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Problems Setting



Time Series Classification - Examples

* Predictive variables: multivariate time series as accelerometers on the x, y, z axes
and speed coming from cars black boxes. Target variable: means of transport,
crash vs noCrash, car model, etc.

* Predictive variables: multivariate time series as accelerometers on the x, y, z
axes, heart rate and number of steps per sec coming from personal smart
devices. Target variable: type of movement, type of device, next location.

* Predictive variables: multivariate time series as machine sensors such has
temperature, humidity, number of rotations, accelerations, etc. Target variable:
failure vs nofailure, product in production, type of machine, etc.

* Predictive variables: multivariate time series as EEG or ECG. Target variable:
symptoms, disease, treatment, etc.

e Predictive variables: univariate or multivariate time series as students’ marks.
Target variable: student background, university, etc.



Time Series Regression - Examples

* Predictive variables: multivariate time series as accelerometers on the x, y, z axes
and speed coming from cars black boxes. Target variable: engine temperature,
number of car repairs, etc.

* Predictive variables: multivariate time series as accelerometers on the x, y, z
axes, heart rate and number of steps per sec coming from personal smart
devices. Target variable: age, number of times gym is made.

* Predictive variables: multivariate time series as machine sensors such has
temperature, humidity, number of rotations, accelerations, etc. Target variable:
number of products realized, number of failures.

* Predictive variables: multivariate time series as EEG or ECG. Target variable:
patient age, patient weight, etc.

* Predictive variables: univariate or multivariate time series as students’ marks.
Target variable: student age, family income.



Time Series Classification - TSC

* Given a dataset X ={T,, ... T}, TSC is the task of training a model f to
predict an exogenous categorical output y for each time series T, i.e.,

f(T)=y.

Labelled training series
t\_/\"/
>

Classify /-\ .
unlabelled series ?




Time Series Extrinsic Regression - TSER

* Given a dataset X ={T,, ... T}, TSER is the task of training a model f to
predict an exogenous continuous output y for each time series T, i.e.,

f(T)=y.

Labelled training series
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Supervised Learning

e Supervised learning refers to problems where the value of a target
attribute should be predicted based on the values of other attributes.

* Problems with a categorical target attribute are called classification,
problems with a numerical target attribute are called regression.

Attributes/Features Target Variable

\ . —



What is Machine Learning?

* Machine Learning (ML) is the science (and art) of programming
computers that can learn from data.

“ML is the field of study that gives computers the
ability to learn without being explicitly programmed”
(Arthur Samuel, 1959)




What is Machine Learning?

* Machine Learning (ML) is the science (and art) of programming
computers that can learn from data.

“A computer program is said to learn from experience
E with respect to some task T and some performance
measure P, if its performance on T, as measured by P,

improves with experience E.”
(Tom Mitchell, 1997)




Classical Programming vs Machine Learning

* A ML system is trained rather than programmed

@ dab anNswers
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Classical Programming vs Machine Learning

* A ML system is trained rather than programmed

Classical answers y

Programming
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Classical Programming vs Machine Learning

* A ML system is trained rather than programmed

Classical answers
Programming

Machine
Learning




Why do we want to use Machine Learning?

- , . '
Traditional Programming = write rules Launch!
Study the :
problem —#>| Write rules Evaluate
T Analyze <

errors




Why do we want to use Machine Learning?

Machine Learning: train based on data (examples)

Study the
problem

|

Train ML
algorithm

Launch!

Evaluate

Analyze
errors

solution




Why do we want to use Machine Learning?

* Problems for which existing solutions require
a lot of finetuning or a long list of rules

 Complex problems for which a traditional
approach yields no good solution

* Changing environments
* Getting insights about complex problems and

large amount of data
@ s Machine

answers Learning
—_—




What is a Supervised Predictive Task?

* Classification/Regression consists in learning a model/function f that maps each
attribute set x into one a class label/target value y: f(x) = y

* The learning is performed on a given a collection of records named training set
where each record is by characterized by a tuple (x, y), where x is the attribute
set and y is the target variable

e X: attribute, predictor, independent variable, input
 v: class/target value, response, dependent variable, output

* Goal: previously unseen records should be predicted as accurately as possible. A
test set is used to determine the effectiveness of the model f.

* Usually, the available dataset is divided into training and test sets, with training
set used to build the model and test set used to evaluate it.



What is a Supervised Predictive Task?

uononpad
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Dataset
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Models Evaluation



Evaluation Classification

* Let suppose we have a vector y of actual/real class labels:
ey=[0001110101011100]

* Let name y' the vector returned by a kKNN:
ey'=[0011100101110000]

* Accuracy = # record correctly classified / # records classified
e Accuracy=11/16=0.69

25



Confusion Matrix

* Focus on the predictive capability of a model
— Rather than how fast it takes to classify or build models, scalability, etc.

e Confusion Matrix:

PREDICTED CLASS

ACTUAL
CLASS

Class=Yes | Class=No
Class=Yes a b
Class=No C d

a: TP (true positive)
b: FN (false negative)
c: FP (false positive)

d: TN (true negative)



Confusion Matrix

ey=[0001110101011100]
y'=[0011100101110000]

L]

TN FP FN TP



Confusion Matrix

PREDICTED CLASS

Class=Yes | Class=No
Class=Yes a b
ACTUAL TP) FN)
CLASS Class=No C d
(FP) (TN)
a+d ITP+TN

* Most widely-used metric:  Accuracy= =
a+b+c+d TP+IN+FP+FN

* Error Rate = 1- Accuracy



Limitation of Accuracy

* Consider a 2-class problem
— Number of Class 0 examples = 9990
— Number of Class 1 examples =10

* If model predicts everything to be class 0, accuracy is 9990/10000 = 99.9 %
e Accuracy is misleading because model does not detect any class 1 example



Cost-Sensitive Measures

Precision (p) = i
TP+ FP | e
Recall (r)= i Weighted Accuracy = ! 4
IP+EN wa+wb+wc+wd
2rp 2TP

F-measure (F) =

r+p 2TP+FN+FP

Precision is affected by TP & FP
Recall is affected by TP & FN
F-measure is biased towards all except TN



Binary vs Multiclass Evaluation

PREDICTED CLASS

PREDICTED CLASS

ACTUAL
CLASS

Class=Yes | Class=No
Class=Yes TP FN
Class=No FP TN

Accuracy = TP+TN / (TP+TN+FN+FP) = # correct / N

ACTUAL
CLASS

Class=A Class=B Class=C
Class=A TP-A
Class=B TP-B
Class=C TP-C

Accuracy = # correct /N = (TP-A+ TP-B+TP-C) /N




Multiclass Evaluation

PREDICTED CLASS

Class=A Class=B Class=C
ACTUAL Class=A TP-A a b
CLASS
Class=B C TP-B d
Class=C e f TP-C
.. TP
Precision =
®) TP+ FP
Recall (r)= i
TP+ FN
2rp 2TP

F-measure (F) =

r+p 2TP+FN+FP

A PREDICTED CLASS
Class=A Class=Not A
ACTUAL Class=A TP-A a+b
LSass Class=Not A cte TP-B + TP-C
+d+f
B PREDICTED CLASS
Class=B Class=Not B
ACTUAL Class=B TP-B c+d
CLASS Class=Not B a+f TP-A+ TP-C
+b+e
C PREDICTED CLASS
Class=C Class=Not C
ACTUAL Class=C TP-C e+f
oA Class=Not C b+d TP-A+ TP-B
+a+cC




Receiver Operating Characteristic Curve

(1,1): declare everything to

. . ] o (0,1): ideal be positive class
* Itillustrates the ability of a binary classifier as T —
its discrimination threshold THR is varied. .l
* ROC curve is created by plotting the True naf
Positive Rate (TPR) against the False Positive -

Rate (FPR) at various THR.

* TPR=TP /(TP + FN) also known as sensitivity,
recall or probability of detection.

True Positive
=
(]

=
i
T

* FPR=FP /(TN + FP) also known as probability 03} AUC: Area Under the
of false alarm. ol ROC Curve:
. - . * Ideal: AUC=1
* Diagonal line: random guessing 01 e Random: AUC=05 -
* Below diagonal line: prediction is opposite of O TeT o 03 oa 0E s 07 08 o5
False Positive
the true class (0,0): declare everything

to be negative class



Using ROC for Model Comparison

* No model consistently outperform

the other
e M1 is better for small FPR
* M2 is better for large FPR

True Positive Fate
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Evaluating Regression

* Coefficient of determination R?

* is the proportion of the variance in the dependent variable that is predictable

from the independent variable(s)
SSE: model error
=Tl a5
2 - 2__.'—1{',!1!'1' _yi] _ 7 -n 3 T
R {y, 34’} =1- 1:1 9 Y= %}_ri--lyi and Lz’—i(yﬁ —y;}z = ) i1 f}?
Li—i(yf — 3':":]'
SSE: baseline error

 Mean/Media Squared/Absolute Error MSE/MAE

* arisk metric corresponding to the average/median value of the squared
(quadratic)/absolute error

Tanmples — 1

MSE(y,§) = (v —9;)° MAE(y.9) = — I oy
ﬂ"sa.mples ; {yy} ﬂ’ﬁﬂ.ﬂlpl&ﬂ ; |yT gil

1 Maamples — 1




Evaluating Regression

* Mean Absolute Percentage Error MAPE
e average absolute error normalized between 0 and 100 (the lower the better)

5 1yn-1Yi=Jdi i
MAPE(y, y) = 100 x - 71_1:01 y—ll hat means predicted



Methods of Estimation

* Holdout
—Reserve 2/3 for training and 1/3 for testing

 Random Subsampling
—Repeated holdout

 Cross Validation
—Partition data into k disjoint subsets
—k-fold: train on k-1 partitions, test on the remaining one
—Leave-one-out: k=n



Holdout

* The holdout method reserves a certain amount for testing and uses the
remainder for training

Usually, one third for testing, the rest for training.
Typical quantities are 60%-40%, 66%-34%, 70%-30%.

For small or “unbalanced” datasets, samples might not be representative
* For instance, few or none instances of some classes

Stratified sample
* Balancing the data

 Make sure that each class is represented with approximately equal
proportions in both subsets



Repeated Holdout

* Holdout estimate can be made more reliable by repeating the
process with different subsamples
* Repeated holdout method

* In each iteration, a certain proportion is randomly selected for
training (possibly with stratification)

* The accuracy scores on the different iterations are averaged to
yield an overall accuracy

e Still not optimum: the different test sets overlap



Cross Validation

Il Test Set

Run 2 - [ ] Training Set

Avoids overlapping test sets Run 3 ]
* First step: datais split into k subsets of equal size
* Second step: each subset in turn is used for testing and the remainder for training

This is called k-fold cross-validation
Often the subsets are stratified before cross-validation is performed
The accuracy scores are averaged to yield an overall accuracy estimate.

Even better: repeated stratified cross-validation E.g. ten-fold cross-validation is repeated
ten times and results are averaged (reduces the variance)



Data Partitioning

Train the model for final testing

Train the model for parameter selection Validate the model e Test the model
(early stopping,  Compare different
parameter models once
selection, etc.) parameters have

been selected

_

Cross Validation (check potential dataset bias)




Evaluation: Training, Validation, Tests

_-_________—__________________q

| .
Dataset : - ' Model Builder
/]I/' Xtrain Ytrain Learnmg '
|
X Y ' — f
' |
: |
Model I
l : Xval Y\;al Appllcat|on I
I : Model
I | » Application
Xtest Ytest : v : l
l Model Y.
l I [ Evaluation } pred :
|
| Y
e e e e e e e e e e e o e = e = = e = — — — —
Final bred
Evaluation




model training lookahead

Cross Validation

A A
*
* Depending on your task,
when dealing with TS,
you may want to choose cross-validation and hyper-parameter tuning lookahead

the validation carefully A

* For example: does it
make sense to use
patients visited in 2025
for training, and
validating on patients
visited in 20247 Train Train

* For forecasting you need
to be particularly careful y
(see future lectures) lookahead

\




Overfitting and Underfitting

* Underfitting: a model cannot adequately capture the underlying
structure of a dataset. It is too simple.
* Low performance on training and test set

e Overfitting: a model that corresponds too closely or exactly to a
particular dataset of data and may therefore fail to predict unseen
data or future observations in a reliable way.

* High performance on training set
* Low performance on test set

45



Instance-based Models



Nearest-Neighbor Classifier (K-NN)

Labelled training series

* Basicidea: If it walks like a duck, quacks like a { J
duck, then it is probably a duck. A
* Given a set of training records, and a test record: B
1. Compute the distances from the test to the D ,

training records. )
2. ldentify the k “nearest” records. ossty N\ ? .

] unlabelled series
3. Use class labels of nearest neighbors to
determine the class label of test record

(e.g., by taking majority vote). a

>

k=3 O

Neighbors(Q) = {A, B, D}

Predict(Q) =

49



Nearest-Neighbor Classifier (K-NN)

Labelled training series

* Basicidea: If it walks like a duck, quacks like a ¢ J
duck, then it is probably a duck. :
* Given a set of training records, and a test record: 56 C
1. Compute the distances from the test to the 610
training records. )
2. lIdentify the k “nearest” records. unmggfgfiﬂﬁ/\ ? .
3. Use target values of nearest neighbors to '
determine the target value of test record
(e.g., by taking the average). Q’

k=3 6.1
Neighbors(Q) = {A, B, D}

Predict(Q) = 3.8

50



Definition of Nearest Neighbor

* K-nearest neighbors of a record x are data points that have the k

SMd

lest distance to x.

I .
¥

+ 1

| | [ |
‘O—--h‘.
'l - +
[ | — 1
|
- X .
)} ,'
- R o
~~--'
+ +

(a) 1-nearest neighbor

(b) 2-nearest neighbor

(c) 3-nearest neighbor




Choosing the Value of K

e If k is too small, it is sensitive to
noise points and it can lead to
overfitting to the noise in the
training set.

* |If k is too large, the neighborhood
may include points from other
classes.

* General practice k = sqrtﬁN) where
N is the number of samples in the
training dataset.

+

..........
- &
L

L ]
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Nearest Neighbor Prediction

Compute distance between two points:
e Euclidean distance
* DTW

Determine the prediction from nearest neighbors
 Classification: take the majority of class labels among the k nearest neighbors

* Regression: make the mean of the target values among the k nearest neighbors

Weight the vote/mean according to distance (e.g. weight factor, w = 1/d?) such that
closest instance have a higher impact.



Dimensionality and Scaling Issues

* Problem with distance measure calculation.

 For each test instance we need to calculate the distances between
that instance and all the instances in the training set.

* If the dimensionality of the TS considered is large this affects the
number of calculations required.

o T
I
o T

nis effect is amplified by the usage of distances considering warpings
ke DTW.

he usage of global constraints and/or time-dependent

approximations is recommended



Instance-based Models

* Instead of performing explicit generalization, compare new instances
with instances seen in training, which have been stored in memory.

* Sometimes called memory-based learning.

* Advantages
e Adapt its model to previously unseen data by storing a new instance or
throwing an old instance away.
* Disadvantages
e Lazy learner: it does not build a model explicitly.

* Classifying unknown records is relatively expensive: in the worst case, given n
training items, the complexity of classifying a single instance is O(n).



Time Series Representation and kNN

* If raw data of the TS is used or the TS is approximated with PAA or
SAX then kNN can be used with both Euclidean distance and DTW

* If the other approximations are used or global structural features are
extracted, then kNN can only be used with distances that do not
make usage of time or warpings.

56



Linear Models



Linear Regression

* Linear regression is a linear approach to 15
modeling the relationship between a |
dependent variable Y and one or more "
independent (explanatory) variables X. |

* The case of one explanatory variable is

called simple linear regression. / o Tt

* For more than one explanatory variable, S B ~ x

24 -10 10 20 30 40 50

the process is called multiple linear
regression.

* For multiple correlated dependent
variables, the process is called
multivariate linear regression.



Simple Linear Regression

Dependent Independent

Variable Variable
Linear Model: Y = mX + b Y = 0, X+ [,
Slope Intercept (bias)

* Such linear relationship may not hold exactly for all the population.
* We call the deviations from Y errors or residuals, i.e., y; — f (x;)

* The objective of linear regression is to find values for the parameters
m and b which would provide the “best fit” for the observed points.



Least Square Method

* A standard approach for doing this is to apply the method of least squares which
attempts to find the parameters m, b that minimizes the sum of squared error.

* SSE=Y,;(yi — f(x))? = X;(y; — mx; — b)?
 also known as the residual sum of squares.

* The LSM finds m, b by setting to zero the first partial derivative of the above
function w.r.t. m and b which are therefore calculated as follows:

* m=(nj3(xy)-2x2y)/(n5(x?) - (3x)?)
*b=(2y-m23x)/n
* LSM can be extended to multiple linear regression.

* An alternative to find m, b, typically adopted in case of multivariate regression is
the Gradient Descent method.



Least Square Method

* Blue line shows the least
square fit. Lines from red
points to the regression line |
illustrate the residuals. RN R R

25
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|
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* For any other choice of slope i / {|[4° A
m or intercept b the SSE /(r;/’/"" I '
between that line and the o] 2
observed data would be larger '
than the SSE of the blue line. 0 50 100 150 200 250 300

10
?
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Linear Regression and Regularization

* Simple fo + P1x —y

e Multiple Lo+ 2.;(yi — Bix;)?

* Ridge Bo + X:(vi — Bix)* + ’121' :sz > regularization
* Lasso Bo + X:(yi — Bix)* + /12]- 1551

* Lasso regularization: performs both variable selection, i.e., minimizes the
number of coefficient different from zeros, and regularization to enhance the
prediction accuracy and interpretability.

* Ridge regularization: mitigates the problem of multicollinearity (strong
correlation) which commonly occurs in models with large numbers of parameters.



Logistic Regression

* |f instead of predicting a continuous
value, we want the predict a
categorical one using a linear model
we can consider to predict the
probability with which that
categorical value will be verified.

* Let p be the probability that a
certain event will happen.

* p/(1-p) are the odds of this event
and log(p/(1-1p)) are the log-odds.

* |f we estimate the log-odds using a
linear model, we have.

Y = logit(p) = log(p/(1-p))

In(—"—) = B, + B, X

1-p
= P — eﬁo"‘ﬁlx
l-p
- 6/30 +6,X 1
P= 1+e/50+ﬁ1X B 1+€—(/30+/51X)
1 S—
/




Linear Models and Time Series

* Linear models can be applied to time series, but it is more common
for forecasting approaches;

* They can be used for TSC and TSER, but they consider each
timestamp as and independent feature, and this may be
detrimental;

* They are used very often after transforming a time series into a
tabular feature space, e.g., with Catch22 (or some other
transformations that we will see later)

64



Tree-based Models



Example of a Decision Tree

Consider the problem of predicting whether a loan borrower will repay the
loan or default on the loan payments.

N N S
{\0((} (\0(0 000
@) o) Q
O O \\ P "y .
SIS RO Splitting Attributes
71
Home Marital Annual Defaulted S
ID 4 1
Owner Status Income Borrower ¢ I
) Home '.
1 |[Yes Single 125K No owner ll
2 |No Married | 100K No Y‘eS/ WAO v
3 [No Single 70K No NO MarSt
4 Yes Married |120K No ) . .
‘ Single, Dixorced w‘arrled
5 No Divorced | 95K Yes
6 |No Married | 60K No Income NO
7 |Yes |Divorced |220K  [No <80Py \> 80K
8 No Single 85K Yes
9 NO YES
9 No Married |75K No
10 |No Single 90K Yes

Training Data Model: Decision Tree



Apply Model to Test Data

Test Data
Start from the root of tree.

Home Marital Annual Defaulted

! Owner Status Income Borrower

No Married |80K ?
Home
Yy Owner ‘io
NO MarSt
Single,%rced N\l/larried
Income NO

< SOV \> 80K
NO

YES



Apply Model to Test Data

Test Data

Home Marital Annual Defaulted

Owner Status Income Borrower

Pt No Married |80K ?
Home [~
Yy Owner QAO
NO MarSt
Single,y/orced warried
Income NO

< 8OV \> 80K
NO

YES



Apply Model to Test Data

Test Data

Home Marital Annual Defaulted

Owner Status Income Borrower

__»|No Married |80K ?
Home P
Yy Owner N\io s
NO MarSt
Single,y/orced N\l/larried
Income NO

< 8OV \> 80K
NO

YES



Apply Model to Test Data

Test Data

Home Marital Annual Defaulted
Owner Status Income Borrower

Home e
Yy Owner N\io ///
NO MarSt ’
Single,y%)rced warried
Income NO

< 8OV \> 80K
NO

YES



Apply Model to Test Data

Test Data

Home Marital Annual | Defaulted

Owner Status Income Borrower

Home P
Yy Owner \\io //
NO MarSt L
Single,y%)rced Married
Income NO

< 80’K/ \> 80K
NO

YES



Apply Model to Test Data

Home

Yy

NO

< SOV \> 80K
NO

Owner N\LO

MarSt

Single,y/orced

Income

YES

Test Data

Home Marital Annual Defaulted

Owner Status Income Borrower

Married .~~~ Assign Defaulted to
//, “NO”



Decision Tree Classification Task

Tid Attrib1 Attrib2 Attrib3  Class

1 Yes Large 125K No

2 No Medium 100K No

3 No Small 70K No

4 Yes Medium 120K No

b No Large 95K Yes

6 No Medium 60K No

7 Yes Large 220K No

8 No Small 85K Yes

9 No Medium 75K No

10 | No Small 90K Yes
Training Set

Tid Attrib1 Attrib2 Attrib3  Class

11 | No Small 55K ?

12 | Yes Medium 80K ?

13 | Yes Large 110K ?

14 | No Small 95K ?

15 | No Large 67K ?

Test Set

Inducti

Tree
Induction
algorithm

n

Learn
Model

/

N
P

Apply Decision
MOdel Tree

Deduction



Decision Tree Induction

ID Home Marital Annual Defaulted

* Let D, be the set of training records that reach a node t Gy SEDE (e ey
1 |Yes Single 125K No
* General Procedure: 2 |No |Married 100K |No
* If D, contains records that belong the same class or less |7 [®  [°r® 7% ¢
. . . I o
than n records, then t is a leaf node predicting as value 5 Ino  IDivorced losk  yes
those equal to the majority of the labels in D, or equalto |6 N0 |Maried |60k [no
the mean value of the values in D, & B
. ] . . 8 |[No Single 85K Yes
* Otherwise, use an attribute test to split the data into o Ino  Ivamied |75 INe
smaller subsets such that the children nodes contains 10 [No  |Single (90K [Yes

records which are more homogeneous/pure w.r.t. those D,
in D, and recursively apply the procedure to each subset.

e Existing algorithms: Hunt’s, CART, ID3, C4.5 \



Finding the Best Split

1. Compute impurity measure (P) before splitting

2. Compute impurity measure (M) after splitting
 Compute impurity measure of each child node
* M is the weighted impurity of children

3. Choose the attribute test condition that produces the highest
Information GainasG=P-M



Measures of Node Impurity

e Gini Index GINI(¢) :1—2[1?(] )]

 rtropy Entropy(t) =% p(j |1 log p(j |1
P iy Y2

e R2 RE[y,g’j} — 1 - L:E—J[yi y:]

> i1(yi — 9)°
Maamples — 1

1
MSE(y, §) = T Z (% —9,)°
AN PIEs =1

* MSE




Trees Pros and Cons

Pros
e Simple and fast to train

* Interpretable

Cons
* They are weak learners (can underfit) if they are shallow
* They are unstable and prone to overfitting if they are very deep



Trees Ensemble Models



Ensemble Methods

* Improves the accuracy by
aggregating the predictions of
multiple classifiers.

e Construct a set of base models
from the training data.

* Make the prediction of test records
by combining the predictions made
by multiple base models.

* Majority for classification
* Average for regression

Original
D Training data
Step 1:
Create Multiple D, D D, , D,
Data Sets
Step 2:

Build Mqltlple C, C, - C,
Classifiers ¢ ¢ * ¢
Step 3:

Combine

Classifiers




Wisdom of Crowd

* The collective knowledge of a diverse
and independent set of individuals
harnessed by voting typically exceeds
the knowledge of any single individual
expert

* Ensemble Models exploit Wisdom of
crowd ideas for specific tasks

* By combining models predictions, the
aim is to combine independent and
diverse classifiers.




Types of Ensemble Methods

* Manipulate data distribution

* Bagging
* Boosting

* Manipulate input features
e Random Forests



Bootstrap

* It is a re-sampling statistical technique with re-entry to approximate
the sample distribution of a statistic.

* We consider a dataset with n records X = {x,, ..., x,.}.
* From X we sample m datasets of constant size n, say {X,, ..., X '}.

* In each bootstrap extraction X.", each record in the original dataset
has 1/n probability of being extracted and can be extracted more
than once or zero (sampling with replacement).



Bagging (a.k.a. Bootstrap AGGregatING)

] —— &

k decision models




Random Forest

* |s a class of ensemble Random Forest Simplified
methods specifically designed Instance
for decision trees. Radpmonst 27 § T

“ Y eSS

* It combines the predictions AN - AN

made by multiple decision % ?ﬁ‘%\?\ X o C’ﬁ%f?ﬁ
bSO SLEd S0OEL LY b3 é0'dd

trees and outputs the target Tree-1 Tree-2 Tree-n

that is the mode/mean of the ' b R
output of individual trees. ' L |

[ Majonty-Voting |

‘Final-Class




Random Forest

* Each decision tree is built on a bootstrap sample based on the values
of an independent set of random vectors.

e Unlike AdaBost (see next slides), the random vector are generated from a
fixed probability distribution.

* Bagging using decision trees is a special case of random forests where
randomness is injected into the model-building process.

* Each decision tree is built on m” randomly chosen attributes from the
m available attributes

e m'~\m,or

* m'~log(m)



Random Forest

k decision trees
Axm >




Random Forest - Advantages

* It is one of the most accurate learning algorithms available. For many
data sets, it produces a high accurate classifier.

* It runs efficiently on large databases.
* It can handle thousands of input variables without variable deletion.

* It gives estimates of which variables are important in the
classification.

* |t generates an internal unbiased estimate of the generalization error
as the forest building progresses.



Boosting

* An iterative procedure to adaptively change distribution of training
data by focusing more on previously misclassified records.

* Initially, all the records are assigned equal weights.

* Unlike bagging, weights may change at the end of each boosting
round.



Boosting

P-=

L

k decision models
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AdaBoost

* AdaBoost uses stumps, i.e., decision tree
with only one node and two leaves.

* Thus, it uses a forest of stumps.

e Stumps are not good at making accurate
predictions.

e Stumps are weak learners.



AdaBoost

* In forest of stumps some stumps
have more importance in the | x 2=
final prediction.
A | ‘R

—~



AdaBoost

* Each stump is not made independently
from the others.

* The error that the first stump
influences the second stump and so on
and so forth.

* At each boosting round instances that
were misclassified will have a more
chance of being sampled




Gradient Boosting Machines

* First builds a naive model F, considering the entire training set as class
proportions for classification, mean for regression, and compute the (pseudo)-
residuals (the error between the real value and the predicted one.)

* |terationi:
* Train a small decision tree T; on the training set with pseudo-residual as labels
* Update the model as F; = F; ; + LearningRate * T,
* Recompute the pseudo-residuals using the updated model F..

* Repeat the iterations a predefined number of times, or until the loss or
validation error stops improving sufficiently.

Dataset Errors Errors

Model Model Model
l Troin
“ PP
0 00

\ \ L.
=

Prediction

..0 .T
. ..
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Gradient Boosting Machines Improved

* XGBoost (Extreme Gradient Boost)

* LightGBM (Light Gradient Boosting Machine)
e CatBoost (Categorical Boosting)

* All designed for large complex datasets



XGBoost vs LightGBM vs CatBoost

* XGBoost: level-wise (horizontal) growth 'x‘ E
- 2 - ......

* XGBoost: novel splitting function

* LightGBM: out leaf-wise (vertical) growth

* LightGBM significantly faster than XGBoost ./.\. -./’;.\. =) '?'\. -

with almost equivalent performance

* CatBoost: symmetric decision trees : Age <=3

—

» CatBoost: designed for categorical attributes



Problems with Tree-based Models in TS

* Decision trees make a split on the value of an attribute.

* Treating the values of a raw TS at each time stamp as belonging to a
single attribute independent from the others does not work well on
TS as the values in the time stamps are not independent as analyzed
by the trees.

* Furthermore, the resulting tree is only limitedly interpretable
vanishing the structure of the model.

* Thus, it is advisable to use tree-based models on TS only after having
represented them in forms of independent features such as using
global structural features or time-independent approximations.
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Proximity Forest

* A Proximity Forest is an ensemble of
k Proximity Trees.

e Each branch of an internal node has
an associated exemplar TS.

* Atest TS follows the branch
corresponding to the exemplar to
which it is closest according to a
parameterized similarity measure.

* R sets of candidate exemplars are
randomly selected for each split.

* Among the R candidate exemplars
are selected those with the highest
Information Gain (if R=1 the choice is
completely random).

L

Left exemplar

|

'1.

|

Distance to the ri

mplar
afi (=]

[ =]

el E.-h

=]

/ \ Right exemplar

1 1 3 3 5 H
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Proximity Forest Distances

. Euclidean Distance (ED);

Dynamic Time Warping using the full window (DTW);

Dynamic Time Warping with a restricted warping window (DTW-R);

Weighted Dynamic Time Warping (WDTW);

Derivative Dynamic Time Warping using the full window (DDTW);

Derivative Dynamic Time Warping with a restricted warping window (DDTW-R);
Weighted Derivative Dynamic Time Warping (WDDTW);

Longest Common Subsequence (LCSS);

. Edit Distance with Real Penalty (ERP);

10.Time Warp Edit Distance (TWE)

© 0N O U A WN R
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Interval-based Models



Ensemble of Interval-based Models

W Training Data

’/\/ Unseen Case
o~ ‘ "
* Instead of extracting Global rsksformicy | Transformer 2 Transformer i ‘
Structural Features ‘ ‘ ‘
Feature Vector 1 Feature Vector 2 Feature Vector i
fl|f21f3] «oa | fl|f2(f3] «us | fll| 23| «o. | T
e Extract Local Structural Features LI
from intervals (subsequences) of the ‘ l, ‘
B -l -l -l
S ‘ o~
0

Predicted Class 101



Interval-based Approaches

* Interval-based approaches look intervals
of the TS, calculating summary statistics
from selected subsequences to be used

in prediction.

* Existing interval-based approaches

Time Series Forest (TSF)

Random Interval Spectral Ensemble (RISE)
Supervised Time Series Forest (STSF)
Canonical Interval Forest (CIF)

Diverse Representation CIF (DrCIF)

Interval #1

mean, std, ..., cov

Interval #2

mean, std, ..., cov

Interval #3

mean, std, ..., cov
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Time Series Forest (TSF)

| oo lun | ...,
« ATSF is an ensemble TS trees. | b | |
. S1 S2 S3
* TS trees select the best split by
employing Entrance (Entropy and
margin distance) gain to identify ____,ff’f“/?'“ff___
high-quality splits, i.e. o
sh-q ysP ! ’ mean(25, 50) é slope(10,37) ¥ std(10, 37) e Std(15 45)
* Entrance = AEntropy + a-Margin J R Std(zo 48) ?\, p< ea 100)
* Interval features f,: mean, standard é® OTO 010 éo do 5Tf> 6 ' ) S d]f
1 1 1CC- CC-2 cC-
deviation, slope.
Class-A Class-B Class-B

* Randomly selected intervals for
each TS tree.

[ Majority-Voting |

‘Final-Class
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Canonical Interval Forest (CIF)

Instance

e CIF is an ensemble of TS trees. o S

g’ -
- ——
g —

. i ' T catch22,4(15, 45
* CIF extends TSF by augmenting the catch22,(25,50) < slope(10,37) ¥

. < ~. Catch22,(10, 37)
set of interval features mean, .(zo, 4%% K@a}n;a o
b ds 4o dy s db v ' '\?

b dbd dddd

—

standard deviation, slope with the set dodo 4 :
oC- ee-2 ree-n
of features catch22. Tree-1 ree e
Class-A Class-B Class-B

[ Majority-Voting " I

‘Final-Class

104



Diverse Representation CIF (DrCIF)

* DrCIF extends CIF using alternative data representations.

* DrCIF extends RISE and STSF using catch22 features.

* DrCIF selects multiple intervals taken from
e theraw TS
 the differencing of the TS
e the periodograms of the TS, i.e., its DFT

b\

X< o

TSE 4.2902
RISE 3.7098

00000 00000

[elolelololilelelelele!
SRR SANORO
— o
L~

=
.

o
N
o
N
o
(o))
o

0 50 100 150

1.6696 DrCIF

2.5223 CIF

2.808 STSF
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Overview of Interval-based Models and Relationships

TSF

TSBF
LPS

106



Shapelet-based Models



Shapelets

* Shapelets are TS subsequences which are maximally representative of a
class or maximally discriminative between a class and another

class A : dist=0
: -5
-10
shapelet
5
0
class B dist = 5.5

-10

dist=0.192982

20 40 60 80 100 120

dist=0.865633

20 40 60 80 100 120

-10

dist=0.194213

20 40 60 80 100 120

dist=0.85906

20 40 60 80 100 120



Distance with a Subsequence

* The distance between a TS and a subsequence subsequenceDist(T, S) is a function
that takes T and S as inputs and returns a nonnegative value d, which is the
distance from Tto S as

subsequenceDist(T, S) = min(Dist(S, S')), for S' € 5;/°

where S;/5/ is the set of all possible subsequences of T

* Intuitively, subsequenceDist(T, S) it is the distance between S and its best
matching location in T.

best —9 :
matching
location

0 10 20 30 40 50 60 70 30




Distance Early Abandon

* We only need the minimum distance.

e Method

* Compute the full distance between the shapelet
and the first window

* Save that value as the current best alignment
distance.

* For every other window, compute the distance
step by step.

e Assoon as the partial distance becomes larger
than the current best distance, stop evaluating
that window. (This is valid because distance
contlri)butions cannot reduce the accumulated
total.

* If awindow is fully evaluated and gives a smaller
distance, replace the current best distance with
that value.

* Return the best distance found across all
windows.

best matching

1
location >t

0O 10 20 30 40 50 60 70 8 90 100

Dist> 0.4

calculation -7
abandoned at this point

O 10 20 30 40 50 60 70 8 90 100



Shapelet-based Model

1. Given a TS dataset for classification, extract a set of K highly discriminative shapelets.

2. Transform each TS as a vector of distances with the K shapelets.

3. Train any ML model. \C/V\/\,
NxM identify shapelets A
Time Series | Shapelet / i

Dataset | Finder K
¥ N x K
| Shapelet | Shapelet | ML
Transformer Dataset Model
/

calculate distance between
time series and shapelets



Shapelets

Urtica dioica

Verbena urtzczfolza

*

.50

o,
=k
.
‘e
.

\’

Shapelet

| A/

| |
|

J

PP

|

l

|
&
—

Verbena urticifolia Urtica dioica

Shapelet Dictionary 3
5 | ?{ X
| | ’

0 10 20 30

Does O have a subsequence within

a distance 5.1 of shape m? /

yes no

| Leafl Decision Tree

TS
0 1

Verbena urticifolia Urtica dioica

3.2
1.4
6.7
9.2

8.7
7.9
4.2
3.4
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Shapelet-based Classifier

* The Shapelet-transformed TS dataset can be paired with any ML
model like Decision Tree or kNN.

Shapelet-based Factual Rule

ps— bell
X
51 == not-contained 1A_I2
- contained 1— Sa
—

0 20 40 60 80 100 120



How to Extract Shapelets?

* Brute Force

* Random

* Gradient-based
* Genetic-based

Verbena urticifolia Urtica dioica
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Brute Force Shapelet Extraction

* Given a set of time windows w,, w,, ..., w,
with different lengths and slices s, s,, ..., S,

* For each time window w;and slice s;

 For each time series T in the dataset X

* Move the time window w; along T and
store all the subsequencs S with length w;
as candidate shapelets. w

=
|

e Calculate the distance between each
candidate and the time series in X.

* Evaluate the Information Gain of each
candidate shapelet and select the K
shapelets with the highest score.

candidate shapelets 115



Brute Force Shapelet Extraction

Given a set of time windows w;, w,, ..., w,
with different lengths and slices s, s,, ..., S,

For each time window w;and slice s;

For each time series T in the dataset X

[ e e

Move the time window w; along T and
store all the subsequencs S with length w;
as candidate shapelets. w o

Calculate the distance between each
candidate and the time series in X.

Evaluate the Information Gain of each
candidate shapelet and select the K
shapelets with the highest score.

candidate shapelets
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Brute Force Shapelet Extraction

* Given a set of time windows w,, w,, ..., w,
with different lengths and slices s, s,, ..., S,

* For each time window w;and slice s;

 For each time series T in the dataset X

[e—————

* Move the time window w; along T and

store all the subsequencs S with length w;
as candidate shapelets. o
* Calculate the distance between each \/‘N b

candidate and the time series in X.

* Evaluate the Information Gain of each
candidate shapelet and select the K
shapelets with the highest score.

candidate shapelets 117



Brute Force Shapelet Extraction

* Given a set of time windows w,, w,, ..., w,
with different lengths and slices s, s,, ..., S,

* For each time window w;and slice s;

 For each time series T in the dataset X

r----- LN |
1
|
1
1

* Move the time window w; along T and
store all the subsequencs S with length w;
as candidate shapelets.

-
£

e Calculate the distance between each
candidate and the time series in X.

o

* Evaluate the Information Gain of each
candidate shapelet and select the K
shapelets with the highest score.

candidate shapelets 118



Brute Force Shapelet Extraction

* Given a set of time windows w,, w,, ..., w,
with different lengths and slices s, s,, ..., S,

* For each time window w;and slice s;

 For each time series T in the dataset X

* Move the time window w; along T and
store all the subsequencs S with length w;
as candidate shapelets.

"ty M
* Calculate the distance between each V/‘N

candidate and the time series in X.

* Evaluate the Information Gain of each
candidate shapelet and select the K
shapelets with the highest score.

candidate shapelets 119



Brute Force Shapelet Extraction

* Given a set of time windows w,, w,, ..., w,
with different lengths and slices s, s,, ..., S,

* For each time window w;and slice s;
* For each time series T in the dataset X

* Move the time window w; along T and
store all the subsequencs S with length w;
as candidate shapelets.

W‘W 0.19
* Calculate the distance between each 0.79 W 0.28 ahosz Mzz WM 051
candidate and the time series in X. 039 v W B S
: : 0.41 0.12 0.28
* Evaluate the Information Gain of each 036 0.72

candidate shapelet and select the K 0.76 LN 0.82 o1z | ot 0.98
shapelets with the highest score. W
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Brute Force Shapelet Extraction

* Given a set of time windows w,, w,, ..., w,
with different lengths and slices s, s,, ..., S,

* For each time window w;and slice s;
* For each time series T in the dataset X

* Move the time window w; along T and
store all the subsequencs S with length w;
as candidate shapelets.

m " 0.19
* Calculate the distance between each 0.79 W 0.8 051
candidate and the time series in X. 0.39 Wik 031

0.28

0.98‘

candidate shapelets 121

* Evaluate the Information Gain of each o

candidate shapelet and select the K 0.76
shapelets with the highest score.

0.36

"Y'
W 0.41




Problem with Brute Force Shapelet

MANLEN

* The total number of candidate is Z Z(lf‘ ~T41)

I=MINLEN T.eD

* For each candidate you have to compute the distance between this
candidate and each training sample

 For instance

e 200 instances with length 275
* 7,480,200 shapelet candidates



Random Shapelet Extraction

* Given a set of time windows w,, w,, ..., w,
and a dataset X of time series randomly
select K subsequences from the time series
in X to be used as shapelets.

R
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Random Shapelet Extraction

* Given a set of time windows w,, w,, ..., w,
and a dataset X of time series randomly
select K subsequences from the time series
in X to be used as shapelets.

i,

R
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Fi = LY, r}+i1"-zwh
Gradient-based Shapelet m WY M, Wl )
LIV,Y) = —Yho(Y)—(1-Y)In(1-0o(Y))

* Learn Optlmal Sha.pelets WithOUt Algorithm 1 Learning Time-Series Shapelets
exploring all possible candidates.

Require: 7' € R'*Y, Number of Shapelets K, Length of a

° Step 1: start Wlth rough |n|t|a| shapelet L, Regularization Ay, Learning Rate 1, Number of
| iterations: maxlIter
guesses for the Shapelet Ensure: Shapelets § € B *%, Classification weights W € B¥,
* Step 2: iteratively learn/optimize ; f'“-”’”?ﬂ i
e e e : for iteration=[] do
the shapelets by minimizingaloss 2 fori=1.....1 do
function by using a predictive 3 fork=1,...,Kdo
. . . . Fi AT L ©F e,
model that is differentiable with s Wi Wi — 155,
h | t 3 forL=1,...,Ldo
respect to shapelets. p St By~ Bk
* Shapelets can be updated in a { end for
. . a: end for
stochastic gradient descent 9% Wt Wo—niZh
optimization fashion by taking steps 10: end for ’

towards the minimum of the 11: end for
. r . . 12: return S, W, W,
classification loss function
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Shapelets Remarks

* A shapelet is a pattern/subsequence which is maximally
representative of a class/maximally discriminative between a class
and the rest with respect to a given dataset of TS.

* Shapelets can be significantly more accurate/robust then global
structural features because as they are local features based on
distances
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MrSEQL — Multi Resolution SEQL

—> [

Classification Model

* MrSEQL is an ensemble of SEQL algorithms.
e SEQL (SEQuence Learner) selects a set of discriminative subsequences.
 MrSEQL produce k SEQL models from different SAX or SFA representations.

a1b1b1
a4C1Cq

ajbibicy SEQL @

a1c1c1d1
0.10.3 ab,bsbs siFel @* 0100 M
0.20.4 apGCycody 1001

S SEQL —>®—

anCndndn
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MrSQM - Multiple Representations Sequence Miner

* Extends MrSEQL with a sampling strategy for reducing the number of
features generated in the BOP.

[ 0323 0742 0912] 1021 -0.044] 0.124] -0532 0.001] -0.343] -1.211

l

v v
babc abcc abcd

128



Overview of Shapelet-based Models and Relationships

Shapelet

MrSEQL Tree

| AR BN

STC

RDST
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Dictionary-based Models



Bag of Words

 Typically used in Natural Language Processing (NLP) and Information
Retrieval (IR) but common also in TSA.

* A bag-of-words transformation turns a text into an unordered
collection (or “bag”) of words typically accounting for multiplicity.

* Example: John likes to watch movies. Mary likes movies too.
* BoW: "John":1,"likes":2,"to":1,"watch":1,"movies":2,"Mary":1,"too":1
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15

Bag of Patterns in TSA

0.5

e Given a TS T, Bag of Patterns 00
extracts subseries using a sliding 05
window w, then normalize each
subseries and transforms it into a
word using an approximation Bag-of-patterns transformation
approach such as: m= Frst time sries n class 1

First time series in class 2

-1.0

0 20 40 60 80 100 120 140

e SAX - Symbolic Aggregate
approXimation

Freguencies

* SFA - Symbolic Fourier
Approximation

10 +

aaa aab aba abb baa bab bba bbb
Words
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Bag of Patterns in TSA Hyperparameters

 window_size: length of the sliding window w

 window_step: step of the sliding window w (default 1)

* word_size: length of the words, i.e., number of characters

* n_bins: size of the alphabet, i.e., number of distinct characters

Bag-of-words representation for time series

15 f"
/ d
1.0 }é,
/
0.5 /
b
0.0 A
8.5 b B B b b | b b/ = w8 b b b b
T i s w—— v“"_,,_._.__..-.—-v—-'-—--—'—--'- e
_1.0 T T T T T T T T
0 20 40 60 80 100 120 140
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Bag of Receptive Fields

* The Bag-of-Receptive-Fields
(BORF) is an extension of BOP —— S
* It can extract patterns fromnon- T T //

. o F2 ) B2.2) K23 STy ( ' i g AL ‘
contiguous subsequences mnn ool ss =
(receptive fields) S 2

* It can work on multivariate data o
using a sparse tensor 8 r 65 43 2 1
representation
BOP — —— HYDRA
SAXVSM —— BORF
REDCOM W+MUSE
MrSQM MrSEQL

(c) Accuracy (Dictionary-based)
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Bag of Patterns Algorithms

* Bag of Patterns (BOP) transforms
each subsequence into a word
using SAX*

e Bag-of-SFA Symbols (BOSS)
transforms each subsequence
into a word using SFA

e * Sometimes also BOSS
transformations are named BOP.

Frequencies

Freguencies

=
1

o
I

Lo%]
I

MJ
1

Bag-of-patterns transformation

I First time series in class 1
I First time series in class 2

aaa aab aba abb baa bab bba bbb
Words

BOSS transformation

I First time series in class 1
[ First time series in class 2

aa ab ac ad ba bb bc bd ca cb cc cd da db dc dd
Words
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_ : low pass  numerosity reduction
windowing and quantisation and histogram

The BOSS Model [aﬁmeseﬁes] [

sliding ]

BOSS
windows

model

SFA words ]

* First, sliding windows of length are extracted from a TS.

* Next, each sliding window is normalized to have a standard deviation of 1 to
obtain amplitude invariance.

* SFA transformation is applied to each real valued sliding window transforming a
time series into an unordered set of SFA words.

* Using an unordered set provides invariance to the horizontal alignment of each
substructure within the TS (phase shift invariance).

* The first occurrence of an SFA word is registered and all duplicates are ignored.

* From these SFA words a histogram is constructed, which counts the occurrences
of the SFA words
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The BOSS model

1. Windowing

o

400 600
2. SFA Words
400 600

3. BOSS histogram
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1000
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1.0
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Counts

N W

°o
b

50 100 150 200 250 300

eeq
qeq
eqq
qaq

138



WEASEL - Word ExtrAction for time Series clLassification

 WEASEL extracts normalized windows of different lengths from a time series.

 Each window is approximated using the SFA, and those Fourier coefficients are kept
that best separate TS from different classes using the ANOVA F-test.

* The remaining coefficients are discretized into a word using information gain binning.

* A bag-of-patterns is built from the words (unigrams) and neighboring words
(bigrams), also including windows of variable lengths.

* The ChiSquared test is applied to filter out irrelevant words.

* A logistic regression classifier is applied.

Fourier transform supervised
use multiple feature selection quantization bigrams, multiple  feature selection
window lengths (ANOVA f-test) (information gain) window lengths CHI-Squared

v v

discriminative ||discriminative || co-occurring | |discriminative
Fourier values words words features

{a time series] { windowing ]

Superv. Symbolic Rep. ' Bag-of-Patterns
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How to Deal with Multivariate TS

* We can assume that the various signals are independent

A trivial way to adopt all the models analyzed is to concatenate the
different signals to obtain a (long) univariate time series.

/NN

]

P A WAVe AN
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MUSE - Multivariate Unsupervised Symbols and dErivatives

* Also named WEASEL+MUSE, extends WEASEL by considering multivariate words.

* Multivariate words are obtained from the univariate words by concatenating each
word with an identifier representing the sensor and the window size.

——
multivariate for each
| time series dimension

for each
dimensio

- derivatives I’//,
L.

II-. o

truncated Fourier

quantization

{equi-depth or bigrams, multiple
transform (low-pass) equi-frequency) window lengths

' windowing

L,

add
identifier

5

—— o —F————¥ R
first few St univariate |
Fourier values BOP model |

SFA

univariate words

=

Feature Selection
Chi-Squared Test

| Y

' r; u ﬁari ate ﬂisc rIrnli native
BOP model features

WEASEL+MUSE
(multivariate words)

141



(b) WEASEL+MUSE words per dimension

1-15-dd db
1-15-dd
1-15-db da
1-15-db ca
1-15-db
1-15-da db
1-15-da ca
1-15-da
1-15-cd cb
1-15-cd
1-15-cc dd
1-15-cc
1-15-ch da
1-15-ch
1-15-ca cc
1-15-ca ba
1-15-ca
1-15-bd ad
1-15-bd
1-15-bc bb
1-15-bc ad
1-15-bc
1-15-bb bc
1-15-bb
1-15-ba ca

2=15=-dd db
2=15-dd
2-15-db da
2=15=-db ca
2-15-dh
2-15-da db
B 5315 cd cb
2=15-cd
2=15-cc dd
2=15=ccC
2-15-ch da
2=15-ch
2=15=ca cc

2-15-ca ba
2=15-ca
2-15-bd ad

2-15-bd
2-15-bc bb
2-15-bc ad
2-15-bc
2-15-bb be
2-15-bb
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B 5 o hd
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1-15-ba ad M.Hm_.ww ad
1-15-ba 2=-15-
1-15-ad ab B 5 15 -dab L
1-15-ad aa 2-15-ad aa
e ] 2-15-2 P
1-15-ab aa 2-15-ab aa
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=
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(a) Raw Time Series
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Overview of Dictionary-based Models and Relationships

BOP
SAXVSM

R .

o
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