.2+£53  -0.57 16.7£3.4 -0.47 6.5+3.4 -0.9
0.2 | 148+1.6 -0.28 15.842.5 -0.28 228464 -046 23.6+5.5 -0.36 7.3£52  -0.92
0.5 | 10.2£3.0 0.01 16.942.5 -0.06 22.7+11.3 -0.18 32.9+104 -0.13 11.1£9.5 -0.85
1.0 | 10.24+1.4 0.05 14.3+1.9 0.05 14.6+6.4 0.02 33.0+12.6 0.02 11.5+11.5 -0.82
0.01 | 1.5 4.1£0.6 0.04 8.9+3.3 0.07 15.4+12.1  0.06 27.7£11.7 0.06 12.4+£10.6 -0.85
5.0 4.7+1.0 0.04 7.1£2.0 0.07 5.0£0.0 0.05 8.0£3.7 0.08 14.5+£13.8 -0.77
10.0 | 4.0£0.0 0.04 4.3£0.6 0.04 10.7£3.9 0.1 11.0£3.5 0.11 15.6£15.1 -0.72
15.0 | 4.7x1.4 0.04 5.1£1.7 0.05 8.4£1.2 0.08 9.1£2.6 0.09 13.5£12.6 -0.76
20.0 | 4.0£0.0 0.04 4.8+1.4 0.05 6.3£1.5 0.06 8.3+4.5 0.08 13.8£12.9 -0.78

0.1 4.040.0 0.13 4.3+14 0.14 9.9+3.4 0.03 10.9+3.4 0.08 6.5£34  -0.64
0.2 4.0£0.0 0.2 5.6+3.9 0.26 5.3£2.6 0.2 10.4+£5.1 0.23 7.3+£52  -0.63
0.5 4.04+0.0 0.2 4.4+1.7 0.22 4.040.0 0.2 6.9+4.0 0.32 10.7+8.8 -0.41
1.0 4.040.0 0.2 4.1+04 0.2 4.040.0 0.2 4.040.0 0.2 10.8+10.6  -0.36
0.05 | 1.5 4.0+0.0 0.2 4.8+1.3 0.24 4.040.0 0.2 4.040.0 0.2 11.7£9.7  -0.35
5.0 4.040.0 0.2 4.3+0.5 0.21 5.0+0.0 0.25 5.0+0.0 0.25 13.0+12.4 -0.2
10.0 | 4.040.0 0.2 4.04+0.0 0.2 4.040.0 0.2 5.2+2.4 0.26 12.5+12.5 -0.11
15.0 | 4.0£0.0 0.2 4.1+0.3 0.2 4.34+0.7 0.21 44408 0.22 12.0+£11.0 -0.22

20.0 | 4.0+£0.0 0.2 4.0+0.2 0.2 4.6+1.2 0.23 4.7+1.3 0.24 12.2+11.2  -0.23

0.1 4.04+0.0 0.21 4.3+14 0.23 5.1+2.4 0.22 8.2+3.4 0.21 6.5+3.4  -0.51
0.2 4.0£0.0 0.28 4.3+14 0.3 4.040.0 0.28 6.9+4.5 0.34 7.3£5.1  -0.48
0.5 4.0£0.0 0.28 4.1£0.8 0.29 4.0£0.0 0.28 4.0£0.0 0.28 9.8£7.8 -0.21
1.0 4.04+0.0 0.28 4.0+0.1 0.28 4.040.0 0.28 4.04+0.0 0.28 8.3+72  -0.17
0.07 | 1.5 4.040.0 0.28 4.0+0.4 0.28 4.040.0 0.28 4.040.0 0.28 10.1+£7.9 -0.14
5.0 4.0£0.0 0.28 4.1£0.3 0.29 5.0£0.0 0.35 5.0£0.0 0.35 9.4+9.1 0.02
10.0 | 4.040.0 0.28 4.040.0 0.28 4.040.0 0.28 4.040.0 0.28 8.6+8.6 0.1

15.0 | 4.04+0.0 0.28 4.0+0.2 0.28 4.040.0 0.28 44408 0.3 10.0+£8.8 -0.01
20.0 | 4.0+0.0 0.28 4.0+0.1 0.28 4.6+1.1 0.32 4.6+1.2 0.32 9.848.7  -0.02

0.1 4.040.0 0.33 4.040.0 0.33 4.040.0 0.33 5.7£2.9 0.35 6.5+3.4  -0.32
0.2 4.04+0.0 0.4 4.04+0.0 0.4 4.040.0 0.4 4.04+0.0 0.4 6.844.3  -0.27
0.5 4.040.0 0.4 4.040.0 0.4 4.040.0 0.4 4.040.0 0.4 8.0£5.8 0.06
1.0 4.0£0.0 0.4 4.0£0.0 0.4 4.0£0.0 0.4 4.0£0.0 0.4 6.6+4.7 0.05
0.1 1.5 4.0+0.0 0.4 4.0+0.1 0.4 4.040.0 0.4 4.04+0.0 0.4 8.7£6.5 0.14
5.0 4.04+0.0 0.4 4.0+0.2 0.4 5.0£0.0 0.5 5.0£0.1 0.49 6.1+5.2 0.25
10.0 | 4.0£0.0 0.4 4.0£0.0 0.4 4.040.0 0.4 4.040.0 0.4 5.94+4.8 0.31
15.0 | 4.0£0.0 0.4 4.0£0.1 0.4 4.0£0.0 0.4 4.4+0.8 0.44 7.3+6.4 0.26

20.0 | 4.0£0.0 0.4 4.0£0.0 0.4 4.0£0.0 0.4 4.6+1.2 0.46 7.0£5.7 0.23

Table A.1: Comparison table: results of clustering approach vs. confidence approach 2
(with trend = 0.005, over simulated sine dzitﬁg



A. APPENDIX: EXHAUSTIVE RESULTS

C(t) | n(t) ECONOMY-K ECONOMY-y
Thrm  CROM Tpprm CPROM THTM CreM = Tpprm CPROM T T

0.1 | 13.5£2.0 -0.75 15.5£1.0 -0.76 | 22.1£12.5 -0.75 18.7+7.4 -0.74 5.5+22  -0.92
0.2 | 14.6£2.0 -0.52 15.5+£0.9 -0.57 | 31.8£14.8 -0.72 22.946.5 -0.68 6.5+3.5  -0.95
0.5 | 20922 -048 20.7+1.9 -047 | 353£10.5 -0.7 34.6+7.8 -0.64 8.9+£6.3 -0.96
1.0 | 95+1.2 -0.05 18.7+4.7 -0.21 36.0£9.8 -0.61 42.0+7.8 -0.56 10.4+9.3  -0.95
0.001} 1.5 | 15.7£7.6 -0.11 14.2+56 -0.07 39.6+6.9 -0.48  44.5+5.2 -0.48 11.6+£9.0 -0.98
5.0 | 7.242.5 0.0 9.7£3.9 0.01 12.3+£13.5 -0.01 18.5+16.9 -0.03 | 13.9£12.8 -0.92
10.0 | 12.1£6.9 0.01  10.0+£6.4  0.02 12.1+4.2  0.02 12.6+4.4 0.02 15.2+14.4 -0.88
15.0 | 20.6£8.7 0.01  15.84£9.5 0.01 10.2+3.4 0.0 11.7+£3.6 0.01 13.6+12.6 -0.89

20.0 | 22.3£9.2 0.03  15.0£9.9 0.0 14.0+£6.6  0.01 12.6+5.0 0.01 13.7£12.7 -0.91

0.1 | 11.7£1.6 -0.62 154+1.1 -0.62 12.1+£1.6  -0.64 12.14+2.8 -0.62 5.56+£2.2  -0.87
0.2 | 14.6£2.0 -0.39 15.5+£0.9 -0.43 19.4+4.1 -0.55 17.5+4.0 -0.49 6.5+£3.5 -0.89
0.5 | 148+1.0 -0.22 15.2+0.8 -0.2 23.9£9.2 -041 26.1+6.6 -0.36 8.9+£6.3 -0.88
1.0 | 8.6%1.1 0.06 16.0+£2.0 -0.02 24.0£9.9 -0.21 33.748.3 -0.17 10.4+9.3 -0.86
0.01 | 1.5 | 41£05 0.04 9.6+4.3 0.08 23.9£10.0 -0.07 38.1+9.2 -0.09 11.6£9.0 -0.87
5.0 | 48%1.1 0.04 6.9+2.1 0.07 6.5£1.8 0.06 6.7£2.4 0.06 13.9£12.8 -0.79
10.0 | 4.0+£0.0 0.04 4.7+1.3 0.05 10.4+2.1 0.1 9.543.0 0.09 15.2+144 -0.74
15.0 | 49422  0.05 5.24+2.4 0.04 8.9+1.8 0.08 10.1£3.8 0.1 13.6+£12.6 -0.76

20.0 | 4.0£0.0 0.04 4.8+14 0.05 11.44+4.6  0.11 10.7+4.8 0.1 13.7+12.7 -0.78

0.1 | 404+0.0 0.04 51425 0.06 9.8+1.1 -0.18 9.61+2.0 -0.15 5.5+22  -0.65
0.2 | 40+02 0.16 15.0£24 0.2 10.9+1.6  0.05 10.7£3.5 0.04 6.5+£3.5 -0.63
0.5 | 4.040.0 0.2 13.0+4.5 0.4 4.240.4 0.21 9.4£5.6 0.25 8.9£6.2 -0.52
1.0 | 8.6%1.1 0.41 8.1+4.7 0.3 4.040.0 0.2 4.040.0 0.2 10.2+8.9  -0.44
0.05 | 1.5 | 4.0£0.0 0.2 4.6+1.3 0.23 4.040.0 0.2 4.040.0 0.2 11.4+8.7  -0.41
5.0 | 4.0+0.0 0.2 4.2+0.4 0.21 5.04+0.0 0.25 4.9+0.7 0.24 12.84+11.8 -0.24
10.0 | 4.040.0 0.2 4.0£0.1 0.2 4.040.0 0.2 72427 0.36 13.3£12.9 -0.14
15.0 | 4.040.0 0.2 4.140.3 0.21 4.340.7 0.21 4.440.8 0.22 12.5+11.4 -0.22
20.0 | 4.0£0.0 0.2 4.0+0.2 0.2 4.8+1.0 0.24 4.8+1.1 0.24 12.2+11.1 -0.24
0.1 | 404+0.0 0.12 4.3+1.5 0.14 8.4£2.5 0.02 9.1£2.1 0.03 5.5£2.2  -0.53
0.2 | 404+02 0.24 4.3+1.6 0.27 5.4£2.9 0.23 7.8+£3.6 0.23 6.5+3.5 -0.5
0.5 | 4.0+0.0 028 4.3%+15 0.3 4.2+0.4 0.29 5.94+3.5 0.34 8.846.0 -0.35
1.0 | 8.6£1.1 0.58 4.5+£1.3 0.31 4.040.0 0.28 4.040.0 0.28 9.0£72 -0.25
0.07 | 1.5 | 40£00 028 4.1+0.5 0.29 4.040.0 0.28 4.040.0 0.28 10.6+£7.9 -0.19
5.0 | 4.0+0.0 028 4.14+0.3 0.29 5.0+0.0 0.35 4.8+0.4 0.33 10.0£9.2 -0.01
10.0 | 4.0+£0.0 0.28  4.0£0.0 0.28 4.0£0.0 0.28 4.0£0.0 0.28 9.0£8.8 0.08
15.0 | 4.0+0.0 0.28 4.0+0.2 0.28 4.040.0 0.28 4.440.8 0.3 10.0£8.9 0.0
20.0 | 4.0£0.0 0.28 4.04+0.1 0.28 4.84+1.0 0.33 4.5+1.0 0.32 9.9+8.8  -0.02
0.1 | 40+0.0 024 42+1.3 0.26 6.3£2.9 0.24 7.4+2.8 0.25 5.56£22  -0.37
0.2 | 404+0.2 037 4.04£0.2 0.37 4.040.0 0.36 4.842.0 0.4 6.51+3.5 -0.3
0.5 | 4.0+0.0 0.4 4.0+0.0 0.4 4.2+0.4 0.42 4.2+0.4 0.42 8.0+£5.0 -0.09
1.0 | 4.0£0.0 0.4 4.1+0.4 0.41 4.040.0 0.4 4.0£0.0 0.4 7.2+49  -0.01
0.1 1.5 | 4.0£0.0 0.4 4.0+0.2 0.4 4.040.0 0.4 4.040.0 0.4 9.146.6 0.11
5.0 | 4.04+0.0 0.4 4.040.1 0.4 5.0+0.0 0.5 4.840.4 0.47 7.1+6.3 0.24
10.0 | 4.0+0.0 0.4 4.0+0.0 0.4 4.0£0.0 0.4 4.0£0.0 0.4 6.0+4.9 0.29
15.0 | 4.040.0 0.4 4.0£0.1 0.4 4.040.0 0.4 44408 0.44 7.4£6.5 0.26
20.0 | 4.0£0.0 0.4 4.0+0.1 0.4 4.440.8 0.44 4.5+1.0 0.45 7.0£5.7 0.22

Table A.2: Comparison table: results of clugtering approach vs. confidence approach 2
(with trend = 0.01, over simulated sine data




A. APPENDIX: EXHAUSTIVE RESULTS

C(t) | n(t) ECONOMY-K ECONOMY-y
ThTM™ Crem TPETM Crrem TET™ Crom TPETM CproM TIT™ Crem

0.1 6.940.6 -0.73  13.6+£09 -0.76 | 16.0£16.0 -0.75 10.3£5.7 -0.75 41+04 -0.78
0.2 5.0£0.0 -0.53  13.6+1.0 -0.74 | 19.2+14.0 -0.74 11.0+4.8 -0.74 44411  -0.83
0.5 | 11.843.6 -0.63 13.9+24 -0.71 | 19.6£10.7 -0.74 18.3+7.5 -0.73 5.54+2.5 -0.9
1.0 | 16.1£0.4 -0.7  15.0+2.8 -0.64 | 22.1+£13.2 -0.73 23.7£8.2 -0.71 5.5+3.1  -0.94
0.001} 1.5 | 20.3+4.3 -0.62 16.0+7.2 -0.44 | 26.6+134 -0.68 31.849.1 -0.7 7.1+46  -0.97
5.0 8.3+4.3 -0.02 8.2+4.4 0.0 36.916.3 -0.6 43.9+4.4 -0.61 10.8£9.0 -0.96
10.0 | 7.8+6.7 -0.02 9.44+54 0.01 41.3+£59 -0.36  45.6+4.3 -0.37 | 12.3£11.1 -0.94
15.0 | 7.8+4.9 0.0 9.6+4.7 0.0 9.7+124 -0.01 15.0£172 -0.04 | 13.0£11.8 -0.93
20.0 | 14.4£12.0 -0.01 12.949.6 0.0 45.7£3.9 -0.16  45.0£8.6 -0.16 | 11.9£10.6 -0.96

0.1 4.0£0.0 -0.66 13.5+1.0 -0.64 6.7£2.0 -0.67 6.8+2.4 -0.69 41404  -0.75
0.2 5.040.0 -0.48  13.5+1.0 -0.62 9.940.9 -0.66 8.7£3.0 -0.66 44411  -0.79
0.5 8.444.1 -0.33 12.8£3.0 -0.55 13.3£5.1 -0.62 13.14+3.0 -0.61 5.5+2.5 -0.85
1.0 7.7£3.5 -0.21  11.8+4.0 -0.4 17.44£89 -0.56 16.84+5.2 -0.54 5.5+3.1  -0.89
0.01 | 1.5 | 10.2+4.2 -0.19 11.444.0 -0.2 20.4%+10.3 -0.47 22.3£6.5 -0.48 7.1+4.6 -0.9
5.0 5.7£1.4 0.05 6.9+3.4 0.07 30.1£7.2 -0.24 37.5+58 -0.24 10.8£9.0 -0.86
10.0 | 4.0£0.0 0.04 74£39 0.08 11.8+2.6  0.09 31.9£149  0.04 12.3£11.1  -0.83
15.0 | 4.5%1.1 0.04 5.7%1.7 0.05 5.6+1.1 0.05 5.6+1.0 0.05 13.0£11.8 -0.81
20.0 | 4.0£0.0 0.04 6.2+3.3 0.06 10.1£2.4  0.09 9.242.3 0.08 11.9£10.6 -0.85

0.1 4.040.0 -0.5 4.1+0.4 -0.5 4.3+0.7 -0.51 5.8+1.7 -0.47 41+04  -0.58
0.2 5.0+0.0 -0.28 5.0+0.3 -0.28 5.8£1.7 -0.37 6.94+2.2 -0.37 44411  -0.61
0.5 5.0£0.4 0.1 5.4+14 0.12 9.940.9 -0.21  10.142.1 -0.2 5.5+2.2  -0.63
1.0 4.040.0 0.11 5.5%+1.3 0.1 10.6£2.5 0.02 11.6+2.9 -0.02 5.54+3.0 -0.67
0.05 | 1.5 4.0+0.1 0.2 6.1+2.1 0.3 6.1+2.5 0.22 9.7+4.0 0.13 7.0+4.1  -0.62
5.0 4.040.0 0.2 5.240.9 0.26 6.3+1.2 0.32 5.8%41.5 0.29 10.6£8.7 -0.43
10.0 | 4.0£0.0 0.2 4.8+1.0 0.24 4.0£0.0 0.2 4.040.0 0.2 11.7+10.3  -0.34
15.0 | 4.0£0.0 0.2 4.440.7 0.22 5.3£1.0 0.27 5.4£1.0 0.27 12.24+10.9 -0.29
20.0 | 4.0£0.0 0.2 4.2+0.5 0.21 4.040.0 0.2 4.4+0.9 0.22 11.2+9.6  -0.38

0.1 4.040.0 -0.42  4.1+04 -0.42 4.040.0 -0.42 4.8+1.3 -0.41 4.1+0.4 -0.5
0.2 5.0+0.0 -0.18  5.0+0.2 -0.18 5.4+1.6 -0.26 6.0+2.0 -0.26 44+11  -0.52
0.5 5.0+0.3 0.2 5.4+1.2 0.23 6.24+2.8 0.18 8.7+£2.7 0.02 5.5+2.2  -0.52
1.0 4.0£0.0 0.19 52408 0.19 7.8£1.5 0.21 9.4+3.1 0.22 54+2.6  -0.56
0.07 | 1.5 4.040.1 0.28  5.6%1.2 0.39 5.7£1.6 0.33 6.24+2.7 0.3 6.9+3.9 -0.48
5.0 4.040.0 028  5.0+0.8 0.35 4.04+0.0 0.28 4.0+0.0 0.28 98476 -0.23
10.0 | 4.0+0.0 028  4.6+0.8 0.32 4.040.0 0.28 4.0+0.0 0.28 9.848.3 -0.13
15.0 | 4.0£0.0 0.28  4.2+05 0.29 5.3+1.0 0.37 5.2%+1.0 0.36 10.2+£9.0  -0.07
20.0 | 4.0£0.0 028 4.1+04 0.29 4.0£0.0 0.28 4.240.5 0.29 99481 -0.17
0.1 4.0£0.0 -0.3 41+0.4 -0.3 4.0£0.0 -0.3 4.3£0.7 -0.29 41+04  -0.38
0.2 5.040.0 -0.03  5.0+0.2 -0.03 4.94+1.2 -0.08 5.2+1.6 -0.1 4.4+11  -0.39
0.5 4.040.0 033 5.1+04 0.36 4.040.0 0.33 4.6+1.8 0.37 54421  -0.36
1.0 4.0£0.0 0.31  4.9+0.7 0.33 4.0£0.0 0.31 6.842.8 0.45 54425 -0.39
0.1 1.5 4.0£0.0 0.4 5.2+0.7 0.52 4.8+0.4 0.48 4.940.9 0.46 6.8+£3.7 -0.27
5.0 4.040.0 0.4 4.9+0.7 0.49 4.040.0 0.4 4.0£0.0 0.4 8.246.1 0.04
10.0 | 4.0+0.0 0.4 4.3+0.6 0.43 4.04+0.0 0.4 4.0+0.0 0.4 7.3+5.5 0.12
15.0 | 4.0+0.0 0.4 4.1+0.3 0.41 5.1%1.1 0.51 4.7£0.8 0.47 7.1+£5.8 0.18
20.0 | 4.0£0.0 0.4 4.1£0.3 0.41 4.0£0.0 0.4 4.0£0.0 0.4 7.4+5.5 0.09

Table A.3: Comparison table: results of clustering approach vs. confidence approach 2
(with trend = 0.05, over simulated sine datid6




A. APPENDIX: EXHAUSTIVE RESULTS

C() | @) ECONOMY-K ECONOMY-y
TETM CroM = Thprm CPROM Tiri  CROM  Thpry  CPROM Tl Crou

0.1 5.9+0.4 -0.76  7.1£2.38 -0.76 8.4£8.6 -0.76 8.6+4.8 -0.76 4.0+0.2  -0.77
0.2 5.1£0.4 -0.64 6.8£3.1 -0.65 | 17.4+14.6 -0.74 10.0£4.5 -0.74 4.240.9 -0.8
0.5 9.0+4.2 -0.45 12.2+4.0 -0.66 | 16.3£10.5 -0.74 18.8£10.0 -0.74 5.1+24  -0.87
1.0 | 144423 -0.72 12.3+44 -0.6 20.8410.0 -0.74 23.24£8.3 -0.74 5.3+3.0 -0.92
0.001} 15 | 16.1£1.5 -0.65 9.6+4.8 -0.27 | 23.6+13.2 -0.68 30.3+10.4 -0.7 6.5+4.5 -0.96
5.0 | 10.9£7.1 -0.1 9.3+£54 -0.01 32.8£52 -0.65 42.3+£6.1 -0.67 9.7£7.8  -0.96
10.0 | 13.1+11.5 -0.08 11.1£7.5 -0.02 41.445.7 -0.52 45.2+4.4 -0.5 11.4+10.0 -0.95
15.0 | 10.9£6.7 -0.03 11.4+£6.4 -0.02 | 34.5£16.6 -0.25 39.2+14.9 -0.27 | 12.2£10.7 -0.95
20.0 | 12.4£10.6 -0.01 12.6+9.2 0.0 44.5+£3.9 -0.24 46.3£3.2 -0.24 11.3£9.9 -0.96

0.1 4.0£0.0 -0.71  5.5+1.3 -0.71 5.3£1.4 -0.71 6.4+2.2 -0.71 4.0+0.2 -0.74
0.2 5.1£0.4 -0.6 5.9%2.1 -0.59 6.7£1.9 -0.67 7.8+2.7 -0.67 42409  -0.77
0.5 5.1+0.6 -0.24 7.0x34 -0.27 11.1+4.5 -0.64 12.0£2.8 -0.64 51+24  -0.83
1.0 6.7+2.5 -0.26 8.1+3.8 -0.33 15.0£4.0 -0.62 16.3+4.6 -0.59 5.3+3.0 -0.88
0.01 | 15 7.2£3.8 -0.09 8.8+4.3 -0.13 17.0£9.2 -0.51 19.1£5.5 -0.53 6.5+4.5 -0.9
5.0 6.2£3.7 0.03 8.3+4.2 0.08 26.9+£6.6 -0.34 33.3%£55 -0.33 9.7£7.8  -0.87
10.0 | 4.241.0 0.04 8.5+4.3 0.09 18.1+£84  0.01 38.1£10.3 -0.08 | 11.4%10.0 -0.85
15.0 | 4.9£1.8 0.04 6.44+24 0.05 5.440.5 0.05 8.3+9.7 0.06 12.2+£10.7 -0.84
20.0 | 4.1£1.1 0.04 6.9+3.9 0.07 9.7+1.6 0.08 10.2+£2.0 0.08 11.3£9.9 -0.86

0.1 4.0+0.0 -0.55  4.5+0.9 -0.53 4.6+0.8 -0.54 5.4+1.4 -0.5 4.0+£0.2  -0.58
0.2 5.04+0.2 -0.4 5.3+04 -0.38 4.8£0.7 -0.42 5.84+1.8 -0.44 4.240.9 -0.6
0.5 5.040.2 -0.04 5.5+1.2 0.01 8.4£1.5 -0.3 9.3+1.8 -0.27 5.0+£2.0 -0.62
1.0 5.0+0.2 0.04 5.6%1.2 0.02 8.84+2.8 -0.16  10.2+3.3 -0.13 5.24+2.7  -0.66
0.05| 15 5.3+1.0 0.23 5.7+1.3 0.26 7.2+4.1 0.08 11.0£3.3 0.0 6.3+£3.6 -0.64
5.0 4.04+0.0 0.2 5.842.1 0.29 4.0+0.0 0.2 4.04+0.0 0.2 9.6+7.5 -0.48
10.0 | 4.040.0 0.2 5.2%+1.6 0.26 4.0£0.0 0.2 4.0£0.0 0.2 11.0+£9.4  -0.39
15.0 | 4.040.0 0.2 4.5+0.8 0.22 5.1£0.7 0.25 5.2£0.6 0.26 11.6+£9.9 -0.36
20.0 | 4.0£0.0 0.2 4.3+0.7 0.22 4.0+0.0 0.2 4.0+0.0 0.2 10.8£9.2 -0.41

0.1 4.04+0.0 -0.47  4.5%+0.9 -0.44 4.6+0.8 -0.45 4.7+1.1 -0.44 4.0+0.2 -0.5
0.2 5.0+0.2 -0.3 5.3+0.4 -0.28 4.6+0.8 -0.33 5.2+1.5 -0.35 4.2+0.9 -0.51
0.5 5.0+0.2 0.06 5.5%1.2 0.12 7.5+1.3 -0.11 8.242.1 -0.11 5.0+£2.0 -0.52
1.0 4.0£0.0 0.13  54+0.8 0.13 71£2.1 0.03 8.3+2.6 0.07 52422  -0.56
0.07 | 15 4.14+0.6 0.28 5.7%£1.2 0.38 4.00.0 0.27 7.7£3.4 0.23 6.243.2  -0.52
5.0 4.04+0.0 0.28 5.4+14 0.38 4.0+0.0 0.28 4.04+0.0 0.28 9.2+47.0 -0.29
10.0 | 4.0+0.0 0.28  4.841.0 0.34 4.0+0.0 0.28 4.04+0.0 0.28 9.848.0 -0.18
15.0 | 4.040.0 0.28  4.3+0.6 0.3 5.1£0.7 0.36 4.9+0.7 0.34 10.1+8.4  -0.14
20.0 | 4.0£0.0 0.28  4.2+0.5 0.29 4.0£0.0 0.28 4.0£0.0 0.28 9.7£7.8 -0.2

0.1 4.0£0.0 -0.35 4.5+0.9 -0.31 4.0£0.0 -0.35 4.1£0.6 -0.34 4.0+0.2  -0.37
0.2 4.0+0.0 -0.18  4.5+0.9 -0.14 4.6+0.8 -0.2 4.6+1.1 -0.2 4.2+0.9  -0.38
0.5 5.0+0.2 0.21 5.3+0.5 0.25 4.7£1.0 0.26 5.4+1.7 0.27 5.0+£1.7  -0.37
1.0 4.0£0.0 0.25 440.5 0.28 5.0+0.0 0.29 6.24+2.0 0.26 5.1£2.0 -041
0.1 1.5 4.0+0.1 039 5.5%0.8 0.53 4.0£0.0 0.39 43+1.1 0.39 6.1+£3.0 -0.33
5.0 4.040.0 0.4 5.14+0.8 0.51 4.00.0 0.4 4.0+0.0 0.4 8.1+5.7  -0.03
10.0 | 4.0£0.0 0.4 4.6+0.8 0.46 4.0+0.0 0.4 4.04+0.0 0.4 7.6+5.6 0.07
15.0 | 4.0£0.0 0.4 4.1+0.4 0.41 5.0+0.6 0.5 4.6+0.5 0.46 8.0+6.4 0.14
20.0 | 4.0£0.0 0.4 41404 0.41 4.0£0.0 0.4 4.0£0.0 0.4 7.6£5.6 0.05

ot

Table A.4: Comparison table: results of clustering approach vs. confidence approach 2
(with trend = 0.07, over simulated sine dadu)




A. APPENDIX: EXHAUSTIVE RESULTS

c(t) | n() ECONOMY-K ECONOMY-y
TETM CreM  Tperm CPROM THTM CreM Tperm OproM | Tirm Ciom

0.1 4.0£0.0 -0.77 5.4+1.9 -0.77 5.6%5.1 -0.77 8.7£5.0 -0.76 4.0£0.0 -0.77
0.2 5.0£0.0 -0.72 5.4+1.8 -0.72 9.6£10.9 -0.74 9.6+£4.5 -0.74 4.1+0.6 -0.79
0.5 6.7+1.9 -0.48 6.0+2.0 -0.4 16.7£12.1 -0.74 16.2+6.6 -0.74 4.6+£1.6 -0.85
1.0 | 12.3£29 -0.7 6.5+2.8 -0.38 | 17.6£11.7 -0.75  19.84+8.2 -0.76 5.1+£3.0 -0.91
0.001] 1.5 9.1+4.6 -0.34 6.4+2.5 -0.12 | 22.54+13.1  -0.7  26.6+11.6 -0.72 6.0£4.6 -0.95
5.0 | 18.9+12.1 -04 1244103 -0.17 28.2£7.6 -0.67 40.0£6.8 -0.69 8.6+6.5 -0.95
10.0 | 16.2+11.9 -0.17 12.64+9.3 -0.08 40.4+6.0 -0.65 44.5+3.6 -0.64 | 10.0£8.4 -0.95
15.0 | 14.8£7.9 -0.1 14.3£7.8 -0.08 |26.3£179 -0.27 40.6+11.7 -0.41 | 11.1£9.5 -0.96
20.0 | 15.8£11.1 -0.05 14.7+£104 -0.03 43.3+£5.0 -0.35  46.0£3.7 -0.37 | 10.5£9.0 -0.97

0.1 4.0£0.0 -0.73 5.241.2 -0.72 4.940.9 -0.72 6.0+2.1 -0.71 4.0+£0.0 -0.73
0.2 5.040.0 -0.68 5.4+1.8 -0.68 5.1+£1.4 -0.67 6.8+2.6 -0.68 41406 -0.75
0.5 5.040.2 -0.39 5.4+1.8 -0.38 9.0£1.0 -0.66  11.3+2.9 -0.65 4.6x1.6 -0.81
1.0 5.94+0.4 -0.34 5.841.2 -0.3 11.24£3.6  -0.65 13.7+5.0 -0.64 5.1+3.0 -0.87
0.01 | 1.5 5.7+2.2 -0.06 5.54+2.0 -0.05 14.9£74 -0.58 16.4%+4.9 -0.57 6.0+4.6 -0.89
5.0 | 10.4£6.6 -0.09 8.945.0 0.01 22.1+£6.8 -041 27.3+5.3 -0.42 8.6+6.5 -0.88
10.0 | 9.6&7.7 0.02 9.245.0 0.08 284+94 -024 351484 -0.24 | 10.0+£8.4 -0.86
15.0 | 7.1+4.4 0.04 8.844.2 0.06 7.848.1 0.04 16.2£16.8 0.02 11.14£9.5 -0.87
20.0 | 6.1%+4.1 0.06 7.8+4.3 0.08 10.0£0.0  0.07 35.0£15.5 0.01 10.5£9.0 -0.88
0.1 4.040.0 -0.57 5.04+0.2 -0.52 4.5+0.8 -0.54 5.2+1.3 -0.51 4.0£0.0 -0.57
0.2 4.0£0.0 -0.5 .0£0.2 -0.48 4.24+0.4 -0.51 5.5+1.4 -0.47 41406 -0.59
0.5 5.040.2 -0.19 5.241.2 -0.17 7.6+0.8 -0.36 8.8+1.4 -0.31 4.6+1.6 -0.62
1.0 4.040.0 -0.03 5.3+1.2 -0.04 8.8£1.7 -0.25 9.442.1 -0.26 5.0+£2.6 -0.66
0.05 | 1.5 5.0+0.4 0.15 5.3+1.2 0.16 T.7£2.7 -0.03 9.842.8 -0.1 5.843.5 -0.66
5.0 4.14+0.7 0.2 6.61+2.8 0.32 4.0+0.0 0.2 8.8+4.1 0.29 8.6+6.2 -0.53
10.0 | 4.0£0.0 0.2 6.14+2.5 0.31 4.0£0.0 0.2 4.0£0.0 0.2 9.84£8.0 -0.46
15.0 | 4.240.7 0.21 5.2£1.5 0.25 5.0£0.0 0.25 5.0£0.5 0.25 10.8+9.0 -0.42
20.0 | 4.0£0.0 0.2 4.6£1.0 0.23 4.0+0.0 0.2 4.0+0.0 0.2 10.2£8.5 -0.46
0.1 4.040.0 -0.49 5.040.2 -0.42 4.2+0.4 -0.48 4.8+1.0 -0.44 4.0+£0.0 -0.49
0.2 4.040.0 -0.42 5.04+0.2 -0.38 4.2+0.4 -0.43 4.9+1.1 -0.39 4.1+0.6 -0.51
0.5 5.040.2 -0.09 5.241.2 -0.07 6.8£1.7 -0.24 7.6+1.9 -0.17 4.6+1.5 -0.53
1.0 4.0£0.0 0.05 5.2+0.7 0.06 7.9+£1.8 -0.1 8.24+2.3 -0.09 49+19 -0.57
0.07 | 1.5 4.14+0.3 0.23 5.3+1.2 0.27 6.842.6 0.15 8.3+2.6 0.13 5.6+2.6 -0.54
5.0 4.0+0.1 0.28 6.0+2.2 0.42 4.0+0.0 0.28 4.0+0.0 0.28 8.3+5.8 -0.36
10.0 | 4.0+0.0 0.28 5.4+1.7 0.38 4.0+0.0 0.28 4.0+0.0 0.28 9.3+£7.3 -0.27
15.0 | 4.0£0.1 0.28 4.7+1.2 0.33 5.040.0 0.35 4.9+0.3 0.34 9.8£7.8 -0.22
20.0 | 4.0£0.0 0.28 4.440.8 0.31 4.0£0.0 0.28 4.0£0.0 0.28 94+74 -0.26
0.1 4.0£0.0 -0.37 5.0£0.2 -0.27 42404 -0.35 42£0.5 -0.35 4.0+0.0 -0.37
0.2 4.040.0 -0.3 5.040.2 -0.23 4.2+0.4 -0.3 4.3+0.7 -0.3 4.1+0.6 -0.38
0.5 4.040.0 0.04 5.04+0.2 0.05 5.1£1.5 -0.02 5.2+1.7 -0.02 4.6+x1.4 -0.39
1.0 4.0£0.0 0.17 5.14+0.3 0.2 5.4+1.9 0.12 6.4+2.2 0.16 49+1.6 -0.42
0.1 1.5 4.0£0.2 0.34 5.1£0.7 0.41 5.040.0 0.4 6.3£1.7 0.38 5.5£24 -0.38
5.0 4.040.0 0.4 5.5+1.4 0.55 4.00.0 0.4 4.00.0 0.4 7.8+£5.1 -0.12
10.0 | 4.0+0.0 0.4 5.0+1.1 0.5 4.0+0.0 0.4 4.0+0.0 0.4 7.7£5.4 -0.01
15.0 | 4.0+0.0 0.4 4.3£0.7 0.43 5.0£0.0 0.5 4.84+0.4 0.48 8.3+6.4  0.06
20.0 | 4.0£0.0 0.4 4.240.5 0.42 4.0£0.0 0.4 4.0£0.0 0.4 7.6+£54 -0.01

ot

Table A.5: Comparison table: results of clustering approach vs. confidence approach 2
(with trend = 0.1, over sine data) 148




A. APPENDIX: EXHAUSTIVE RESULTS

C(t) | n(t) ECONOMY-K ECONOMY-v
TETM Crom TPETM Cprom ThTM Crom TPETM CproM TiT™ Crom
Q 0.001 | 8.0+£0.0 -0.31 9.0£1.4 -0.34 | 21.7£13.1 -0.42 54.7+14.0 -044 |14.1+£139 -0.88
é 0.01 | 8.0£0.0 -0.23 8.6+0.9 -0.25 | 10.9+2.5 -0.25 13.843.5 -0.23 |14.1+13.9 -0.76
E 0.05 8.0£0.0 0.09 8.2+0.4 0.09 8.9+1.9 0.11 9.24+2.1 0.11 10.3+£6.4 -0.22
g 0.07 | 8.0£0.0 0.25 8.24+0.4 0.25 8.0+£0.0 025 8.2+0.9 0.22 9.8+£5.2 -0.02
= 0.1 8.0+0.0 0.49 8.1+0.4 0.48 8.0+£0.0 0.49 8.1+0.4 0.48 8.9+2.5 0.25
. 0.001 | 16.5+4.1 -0.6 16.9+3.1 -0.61 |58.7£16.2 -0.92 63.0£15.2 -0.91 |16.8£10.7 -0.98
g 0.01 | 13.0£0.0 -0.51 15.8+1.6 -0.47 179+94 -0.5 23.7£10.1 -0.44 |16.8410.7 -0.83
é 0.05 | 13.0£0.0 0.01 14.9+14  0.12 13.2+£04 0.03 13.9+1.4  0.05 15.1£6.2 -0.18
é 0.07 | 13.0£0.0 0.27 14.1+1.4 0.35 13.0£0.0 0.27 13.24+0.6 0.3 14.74£5.2  0.12
0.1 | 13.04£0.0 0.66 13.4+1.0 0.71 13.0£0.0 0.66 13.1+£0.4  0.69 14.14£3.9 0.55
:% 0.001 | 19.1£2.0 -0.92 10.1£7.8 -0.48 16.7+£4.3 -091 174435 -0.82 4.4+3.5 -1.0
g 0.01 | 12.1£78 -0.55 6.4%6.1 -0.31 13.9+£5.2 -0.73 14.14+35 -0.65 44435 -0.96
£ 0.05 | 2.1£0.3 -0.08 2.44+0.8 -0.07 2.4+0.5 -0.06 52435 -0.14 44435 -0.78
E; 0.07 | 2.0£0.2 -0.04 2.24+0.7 -0.03 24405 -0.01 2.7+1.6  -0.02 44435  -0.7
= 0.1 2.0£0.0 0.02 2.1£0.3 0.02 2.3£0.4 0.04 22404 0.04 44435 -0.56
) 0.001 | 9.8£1.0 -0.28 31.94+21.0 -0.34 |31.9£14.9 -0.51 53.9+15.7 -0.54 |14.9£13.8 -0.89
é 0.01 9.0£0.0 -0.17 12.8+3.6 -0.19 14.0+£53 -0.2 17.0+4.4 -0.18 |14.9+13.8 -0.76
E 0.05 | 9.0£0.0 0.19 8.84+0.5 0.18 10.7£0.6 0.29 10.6+0.7 0.27 | 12.0£9.0 -0.19
% 0.07 9.0£0.0 0.37 8.7£0.5 0.35 10.2+£0.8  0.47 9.9+1.3 0.43 10.6+£6.4  0.03
= 0.1 9.0+£0.0 0.64 8.6+0.5 0.59 9.3£1.2  0.67 9.3+1.2 0.66 9.4+3.6  0.32
0.001 | 60.9£14.9 -0.63 40.8429.9 -0.65 |15.7£13.6 -0.69 37.3+19.8 -0.69 10.4+8.9 -0.96
g 0.01 | 13.7£2.6 -0.51 13.5+2.3 -0.53 | 10.9£6.4 -0.59 12.1+5.3 -0.54 | 10.4+8.9 -0.87
g 0.05 | 11.0£1.3 -0.13 12.1£1.6 -0.09 8.0+£0.0 -0.27 8.4+09 -0.28 9.6+5.9 -0.46
§ 0.07 94+13 -0.02 11.4+1.7 0.11 8.0+£0.0 -0.11 8.24+0.6 -0.13 8.843.2 -0.28
0.1 9.24+1.3 024 11.0£1.5 0.42 8.0£0.0 0.13 8.1+0.4 0.12 8.8+3.0 -0.02
0.001| 9.1+£14 -0.29 17.1489 -0.32 |34.54+26.1 -045 46.7+21.1 -0.45 |16.0£164 -0.9
% 0.01 | 8.7+£0.6 -0.22 10.5+£29 -0.22 9.7£2.0 -0.23 13.74£73 -0.23 |16.0+16.4 -0.76
E‘f 0.05 | 84405 0.13 8.6+0.5 0.13 9.1+1.3 0.15 9.8+1.9 0.18 11.3+£8.7  -0.16
é 0.07 | 8.2+0.4 0.28 8.54+0.5 0.3 8.5+1.0 0.3 9.2+1.5 0.34 9.6+5.1  0.04
0.1 8.0+£0.0 0.51  8.4+0.5 0.54 8.4+0.8 0.55  8.5%+0.9 0.56 8.6+£2.0  0.31

Table A.6: Results (1) - Performance of ECONOMY-K vs ECONOMY-~v over real data
sets.
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C(t) | n(t) ECONOMY-K ECONOMY-~

Tt CROM Therm CProM | Thrm  CROM Tpgrvm  CPROM Tir™ Crem

8 0.001 | 12.94+4.4 -0.5 14.9+3.9 -0.49 | 19.9+15.5 -0.54 30.8421.9 -0.57 | 11.44+10.4 -0.9
}_% 0.01 | 8.0+0.0 -0.38 13.44+4.4 -0.37 14.348.9 -0.42 16.5+9.9 -0.39 | 11.4+104 -0.8
E; 0.05 | 8.0£0.0 -0.06 8.14+0.3 -0.06 9.2+1.6 0.0 10.3£2.1 -0.02 10.2+6.8 -0.36
g 0.07 | 8.0£0.0 0.1 8.14+0.2 0.1 8.9£1.7 0.16 10.14+2.1 0.17 9.3+£4.2 -0.17
58-4 0.1 8.0+0.0 0.34 8.0£0.2 0.34 8.9+1.7 0.43 9.6+1.8 0.46 8.9+2.8 0.1
2] 0.001 | 19.54&5.1 -0.76 12.0+4.9 -0.72 | 14.8411.7 -0.77 25.5£16.1 -0.82 8.0+4.5 -0.99
é 0.01 | 7.0£0.0 -0.71 9.6+1.7 -0.63 10.14£5.5 -0.66 11.9+4.1 -0.62 8.0+4.5 -0.92
g 0.05 | 7.0£0.0 -043 8.3+1.3 -0.36 8.3+2.1 -0.36 9.3+2.2 -0.28 7.843.8 -0.6
’g 0.07 | 7.0£0.0 -0.29 7.8+1.1 -0.22 8.3+2.1 -0.2 8.9+2.2 -0.14 7.7+3.0 -0.45
z 0.1 7.0+£0.0 -0.08 7.3+0.6 -0.04 8.1+2.1 0.03 8.4+2.1 0.06 7.5+2.1 -0.22
% 0.001 | 7.9£3.0 -0.56 10.1+3.8 -0.72 |16.7£12.2 -0.86 23.3+16.2 -0.86 7.0+£2.5 -0.99
% 0.01 | 6.3+£0.7 -0.52 8.0+2.3 -0.6 13.74£6.0 -0.72 13.845.3 -0.74 7.0£2.5 -0.92
§ 0.05 | 6.0£0.0 -0.28 7.0+1.2 -0.23 6.0+£0.0 -0.28 8.1+£2.9 -0.31 7.0+£2.5 -0.65
:g) 0.07 | 6.0+£0.0 -0.16 6.6+1.0 -0.14 6.0+0.0 -0.16 6.7+1.7 -0.16 7.0+£2.5 -0.51
A 0.1 6.0+£0.0 0.02 6.3+0.7 0.03 6.0+0.0 0.02 6.3£1.0 0.02 6.9+2.1 -0.3
0.001 | 25.8404 -04 258+1.3 -0.37 |51.8£38.8 -0.85 57.0+174 -0.86 26.7+9.0 -0.96
;:T 0.01 | 24.6+1.4 -0.16 25.7+1.1 -0.14 |37.0+£11.3 -0.41 38.3£11.2 -0.41 26.7+9.0 -0.72
T% 0.05 |23.0+£0.0 0.73 25.0£0.5 0.84 23.9+19 0.76 24.8+2.4 0.79 26.1+£6.5 0.34
(E 0.07 | 23.04£0.0 1.19 24.840.7 1.33 23.040.0 1.19 23.441.2 1.22 25.6+£5.3 0.86
0.1 |23.0+£0.0 1.88 24.7+0.7 2.05 23.0+£0.0 1.88 23.2+0.8 1.9 25.0+4.1 1.62
0.001 | 8.0£0.0 -0.36 17.7£2.9 -0.83 | 25.1+£9.0 -0.95 26.84£9.3 -0.94 9.0£2.1 -0.99

%é 0.01 | 8.0£0.0 -0.29 16.1+£3.4 -0.64 15.8+£5.6 -0.76 17.1£5.6 -0.75 9.0+2.1 -0.91
E 0.05 | 8.0£0.0 0.03 8.6+2.2 0.06 10.1+£2.5 -0.14 10.3+2.6 -0.13 9.0+£2.1 -0.55
é 0.07 | 8.0+£0.0 0.19 8.1+1.1 0.2 8.7+1.6 0.13 9.5+1.9 0.06 9.0£2.1 -0.37
0.1 8.0+0.0 0.43 8.0£0.2 0.43 8.0+0.0 0.43 8.9+1.5 0.38 9.0+2.1 -0.1

Table A.7: Results (2) - Performance of ECONOMY-K vs ECONOMY-~v over real data
sets.
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A. APPENDIX: EXHAUSTIVE RESULTS

Nom Taille | Longueur des séries
ECGFiveDays 884 136
ItalyPowerDemand 1096 24
MoteStrain 1272 84
SonyAIBORobot Surfacell 980 65
SonyAIBORobot Surface 621 70
TwoLeadECG 1162 82
PhalangesOutlinesCorrect 2658 80
ProximalPhalanxOutlineCorrect 891 80
DistalPhalanxQOutlineCorrect 876 80
MiddlePhalanxQOutlineCorrect 891 80
Strawberry 983 235

Table A.8: Basic characteristics of the real data sets used in the experiments.
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ECOLE DOCTORALE

o .
® : Agriculture, alimentation,
UnlverSIte biologie, environnement,

PARIS-SACLAY i santé (ABIES)

Résumé en Francais

Dans de nombreux domaines dans lesquels les mesures ou les données sont disponibles
séquentiellement, il est important de savoir décider le plus t6t possible, méme si c’est a
partir d’informations encore incompletes. C’est le cas par exemple en milieu hospitalier
ou lapprentissage de régles de décision peut se faire & partir de cas complétement docu-
mentés, mais ou, devant un nouveau patient, il peut étre crucial de prendre une décision
trés rapidement. Dans ce type de contextes, un compromis doit étre optimisé entre la
possibilité d’arriver & une meilleure décision en attendant des mesures supplémentaires,

et le cotlit croissant associé a chaque nouvelle mesure.

Ce probléme est une tache d’optimisation classique avec un compromis entre le gain
d’informa- tion qui peut étre attendu si la décision est retardée et la hausse du cott
associé & un tel retard. Ce compromis a été connu depuis des décennies et a des racines
historiques dans plusieurs domaines tels que la prise de décision séquentielle, les déci-
sions séquentielles optimales, 'apprentissage sous contraintes, etc., mais de nombreuses
nouvelles applications dans la médecine, la gestion du réseau électrique, le transport au-

tomatique, etc., ont donné un nouvel élan aux travaux dans ce domaine de recherche.

Des travaux récents, dans ce domaine, s’intéressent au probléme de la classification
précoce de séries temporelles pour assister & la prise de décision. Leur objectif commun
consiste & optimiser en ligne le compromis entre la qualité et la précocité de prédictions
afin de déterminer le meilleur instant auquel une prédiction peut étre émise. La figure
A.1 décrit le cadre général pour décider & quel instant prédire la classe d’'une série tem-

porelle en entrée.

Différentes approches ont été proposées pour résoudre ce probléme. Toutefois, la



Résumé en Francais Extended abstract in French

Stratégie de décision

{(I], g.‘ll'f-,:).).): J) ? ) ---------
—_—— =
X mesures classe
manquantes inconnue
ull NON A
- (‘i.JII(."rlr(X!_‘I'j_-_])"' SUSECERE R I -1l Chb? B PO 1. Classifieur y
N t—t+1

Capacité de prédire les classes de
séries de différentes longueurs

Figure A.1: Cadre général de classification précoce de séries temporelles

majorité se révéle concernée par le probléme de la classification de séries temporelles in-
complétes, et méme si la précocité de la décision est mentionnée comme une motivation
dans ces travaux, les procédures de décision elles-méme ne la prennent pas en compte
explicitement. Elles évaluent plutdt la confiance ou la fiabilité de la prédiction afin de
décider s’il est opportun de faire une prédiction immédiate, ou g’il semble préférable
d’attendre une donnée supplémentaire. En outre, les procédures sont myopes car elles se

limitent & l'instant courant pour décider si une prédiction doit étre faite.

Dans ce contexte, nous soutenons que dés que la précocité est impliquée dans un
processus de prise de décision en ligne, le cotit d’attente doit étre explicitement pris en
compte dans le critére d’optimisation. A notre connaissance, il n’existe pas de méth-
odes de classification précoce qui optimisent explicitement le compromis entre le gain
d’information qui devrait conduire & moins d’erreurs de prédiction et donc des cotlts de

prédictions plus faibles et le cofit croissant associé au report de cette décision.

Dans cette thése, nous adressons, donc, le probléme de la classification précoce comme

un probléme de décision en ligne qui implique deux types de cotit : (i) le colit associé aux
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1

erreurs de prédiction et (ii) le coit associé au report de la décision'. Nous présentons

ECONOMY (Early Classification for Optimized and NOn-MYopic online decision
making), une approche congue pour la prédiction précoce a partir de séries temporelles
incomplétes et pour la prise de décision en ligne. Notre approche générique est en-
suite résolue par deux mécanismes qui capturent 1’évolution typique de séries temporelles
d’apprentissage pour parvenir & estimer, dans le futur, instant optimal pour prendre une

décision.

ECONOMY : une nouvelle formalisation

L’objectif est de concevoir une procédure de décision qui permet de déterminer I'instant
optimal t* auquel une nouvelle série temporelle X} = (z1,x2, ..., z}) peut étre classée de
fagon optimale. Pour ce faire, nous associons un colt a la qualité de prédiction et un

cofit & 'instant pendant lequel la prédiction est finalement effectuée :

e nous supposons qu’une fonction de colit est associée aux prédictions erronées Cy(g|y) :
Y xY — R. Cette fonction fournit le cotit estimé & I'instant ¢* pour avoir prédit

9 lorsque la vraie classe est y.
e 3 chaque instant t est associée une fonction de coiit temporel qui signifie qu’il est
toujours plus cotteux d’attendre de faire une prédiction?.

La fonction du cotit pour le probléme de décision est alors définie comme:

Foa) = Y Plylxe) Y P(@ly.x) C(gly) + C(t) (A1)

yeY €Y

Cette équation correspond & 'estimation des cotits de classification apres ¢t pas de
temps, et a laquelle est ajouté le cotit d’avoir retardé la décision jusqu’a l'instant
t.

L’instant optimal ¢* est alors défini comme :

t* = ArgMin f(x;) (A.2)
te{l1,..., T}

'Ces deux cotits doivent étre exprimés dans la méme unité (e.g. unité monétaire).

2 A noter que cette fonction, contrairement a la plupart des méthodes de Pétat-de-l'art peut étre autre
qu’une fonction linaire et doit étre fixée selon les particularités du domaine d’application. Par exemple,
si la tache est de prédire de décider si une centrale thermique doit démarrer ou non, le coiit d’attente
augmente fortement en s’approchant des derniers instants, ce qui donne une forme exponentielle a la
fonction de coiit.
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Forces, limites et nouveautés

L’originalité de ECONOMY est triple. Tout d’abord, le probléme de la classification
précoce de séries temporelles est formalisé comme un probléme de prise de décision en
ligne impliquant les deux coftits associés (i) a la qualité de prédiction et (ii) au report de
la prise de décision. Deuxiémement, la méthode est adaptative, en ce que les propriétés
de la série temporelle en entrée sont prises en compte pour décider quel sera le meilleur
instant pour faire une prédiction. Troisiémement, contrairement aux techniques de prise
de décision habituelles, l'algorithme présenté est générique et offre plusieurs possibilités

pour le résoudre.

Par ailleurs, de son caractére générique, cette formulation du probléme de décision ne
donne pas facilement une méthode pour trouver, en ligne, le temps de décision optimal
t*. Elle exige que 1’on soit en mesure de calculer les probabilités conditionnelles P(y|x;)
et P(9ly,x¢), qui sont difficiles a estimer. La premiére est inconnue, sinon il n’y aurait
pas de probléme d’apprentissage en premier lieu. La seconde est associée & un classifieur
donné, et est également difficile & estimer (ces termes sont difficiles & estimer sur une seule
série temporelle. Ceci nécessite qu’une certaine généralisation sur un éventuel espace de

séries temporelles soit effectuée.)

Une facon naive pour résoudre ce probléme et estimer facilement ces probabilités con-
ditionnelles serait de calculer I’espérance des cofits pour n’importe quelle série temporelle.

De ce fait, la fonction de décision est maintenant notée f(t):

F&) =Y Py) > P(ly) Ci(dly) + C(t) (A:3)

yeY JEeY

A partir de I’ensemble d’apprentissage 8, il est en effet facile de calculer les proba-
bilités P(y) et P(g|y) qui n’est autre que la matrice de confusion associée au classifieur

considéré. On obtient alors le temps optimal pour la prédiction:

t* = ArgMin f(t) (A.4)
te{1,...,T}

En simplifiant le probléme, cela peut étre calculé avant méme 'arrivée de toute nou-
velle série temporelle, et en fait, I'instant optimal t* est indépendant de la série en entrée.
Cependant, ce que nous cherchons est de prendre en compte les caractéristiques de la

série en entrée et décider de I'instant optimal pour faire une prédiction selon 1’évolution
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de la série elle-méme. Il s’aveére donc absurde d’estimer le méme instant de décision pour

des séries temporelles qui sont différentes.

Proposition

Pour surmonter ces difficultés pour estimer les termes P(y|x;) et P(g|y, x¢), l'idée consiste
A capturer les caractéristiques de la série temporelle en entrée en utilisant une technique
de segmentation qui permet de construire un ensemble cohérent de groupes. Sur la base
de ces groupes, 'estimation de ces termes devient possible permettant ainsi d’estimer la
fonction de cotits tout en prenant en compte les caractéristiques de la série temporelle

d’entrée, x;.

Dans l'objectif d’estimer les probabilités conditionnelles P(y|x;) et P(gy|y,x¢) dans
Péquation A.1, nous proposons de : (i) segmenter l'ensemble d’apprentissage, contenant
des séries complétes, en un ensemble de groupes cohérents noté {Gpli<k<kx. En se
basant sur ces groupes, l'idée est de substituer le terme P(7|y, x;) par le terme désormais
estimable P(gy|y, G). Ensuite, (ii) définir une fonction de cotit capable de fournir I'instant

optimal dans le futur pour une nouvelle série x;.

Segmentation

L’idée de segmenter les séries temporelles complétes consiste & tirer parti de 'information
compléte et de différents comportements identifiés dans ’ensemble de données d’apprentissage
pour faire une estimation adaptative de cotiits futurs, compte tenu d’une série temporelle
entrante x;.

Plus précisément, les séries temporelles d’apprentissage, qui sont complétes, doivent
étre segmentées en groupes cohérents {Gy }1<k<k a1'aide d'une méthode de segmentation
spécifique. Ces groupes seront utilisés plus tard pour calculer les termes P(g|y, Gi) qui
ne sont d’autres que les termes contenus dans chaque case d’une matrice de confusion
calculée pour chaque groupe. Cependant, la construction de ces groupes devrait respecter

deux contraintes:
1. Les différents groupes doivent correspondre & différentes matrices de confusion.

2. Les groupes devraient contenir des séries temporelles similaires et étre différents

des autres groupes.

Dans la contrainte (1), le terme P(y|y, Gk) est calculé & partir de séries temporelles

appartenant au méme groupe G a l'aide d'un classificateur déja appris. Les termes
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P(gly,Gk), 1 < k < K calculés sur chaque groupe Gy, devraient étre différents autant
que possible afin de discriminer les cotts entre les groupes. Pour ce faire, 'objectif est de
former des groupes différents autant que possible. Briévement, la segmentation devrait
aider a accomplir une tache supervisée.

Dans la contrainte (2), des séries temporelles similaires, regroupées a l’aide d’une fonction
ou mesure de similarité spécifique, doivent appartenir au méme groupe et doivent étre
différentes des séries temporelles d’autres groupes. De cette fagon, une série temporelle
entrante sera généralement attribuée de maniére marquée a 'un de ces groupes. En tant
que tel, la segmentation devrait aider & rendre la fonction de cotiits adaptée aux séries

temporelles entrantes.

Estimation des cofits futurs

La deuxiéme idée que nous proposons pour surmonter la difficulté de calculer f(x;) pour
tout t € {1,...,T} est de calculer a ’avance, au temps ¢, les cotits de décision prévus pour
tous les instants futurs. Ceci est possible grace a l'estimation des termes P;(g|y, Gy) pour
chaque groupe G, 1 < k < K et & chaque instant ¢, puis I'estimation de 'appartenance
de la série temporelle entrante x; & chaque groupe Gj. Cette appartenance permet
d’identifier des informations pertinentes pour les instants futurs conditionnellement & la

série X;.

Plus précisément, étant donné qu’a l'instant ¢, T — ¢t points de mesures sont encore
manquants dans la série temporelle entrante x¢, il est possible de calculer le cott de
deécision prévu pour la classification de x; a chaque instant futur 7 € {0,...,T — t}.
Maintenant, supposons qu’il existe une fonction f, qui estime le colt prévu pour les
instants futurs 7 en utilisant les informations complétes obtenues en fonction de groupes

ainsi formés. Cela permet de prévoir I’horizon optimal t* pour classifier la série temporelle

D, N
t*=t+ ArgMin fr(x¢) (A.5)
7€{0,...,T—t}
Bien sir, ces cotts futurs, donnés par fr(x;), ou 7 € {0,...,T —t} et I'horizon

optimal estimé t* = ¢ + 7%, ou 7% = ArgMin (o . 74 fr(X¢), peuvent étre réévalués
quand un nouveau point de mesure est ajouté a la série temporelle entrante. La figure

5.1 illustre cette idée.
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Figure A.2: La premiére courbe représente une série temporelle entrante x;. La deuxiéme
courbe représente le cotit de décision prévu fr(x¢) étant donnée x;, V7 € {0,...,T — t}.
Cela montre ’équilibre entre le gain dans la précision attendue de la prédiction et le
colit de 'attente avant de décider. Le minimum de ce compromis devrait se produire a
Iinstant t + 7*. Les nouveaux points de mesure peuvent modifier la courbe du cotit de
décision prévu et la valeur estimée de l'instant optimal de décision 7*.

Politique de décision

Notre politique de décision est définie comme suit. A tout instant ¢, si ’horizon optimal
7 =0 et pour 7 > 0, fr(x¢) > fo(x¢), alors le processus de décision séquentielle s’arréte
et une prédiction est faite sur la classe de la série temporelle entrante x; utilisant le
classificateur hy : § = hy(x¢) (ici, un ensemble de classifieurs H = {h;}1<i<7 est utilise
ou chaque classifieur h; est appris pendant la phase d’apprentissage sur des séries tem-
porelles tronquées & leurs ¢ premiers éléments. D’autres types de classifieurs concus pour
prédire la classe de séries temporelles de différentes longueurs, peuvent étre utilisés).

D’autres politiques de décision peuvent étre utilisées comme une version moins forte de

la régle que nous proposons pour décider de 'instant optimal.

Dans l'objectif d’estimer les probabilités conditionnelles P(y|x;) et P(9y|y,x¢) dans
I’équation A.1 en se basant sur la méthodologie présentée plus haut, nous proposons deux

approches différentes pour résoudre et étendre ECONOMY.

1. La premiére approche, baptisée ECONOMY-K, est intuitive et simple & mettre en
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oeuvre. Basée sur une approche de clustering, ECONOMY-K définit une nouvelle
fonction de cotlit f; permettant d’estimer I'instant optimal pour classifier une série

en entrée x; grace aux différents clusters formés.

2. La deuxiéme approche, nommée ECONOMY-v, définit aussi une nouvelle fonc-
tion de cout f; mais, contrairement &8 ECONOMY-K, elle utilise une méthode de

segmentation supervisée.

ECONOMY-K : Approche basée sur une segmentation non
supervisée

ECONOMY-K est une approche basée sur une segmentation non supervisée de I’ensemble
d’apprentissage utilisant une méthode de clustering. Cette approche permet d’identifier,
a partir de I'ensemble d’apprentissage, un ensemble € = {¢x}1<r<x composé de K sous-
ensembles de séries temporelles. De cette maniére, la série incompléte en entrée x; peut
étre associée aux différents sous-ensembles grace a la probabilité conditionnelle P(ck|x:),
ol 1 < k < K. Cela permet de comparer la nouvelle série x; aux différentes continuations
possibles, présentes dans les séries complétes, qui peuvent la compléter. L’approche
ECONOMY-K procéde en deux étapes :

Phase d’apprentissage : Soit H = {h;}1<t<7, un ensemble de classifieurs ou chaque
classifieur h; est appris sur un ensemble d’apprentissage 8; composé de séries temporelles
de longueur t. Chaque classifieur est appliqué par la suite sur chaque sous-ensemble ¢y,

pour estimer les matrices de confusion associées P(ly, k).

Phase de test : A larrivée d’une nouvelle série temporelle incompléte x;,t < T,
la probabilité conditionnelle P(cx|x;) est calculée par rapport a chaque sous-ensemble
¢x. Ensuite, étant donné que T — t points de mesure sont encore non observés, il est
possible d’estimer ’espérance de cott pour prédire la classe de x; & chaque instant futur
7€{0,...., T —t}:

fr(xe) = D Pleelxe) D Plyler) D Prar(ly, &) C(3ly) + C(t +7) (A.6)

L €C y€Y s

L’équation A.6 fournit deux propriétés remarquables. Premiérement, les probabil-
ités conditionnelles qui permettent de prendre en compte la série incompléte en entrée,

P(y|ck), P(ck|x¢) et Pi(gly, k) sont désormais facilement estimables a partir de I’ensemble
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d’apprentissage. Deuxiémement, le cotit dépend de la série en entrée x; par le biais de
la probabilité d’appartenance P(cg|x¢).

L’instant optimal de décision est défini alors par :

t* = t+ ArgMin fr(x)
7€{0,...,T—t}

= t+71" (A7)

Avec larrivée de nouveaux points de mesure, cet horizon 7% peut étre mis & jour
si les nouveaux points apportent une nouvelle information utile pour 'amélioration de
la qualité de prédiction. Pour tout instant ¢, si 7% = 0, alors le processus de décision

séquentielle s’arréte et I’étiquette de x; est prédite par le classifieur hy : § = hy(xy).

Forces, limites et perspectives

Contrairement aux approches existantes qui essaient de faire de prédictions précoces mais
qui ne tiennent pas en compte, d’une maniére explicite, le cott d’attente de décision,
ECONOMY-K propose de résoudre le critére d’optimisation adaptatif ECONOMY qui
exprime le probléme de décision par I'espérance des cotits d’erreurs de prédiction ajoutée
au cott d’attente. ECONOMY-K fournit une fonction de décision qui décide de I'instant
optimal pour faire une prédiction tout en prenant en compte les caractéristiques de la série
incompléte en entrée x; via une technique de segmentation et une maniére d’appartenir
aux différents sous-ensembles obtenus.

En plus de son comportement adaptatif, ECONOMY-K est une procédure de décision
non myope car elle estime & chaque instant, ’horizon futur auquel une décision optimale
peut étre prise.

Cependant, lors de I'étape de la segmentation, ECONOMY-K utilise une technique
de segmentation qui implique le réglage de certains parameétres: (i) le choix de la méthode
de segmentation, (ii) le choix de la mesure de similarité pour construire les sous-ensembles
de séries temporelles et pour mesurer la distance entre une série temporelle incompléte
et un sous-ensemble composé de séries complétes et (iii) le nombre de sous-ensembles
K a fixer. Selon les résultats empiriques obtenus, le réglage de ces paramétres influe

significativement sur le bon fonctionnement de ’approche.

Par ailleurs, en utilisant une technique de segmentation non supervisée, nous n’avons
pas de garanties que tous les choix et les paramétres ainsi réglés ont du sens par rapport
a la classe. Ici, le probléme supervisé est aidé par une tiche non supervisée. Dans la

suite, nous n’étudions pas 'influence de ce choix (segmentation supervisée/non super-
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visée) sur la résolution du probléme global, mais nous proposons une deuxiéme approche
ECONOMY-v qui utilise une technique de segmentation supervisée pour résoudre le

probléme global aussi superviseé.

ECONOMY-~

Dans la deuxiéme approche ECONOMY-v, nous adoptons le méme cadre conceptuel
proposé dans 'approche ECONOMY-K, i.e. calculer les cotits pour les instants futurs
en se basant sur une segmentation de ’ensemble d’apprentissage. Notre objectif est
d’exploiter, en plus des séries complétes, leur classe associée afin de faire une segmentation
plus informative que le clustering.

Cette nouvelle approche propose donc une segmentation intelligente et naturelle de
I’ensemble d’apprentissage par 'utilisation d’une chaine de Markov qui permet de saisir
a la fois I’évolution typique de séries temporelles d’apprentissage qui sont complétes et
les suites possibles de toute série temporelle incompléte. Pour capturer ces informations
pertinentes, les états de la chaine de Markov devraient étre fixés de maniére significative
afin de mieux saisir les transitions d’un état & un autre.

ECONOMY-~ se déroule en trois étapes principales :

1. Spécification de la chaine de Markov et détermination de ses états afin de capturer
les évolutions typiques des séries temporelles d’apprentissage et fournir des suites

possibles de la série temporelle incompléte entrante x,

2. La segmentation de séries temporelles d’apprentissage est effectuée sur la base de

comportements significatifs détectés par la chaine de Markov,

3. Estimation des termes de la fonction de cotiits afin de déterminer I'instant optimal

t* pour prendre une décision.

La fonction de cotits est alors définie par :

N
Fr() = Y Y P = U00) Per(8ly, ve4r =€) x C(@ly) + Ct+7) (A8
y,9€Y (=1

L’équation (A.8) représente une version trés simplifiée de la régle de décision que nous

proposons (voir Section ?? pour plus de détails).
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Forces, limites et perspectives
La méthode ECONOMY-~ présente plusieurs avantages:

1. Outre le choix de la classe de fonctions de décision h qui doivent étre réalisées
quelle que soit l'approche, il existe deux paramétres a définir. Le premier est NV, le
nombre d’intervalles de confiance ou les états de chaine de Markov que 'on est prét
& considérer a chaque pas temporel. Des valeurs plus élevées de N peuvent sembler
préférables parce qu’elles produiraient une plus grande précision. Le deuxiéme
paramétre est I'ordre de la dépendance pris en compte, de méme que les modéles

de chaines de Markov qui peuvent dépendre du passé a divers degrés.

2. Les matrices de confusion qui apparaissent dans ’équation 77 ont tendance a dif-

férer, ce qui conduit & de meilleures estimations des cotits de décision futurs.

3. Les probabilités conditionnelles Py (9|y, yt+r = ) ont également tendance a dif-
férer pour différentes valeurs de l'intervalle de confiance ¢ , Ce qui favorise de

meilleures prévisions.

En outre, on s’attend & ce que l'utilisation du méme algorithme avec des dépendances
temporelles plus élevées prises en compte améliorerait encore les performances. Ces mod-
éles plus riches devraient en effet pouvoir extraire les informations utiles dans ’ensemble
d’apprentissage et les nouvelles séries temporelles entrantes, et se rapprocher du temps
de décision optimal et du colt optimal. Cependant, seuls des ensembles d’apprentissage
trés importants peuvent permettre & un algorithme d’apprentissage d’atteindre ce type
de performance, en permettant I’apprentissage du grand nombre de dépendances condi-

tionnelles impliquées dans ces modéles d’ordre supérieur.

A.1 Conclusion

Dans cette, nous avons revisité le probléme de la classification précoce de séries tem-
porelles lorsque retarder la prise de décision est cotiteux. Nous avons posé le probléme
comme un probléme de prise de décision en ligne sensible aux cotits de classification et
d’attente et proposé un critére d’optimisation qui équilibre le gain attendu dans le cofit

de la classification a ’avenir avec le cott du retrait de la décision.

Dans ce cadre conceptuel, nous avons proposé deux algorithmes qui différent selon la
maniére dont ils considérent I'information contenue dans les séries temporelles d’apprentissage
et dans les séries temporelles entrantes. Les deux approches sont adaptées aux particu-

larités des séries chronologiques entrantes, car la fonction cott est réestimée avec chaque
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information ajoutée et fournit des décisions non myopes. La premiére approche appelée
ECONOMY- K est intuitivement attrayante, car elle fournit une solution simple au prob-
léme qui capture les évolutions typiques de la série temporelle & I'aide d’une technique
de clustering. La deuxiéme méthode s’appelle ECONOMY - gamma. 11 est plus direct
et informé car il fournit un schéma naturel utilisant le concept de chaine de Markov pour
capturer les modeéles généralisés dans les séries chronologiques d’entrainement. Il prend
en compte les comportements typiques des séries chronologiques d’entrainement avec une
précision qui dépend de N, du nombre d’intervalles de confiance considérés et de 'ordre
de dépendance pris en compte. L’avantage ’ECONOMY - gamma contre ECONOMY-
K, au-deld de l'implication de moins de paramétres d’utilisateur et de complexité de
calcul concurrentielle, est 1'utilisation d’'une méthode de segmentation qui prend égale-
ment en compte les informations sur les étiquettes de classe des séries chronologiques
d’entrainement. Il réussit donc & regrouper des séries chronologiques décrites par la
meéme classe en dépit de leur dissemblance. Cela rend la méthode de segmentation dans
ECONOMY - gamma plus informée que le cluster utilisé dans 'approche ECONOMY-

K qui segment les données de formation uniquement en fonction de leur forme.
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