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Background

This paper presents a method to minimize the computational cost of the symbolic discretization process performed by the SAX-
based method called eMODITS [1]. The method aims to find discretization schemes where each slice on the time axis contains its own
set of slices in the value space of the time series. Due to this characteristic, eMODiTS consumes significant computational resources,
as it has an ample search space. Therefore, the proposed method aims to use surrogate models to estimate the objective functions that
guide the search in eMODITS, thereby reducing its computational cost. The discretization process required before evaluating each
scheme is the cause of the high computational cost. An external file was also implemented to store the functions with the highest
estimation error to provide greater predictive power to the surrogate models. This feature makes it different from those investigations
where surrogate models have been implemented in the discretization or classification of time series, which, to our knowledge, are
scarce.

Maérquez-Grajales et al. [2] introduced the first surrogate model that handled training sets with different-sized instances. The study
tested the k Nearest Neighbor algorithm (KNN) for a regression task, using values of k = 1,3,5,7,9 and the Dynamic Time Warping
(DTW) distance instead of the Euclidean Distance. The results suggested that values of k = 1,9 yielded the most competitive results
compared to other versions. However, the value of k = 9 achieved the highest number of best accuracies in the datasets tested. The
primary drawback of this approach is the surrogate model update mechanism, which utilized the solutions of the best Pareto front for
this purpose, resulting in a loss of diversity in the training set and reduced accuracy predictions. Moreover, an extension of this work
is presented in [3], where a modification of the surrogate model update process is proposed. These research works are the baseline
of our method.

Method details
Surrogate-assisted evolutionary algorithms (SAEA)

Efficient computational models are used in surrogate-assisted evolutionary computation to approximate the fitness function in
evolutionary algorithms [4]. These models are inserted into the evolutionary algorithm to evaluate new individuals and minimize
the number of evaluations in the original functions. SAEA stages are described as follows [5].

* Offline training stage. A set of individuals evaluated in the original objective functions is created in this stage. Typically, this set is
called the training set because the surrogate model uses it to estimate the values of the original functions. This process is performed
only once when the evolutionary process begins.

Online training stage. This stage is carried out during each generation of the evolutionary process. Here, the individuals evaluated
in the original functions are used to update the training set and the surrogate model.

Evolution control. Executing the previous stage requires choosing an appropriate update strategy to avoid poorly trained surrogate
models. Evolution control or model management is responsible for this task. Two categories for this process are emphasized: fixed
and dynamic evolution control [6]. In fixed evolution control, surrogate models can be applied at a specific moment (generation-
based strategy), in a specific number of individuals (individual- based strategy), or applied in a subset of population co-evolve
using a different surrogate model (population-based strategy). On the contrary, dynamic evolution control is executed regarding
the accuracy of the surrogates.

Surrogate models

K-nearest neighbor regressor (KNN)

One of the most straightforward approaches for time series regression is the k-nearest neighbor (KNN) method. This distance-based
method searches for k instances closer to the instance to predict. Then, a counting vote of the labels found in these k instances is
performed. In classification, the label with the highest frequency is assigned to the instance of interest. On the other hand, the mean
value of the labels k closer to the interest instance is assigned in the regression task [7]. Eq. (1) expresses the KNN for regression
process.
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(x5, yE) = {(x, ) € Xipain © dist(Xpeus X) = distyyi(Xirain) } 1)

where X, is the training set, Y,,,;, is the training label set, x,,,, is the prediction instance, y,,,, is the predicted value, dist(-) is a
distance function, and dist,,;,(A) is the minimum distance of all the points of a set A with respect to the rest.

Radial basis functions neural networks (RBFN)

A radial basis function neural network is an artificial neural network composed of three layers: an input layer, a hidden layer that
contains radial basis functions (RBF) as a transfer function, and a linear output layer [8,9].

In particular, an RBF is a mathematical function in which the distance between the measured and sampled vectors is used
as the independent variable. Given n distinct sample points, the RBF can be represented as shown in Eq. (2), where A rep-
resents the set of weights and ¢(-) denotes the basis function [10]. A pool of basis functions can be chosen, such as linear
(¢(dist) = dist), cubic (¢(dist) = dist?), thin plate spline (¢(dist) = dist®log(dist)), multi-square (¢(dist) = \/dist> + y2), and Gaussian
functions (¢(dist) = exp‘Vd”’z) where dist denotes the distance between the vector to be measured and the sample vector. The most
used basis function for surrogate modeling is the Gaussian function.

RBFN(x)= Y A(dist(x - x;)) ?

i=1

Support vector regressor (SVR)

Support Vector Regression (SVR) is the regression variant of Support Vector Machines (SVM) [11-13]. SVR mathematically rep-
resents a weighted sum of basis functions or kernels (y) and a constant term (u) [10]. Eq. (3) provides the mathematical description
of the SVR where w; represents the weights for each kernel.

SVR(X) = p+ Y oy (dist(X - X,)) (3)
i=1

Eq. (4) expresses Eq. (3) in matrix form where the kernel y is replaced by the matrix X.
SVR(x)=pu+o’ X 4)

This surrogate model is comparable to the RBF model. However, the approach employed to compute the unknown parameters in
the SVR diverges considerably from the RBF model. The unknown parameters of this model (¢ and w) are obtained by formulating a
mathematical optimization problem utilizing Eq. (5).

n
Minimize : %lco|2 + C% ; (,1+(i) + n—([))
Subject to :
w-x;+p-y <e+n 0
yi—w-x;—p<e+n®

nt O >0 ()

The first and second constraints of Eq. (5) help the sample vector to remain within a +e deviation of the value at the sample
vectors without impacting the surrogate model. This allowable deviation range is called the insensitive tube e. On the contrary, the
slack variables y*® and 7~ serve to ensure the feasibility of the problem by allowing outliers to remain outside the insensitive tube
e. The optimal balance between model complexity and fit is obtained by penalizing outliers using a pre-established constant C > 0.
Eq. (5) minimizes the integrated effect of complexity and the outlier penalty. However, finding ;4 and w requires solving the quadratic
programming problem, which affects the model construction time.

Metrics for evaluating surrogate models’ performance
Mean square error (MSE). Mean Square Error (MSE) calculates the average of the square differences between predicted and observed
values in regression [14]. Eq. (6) expresses this metric, where V; and 17, are the i-th observed and predicted value.

N
1 A2
MSE:NZ(Vi—V,-) ©)
i=1
If the MSE equals zero, the estimator can accurately predict the parameter’s response. The quality of the surrogate model improves
as the MSE value decreases.
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Modified index of agreement (d j). The modified index of agreement (d j), also known as the Willmott index, is a standardized measure
of prediction ability in regression models [15]. In contrast to the coefficient of determination (R2), d ; does not allow negative values
it ranges from O to 1, where zero indicates complete disagreement between the observed and predicted values, and one indicates
complete agreement. d; is defined in Eq. (7), where V; and V, represent the observed and predicted values, respectively, n is the
number of elements in V, and V represents the average of the observed values. The j index is usually defined with a value of one.

s -
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Alignment-based similarity measures for time series

Dynamic time warping (DTW). Dynamic Time Warping (DTW) is a method of matching two sequences or time series by expanding or
contracting the time component [10,16]. DTW is widely used in speech processing, machine learning, and speech recognition because
it resists outliers and can efficiently match two time series with different lengths or phases but similar shapes.

The DWT’s basic idea is to find the optimal match or the deformation path utilizing a dynamic programming technique. Let
Ts, = ts{ ) ts%, e ts’]n and T's, = {ts%, ts%, . tsﬁ} time series, the deformation path is computed by a distance matrix Dist among them,
where each cell dist(ts},tsjz.) represents the distance between points ts,.1 and tsjz.. In this way, the optimal deformation path between
two varying-sized and irregular-sampled time series is represented by Eq. (8), where w, represents the element z'”* of the deformation
path W of size K <n+m—1.

z
DTW (Ts,,Ts,) :mui/n;dist(wz) (8)

Dynamic programming is employed to determine the most efficient deformation path. Eq. (9) states the procedure for computing
this path and, as a result, the DTW distance. Dist(i, j) represents the total distance, including the current distance (dist(tsl.l s ts,?)) and

the minimum cumulative distances of the three adjacent elements (DTW (i, j — 1), DTW (i — 1, j — 1), and DTW (i — 1, )).

Dist(i, j) = dist(ts!,1s?) + ad j(i, j)

DTW(i,j—1)
adj(i,j) = mind DTW (i — 1,j — 1) )
DTW (i - 1,))

However, computing the distance using DTW involves significant computational complexity. Several strategies are suggested to
minimize the complexity of DTW. One successful approach is to incorporate constraints that consider only a portion of possible align-
ments between two varying-sized and irregularly sampled time series. Sakoe and Chiba [17] proposed an efficient global constraint
for this objective. Eq. (10) incorporates the Sakoe-Chiba band é, into the optimal deformation path calculation described in Eq. (8),
where W P is the warping path. This band allows for a more efficient and accurate path computation method for DTW.

DTW(X,Y)

Z
min Z 5Zdist(wz)
W z=1

1,5,e WP

8, = {oo,az gWP (10)

Global alignment kernel (GAK). Although DTW is a competitive distance measure for time series of different sizes and irregularly
sampled, it cannot be used to construct a kernel-based regression method because it does not meet Mercer’s condition to be a kernel
positive definite [18]. This condition is essential to build kernels since it guarantees that the learning methods converge towards a
globally optimal solution [19]. For this reason, several kernel methods have been proposed for machine learning tasks.

The Global Alignment Kernel (GAK) calculates the soft minimum costs of every conceivable alignment [20]. Eq. (11) expresses
the computation of the GAK where w and W are similar to Eq. (8). However, Cuturi et al. [18] demonstrated that GAK is a positive
semidefinite kernel with a O(n?) complexity comparable to DTW.

kGA — Z eDist(w)
wew

||

2 [w(w.w)

wew i=1

k = ellxIP 1

Some strategies employed in DTW can also accelerate GAK computations. Cuturi et al. [21] added the triangular parameter to
the GAK method as an additional constraint. This modified version, the Triangular Global Alignment Kernel (TGAK), is presented in
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Fig. 1. Example of an eMODITS discretization scheme where each word segment ws; contains its own breakpoints scheme. In this example, the final
string is cbc.

Eq. (12), where y,, is the Gaussian kernel and 7} is the order of the Toeplitz kernel z. The region near the diagonal indicates where
the optimal deformation path can be found. This process effectively reduces the number of computations required.

T(’s.]) lllo'(xi’Yi)

k = 7 7V
PO 2 i ) wy (%10 9)
@i, j) = max[(l - u),0] (12)
Tk
eMODITS

eMODITS is a method of symbolically discretizing data by finding the appropriate discretization schemes using a multi-objective
evolutionary algorithm (MOEA), NSGA-II [1,2,22]. MOEAs are designed to identify solutions that optimize or minimize two or more
functions in compromise with each other. The MOEA interest problem is the multi-objective optimization problem (MOOP). It is
expressed as Eq. (13), where F is the objective function set to optimize, % is the vector of decision variables, m is the number of
objective functions, g(¥) and A(X) are unequal and equal constraint functions.

Min/M ax F= {fl(i),,..,fm(i)}
Subject to :
g(¥) <0
h(Z) <0 (13)

MOEAs obtain a set of potential solutions based on Pareto dominance. A vector x; dominates < a vector X, if and only if, X; <
X,V €{1,--,a} AX| <X,,3; € {1,-,a}. The set of non-dominated solutions is called the Pareto front F.

eMODITS introduced a discretization scheme in which each cut in the time axis (called the word segment) contains its own set
of cuts in the value space of the time series (called the set of alphabet cuts or set of breakpoints). Fig. 1 shows an example of an
eMODITS scheme.

For the codification of a discretization scheme I in eMODITS, a vector with cuts of word segment followed by its respective
alphabet is defined. Eq. (14) expresses an individual’s representation in eMODITS, and Fig. 2 illustrates graphically a discretization

scheme I, ws; represents the cut-offs for a word segment and «,,, ; its respective cut-offs of the alphabet.
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Qiapsy 1 Xwsy,2 Xwsy,2 WS2  Xwsy, 1l Xwsy,2

ws)
| 747 | -3.36 | 5.92 \ ISl 12 | 846 | -

Qpsy Awsy,l Awsy,2 Xwsz,3 Xwsz,4

-9.31 | -3.26 | 6.09 | 7.97

Fig. 2. Codification of an individual in eMODITS, where ws; denotes the word segment cut and «,,, ; expresses its alphabet cuts.

ws;.j

Algorithm 1 Adapted one-point crossover operator procedure.

1. global variables

2. ws,,,;,» minimum number of word segments
3. WS,,,5, Maximum number of word segments
4. end global variables

5. procedure OnePointCrossover(Par: First parent, Par,: Second parent)
6. variables

7. cut;, random cut in time length of Par,

8. cut,, random cut in time length of Par,

9. Of fy, first offspring

10. Of f,, second offspring

11. Par:“, first part of the first parent

12. Paré”, first part of the second parent

13. Par™, second part of the first parent

14. Parg”" , second part of the second parent
15. end variables

16.  Generate cut; and cut,

17.  Off, < {Parl Par¥)

18. Par:" - {ws’l’"r‘ A,:,?r' f“"

19.  Par} (ws/P'"2 A,’Z,I:lr2 )\L‘Z,"S}Pur:\

20. off, ={ Par{mr Par%””)

21. Par?m = (ws/P”2 AZ::2 )Cl'”2

22, Pard = (ws] " A )l

23, If |wsO | < ws,y, Alws®' 2| > ws,,, then

24. return OnePointCrossover(Par,,Par,)

25. else

26. return Of f, and Of f,

27. end if

28. end procedure

I = {wsl,Awsl,wsz,Awsz,.‘.,wsd,Awsd}
Aws,- = {“ws,-,l’ yps;,20 w0 (st,,j} (14)

In particular, each individual in eMODITS is a high-dimensional vector of varying size. Therefore, we use the popular one-point
crossover operator for generating offspring, which has been modified to deal with the problem of varying-sized individuals. Adapting
the crossover includes determining a random segment at the word level and combining its sections to produce new offspring. Parti-
tioning is done only at the level of the word segment to avoid inconsistent discretization schemes in which the part of an individual
starts with alphabet cuts or ends with word segment cuts. Algorithm 1 describes the adapted crossover operator.

eMODITS employs three objective functions to find a competitive discretization scheme to classify time series. These functions are
Entropy, Complexity, and Information Loss. Eq. (15) expresses each fitness function, respectively, where S, is a set of discrete time
series S, M(P(S;, ¢ 1)) represents the matrix showing the probabilities of a class being part of a discrete time series, D expresses the
original temporal dataset, R is the reconstructed temporal data set. Entropy (E) estimates the class separability in the discretized
temporal dataset, complexity (Cx) estimates how complex the discrete space is found in terms of the number of unique discrete time
series, and information loss (I L) estimates the amount of data loss due to dimensionality reduction. It is essential to mention that the
original (7's;) and reconstructed time series (T'r;) have been scaled to [0,1] to facilitate a fair comparison between the two temporal
data.

1| 1c
E= ;—Z{M(P(E,-,q))lo&M(P(Ei,cj))

IT|-|S|-IC]

cx = Jisgern 1S -1e1<0)
_Islier otherwise
IT|+(Cl-1)’
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Algorithm 2 eMODITS overall procedure.

1 Procedure eMODiITS(PS: Population size, G: number of generations, pm: mutation rate, pc: crossover rate)
2 variables

3 P, current population

4, F, Pareto front

5. O, set of offsprings

6.

7 end variables

8 Randomly create P of size PS

9. Evaluate P using Equation

10. For g =1,2,...,G do //NSGA-II stage

11. Rank P based on NSGA-II non-dominated sorting. Store it in F

12. Compute the crowding distance of F

13. Select parents using the selection mechanism described in NSGA-II

14. Create offspring set O using Algorithm 1

15. Mutate offspring based on a uniform distribution, randomly changing a value in each individual of P
16. Evaluate the offspring using Eq. (15)

17. P’ < {PO}

18. Rank P’ based on the fast nondominated sorting of NSGA-II method. Store it in F
19. Compute the crowding distance of F

20. Replace P with the first fronts of F

21. End for

22. Return F

23. end procedure

IR|
1 1 2
IL = & ’; — (Tr; - Ts;) (15)

B

Jj=1

NSGA-II was utilized as a search algorithm to identify appropriate data-driven discretization methods using the above-mentioned
elements and keeping the canonical procedures of NSGA-II. The general procedure of eMODiTS is described in Algorithm 2.

asMODITS

The literature reports the application of surrogate models for time series classification [23-25]. However, these proposals are
based on training sets with fixed-size instances.

Some time series classification approaches propose methods for handling training set instances of variable size. One of the main
approaches used is DTW [26-28] due to its ability to search for similar subsequences between two-time series, obtaining the similarity
between both series. Another approach uses Shapelets, which are discriminative subsequences of time series data. Shapelet-based
methods extract shapelets from time series and use them to classify varying-length time series [29-31]. They are effective for capturing
local patterns.

On the other hand, some authors employ an algorithm to convert time series into fixed-length vectors by quantizing and histogram
calculation of subsequences [16,32,33]. This method is called the Bag-of-Words (BoW) Model and is widely used in natural language
processing.

The archive-based and surrogate-assisted multi-objective approach for symbolic discretization of time series (asMODITS) is a method
in which surrogate models were implemented to decrease the computational cost of discretization and evaluation of each objective
function of eMODITS. Therefore, KNN, RBFN, and SVR are proposed as surrogate models. Since each individual in the eMODITS
population presents different sizes, KNN and RBFN are implemented using DTW as a distance measure, while SVR uses the GAK.
Moreover, an external archive A of size P.S/4 is also included to maintain diversity in the training set and increase the fidelity of the
surrogate model.

On the other hand, a hybrid approach for the evolution control stage is proposed to update the surrogate models. This mechanism
consists of applying the fixed and dynamic control evolution together. The fixed approach performs the generation-based strategy
every GU generation per surrogate model, replacing the individual quality of the current population with the original value and
storing the farthest individuals from the training set within the archive. The training set of each surrogate method is updated using
the T'I individuals in the archive with the highest prediction error based on an error threshold . Furthermore, IU individuals in the
current population are evaluated using the original objective functions in each generation (individual-based strategy).

After the fixed control evolution, GU is updated according to the percentage of individuals inserted into the training set multiplied
by a penalty factor z. It is the dynamic approach for the control evolution step.

The Algorithm 3 describes the incorporation of the surrogate model and how it was updated.
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Algorithm 3 asMODITS overall procedure where surrogate models are incorporated for evaluating new solutions.

1. Procedure asMODiITS(PS: Population size, G: number of generations, pm: mutation rate, pc: crossover rate,/m: surrogate model, /i, : number of generations
where the surrogate model is updated, T/: number of individuals from the archive used to update the training set, /U: number of individuals from the
current population to evaluate in the original functions, II: factor to calculate the size of the training set, &: threshold to update the training set).

variables
P, current population
training set of the surrogate model i

2

3

4 M train>

5. F, Pareto front

6. O, set of offsprings

7 A, the external and auxiliary archive used to maintain diversity in

8 ¢, estimation error between the value of the surrogate model and the original functions
9. L, archive maximum size

10. m, Number of objective functions

11. inserted, number of individuals inserted in the training set based on its estimation error
12. 0, Percentage of individuals inserted in the training with respect to 71

13. end variables

14. Randomly create a training set of size P.S = I and store it in each
15. Create P randomly extracting P.S individuals from the training set
16. Evaluate P and 7, ,;,,i = {1, -, m} in the original functions (Eq. (15))
17. Train m;,i = {1, -+, m}

18. Set L= PS/4

19. For g = 1,2,...,G do //NSGA-II stage

itrain

20. Rank P based on NSGA-II non-dominated sorting. Store it in F

21. Compute the crowding distance of F

22. Select parents using the selection mechanism described in NSGA-II

23. Create offspring set O using Algorithm 1

24. Mutate offspring based on a uniform distribution, randomly changing a value in each individual of P
25. Evaluate the offspring in ;i = {1, -, m}

26. Store the offspring farthest from the training set in A

27. Prune A when it exceeds L

28. Evaluate /U individuals from P in original functions (Eq. (15)) //Individual-based strategy
29. P’ — {PO)

30. Rank P’ based on the fast nondominated sorting of NSGA-II method. Store it in F
31. Compute the crowding distance of F

32. Replace P with the first fronts of F

33. Fori=1--mdo

34. If (g% ;) = 0 // Generation-based strategy

35. If Al <TI

36. Insert T1 — |A| new individuals randomly generated in i, ,,,

37. else

38. Select T'I individuals from A

39. Evaluate the selected individuals in the original functions (Eq. (15))

40. Fork=1 ..TI do

41. Set ind as the selected individual &

42. Calculate the estimation error ¢ of ind using the measure d; (Eq. (7))
43. inserted =0

44. Ife>¢

45. Insert ind in i, ;,,

46. Train

47. inserted = inserted + 1

48. End if

49. End for

50. o = inserted /T 1

51. i, = round(i,;_ * o,0) //Dynamic evolution control

52. End if

53. Evaluate P in the original functions (Eq. (15)) //Generation-based strategy
54. End if

55. End if

56. End for

57. Return F
58. end procedure

Method validation
Input datasets

The data sets used to validate our method were obtained from the UCR repository [34]. This repository is an open-access resource
to evaluate the effectiveness of the proposed methods for time series classification. A total of 17 data sets were selected to test the
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Table 1
Description of the datasets used for the analysis in this study. The data were extracted from the UCR Repository [22]. Abbreviation column (Abbrev.)
was incorporated by authors for further references. TrS, TeS, L, NoC, and T denotes Training S.

Dataset Abbrev. TrS TeS L NoC T
CBF CBF 30 900 128 3 SIMULATED
DistalPhalanxOutlineAgeGroup DPOAG 400 139 80 3 IMAGE
ECG200 ECG200 100 100 96 2 ECG
ECGFiveDays ECG5D 23 861 136 2 ECG
FaceAll FALL 560 1690 131 14 IMAGE
FacesUCR FUCR 200 2050 131 14 IMAGE
ItalyPowerDemand ITAPD 67 1029 24 2 EPG
Medicallmages MEDIMG 381 760 99 10 HAR
MiddlePhalanxOutlineAgeGroup MPOAG 400 154 80 3 SENSOR
MiddlePhalanxTW MPTW 399 154 80 6 OTHER
MoteStrain MOTEST 20 1252 84 2 SIMULATED
ProximalPhalanxTW PPTW 400 205 80 6 SENSOR
SonyAIBORobotSurfacel SONY1 20 601 70 2 IMAGE
SonyAIBORobotSurface2 SONY2 27 953 65 2 MISC
SwedishLeaf SWEDLF 500 625 128 15 SOUND
SyntheticControl SYNCTR 300 300 60 6 SENSOR
TwoPatterns TWOPAT 1000 4000 128 4 SENSOR
Table 2
Parameter setting obtained by the Bayesian optimization method proposed in [23].
Surrogate model Objective function Parameter Value
KNN Entropy Sakoe-Chiba Window 0.4315
k 1
Complexity Sakoe-Chiba Window 0.5889
k 5
Information Loss Sakoe-Chiba Window 0.8808
k 1
SVR Entropy Sakoe-Chiba Window 0.8199
C 10
Complexity Sakoe-Chiba Window 0.3703
C 10
Information Loss Sakoe-Chiba Window 0.9392
C 9
RBFN Entropy Sakoe-Chiba Window 0.8292
Epoch 50
k 8
Learning rate 0.099
Complexity Sakoe-Chiba Window 0.4512
Epoch 100
k 8
Learning rate 0.0915
Information Loss Sakoe-Chiba Window 0.4652
Epoch 150
k 7
Learning rate 0.1676

robustness of our method due to the properties they present (different numbers of classes, data dimensionality, and data type) [2].
See Table 1 for further details.

Parameter setting

The parameters used in asMODITS are the same as the original method (eMODiTS) for a fair comparison (PS, G, pm, pc). The
values for the parameters GU, T'I, and 1U were obtained based on previous experiments. The experiments were conducted to test the
efficacy of our method under various configurations of values. The values used for GU were every 30, 60, and 100 generations; for
IU, we used 5 %, 10 %, and 30 %; for TI, we used 1, 10, and 50 individuals. The optimal values were GU=60, IU=10 %, and TI=10.
However, the parameter values of each surrogate model were obtained using the Bayesian Optimizer implemented in Python [35].
The selected optimizer has been demonstrated to identify optimal hyperparameter configurations for machine learning algorithms
in various contexts [36-38]. This optimization used 200 evaluations, d; as the evaluation measure, and the training set proposed in
[34] for each data set. Furthermore, this set was subdivided using 50 % of the instances for the training set and 50 % for the testing
set during optimization. The values obtained by the optimizer are described in Table 2.
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Table 3

Prediction power of each surrogate model in each dataset calculated through d; metric. ask NN, asRBF N, and asSV R denote the asMODiT Sy yy,
asMODiT Sggpy, and asM ODIT S, , methods, respectively. Bold numbers represent the highest values per data set for each surrogate model.
Moreover, X, X, and ¢ indicate the average, median, and standard deviation of data.

Dataset Entropy Complexity Information Loss

asKNN asRBFN asSV R asKNN asRBFN asSV R asKNN asRBFN asSV R
CBF 0.1682 0.3796 0.1733 0.5968 0.468 0.4753 0.7794 0.8235 0.4482
DISTAG 0.0243 0.0026 0.0765 0.6851 0.3569 0.1816 0.5103 0.4339 0.3995
ECG200 0.0277 0.0275 0.0215 0.5742 0.2367 0.2947 0.8476 0.4763 0.2559
ECG5D 0.1002 0.1081 0.2062 0.4519 0.5136 0.3827 0.392 0.3394 0.3494
FALL 0.0067 0.0106 0.0588 0.5966 0.3845 0.4454 0.5946 0.2312 0.488
FUCR 0.0141 0.0364 0.2214 0.517 0.4887 0.3791 0.5309 0.2465 0.3683
ITAPD 0.1398 0.2217 0.941 0.494 0.4464 0.8601 0.5277 0.3277 0.9692
MEDIMG 0.0126 0.2355 0.2629 0.7108 0.3706 0.5806 0.706 0.1655 0.2636
MIDAG 0.0072 0.0047 0.0112 0.5118 0.2557 0.3823 0.575 0.477 0.3414
MIDTW 0.0075 0.1813 0.047 0.536 0.5029 0.4155 0.4115 0.3944 0.4106
MOTEST 0.1988 0.1525 0.2691 0.6473 0.4171 0.2704 0.7369 0.2939 0.4382
PROXTW 0.008 0.078 0.134 0.5397 0.2212 0.5427 0.4785 0.4561 0.2254
SONY1 0.2706 0.208 1 0.5463 0.4893 1 0.6571 0.6177 1
SONY2 0.2208 0.6831 0.3451 0.796 0.5919 0.4639 0.6779 0.8852 0.4232
SWEDLF 0.0055 0.0021 0.0754 0.5502 0.3895 0.3453 0.547 0.5512 0.3369
SYNCTR 0.0218 0.0075 0.0825 0.675 0.3633 0.3857 0.7886 0.4771 0.3874
TWOPAT 0.003 0.0134 0.1141 0.6894 0.3149 0.3825 0.7688 0.5771 0.399
X 0.0728 0.1384 0.2376 0.5952 0.4007 0.4581 0.6194 0.4573 0.4414
X 0.0218 0.078 0.134 0.5742 0.3895 0.3857 0.5946 0.4561 0.399
o 0.0908 0.1784 0.2919 0.0919 0.1044 0.203 0.1382 0.1952 0.2162

Preliminary results and discussions

The experiments performed in this study were designed to validate our method in terms of the surrogate model’s fidelity and the
classification task’s precision.

Three surrogate models were implemented to analyze its behavior in estimating the objective functions: KNN with DTW as dis-
tance measure (asM ODiT S yx), SVR with GAK as distance measure (asM ODiT Sy ), and RBFN with DTW as distance measure
(asMODIT Sgppy)- Table 3 shows the results of the prediction power calculated with the metric d;.

As can be seen, the information loss function obtained the highest prediction values, reaching values above 0.6. Meanwhile,
the entropy function obtained the worst prediction power with values greater than 0.2. Regarding the behavior of each method,
asMODIT Sk y n obtained the highest prediction values in both the complexity function and the information loss function, being the
method with the best performance. On the other hand, asM ODiT S,  was the method that had the best prediction performance in
most databases concerning the entropy function. These results are confirmed by the mean (X), median (X), and standard deviation
(), where we can see for each function which method outperforms the others. In the same way, Fig. 3 graphically shows the behavior
of the predictive power of each method in each function, where the information loss function achieved the more accurate prediction
compared to the others. The asM ODiT S y y method was the one that best approximated the values of each function.

Predictive values reported by our procedure could result from training set coding due to the high dimensionality of the training set
and the different sizes of each in the same set. These characteristics are usually challenging to handle by most regression algorithms,
making it difficult to learn the main patterns present in the data [39,40]. In addition, high-dimensional data often present a high risk
of overfitting in the training process, leading to poor generalization in the presence of new data [41].

Regarding the classification task, the surrogate models were compared with the original method. For this purpose, the F1 score
was used due to its insensitivity to class imbalance, a problem that affects other metrics, such as precision. Table 4 shows the results
obtained by each approach using this metric, where the values in bold represent the highest values of the F1 score, representing a
competitive classification of the data set classes. This table shows that eMODiTS with the original models obtain competitive results
in more temporal data sets than the surrogate models.

A nonparametric statistical test to validate our analysis was employed because the results did not follow a normal distribution.
Friedman’s multi-comparison test and Nemenyi’s post hoc test were used with a confidence level of 95 %. The results are shown in
Fig. 4 and confirm the above. eM ODiTS ranked highest, while asMODiT Sgy g, asMODIT Sgpryn, and asMODIT Sk y n followed.
However, there are no significant statistical differences between the different approaches. Thus, it can be concluded that they exhibit
similar behavior in classifying time series. Such results are expected when a surrogate model replaces computationally expensive
parts of the multi-objective optimization process. In simpler terms, a desirable outcome of surrogate models is to find similar but not
superior results. Such models are unlikely to improve the original results, but they will match them.

Finally, Fig. 5 illustrates the computational cost reached by e MODITS, asMODiT Sk x> aSMODIT Sgppn, asMODIT Sqy, g. The
computational cost was measured based on the number of evaluations performed by each method in the original objective function.

This figure illustrates that the surrogate methods conducted the fewest evaluations of the original model. It is important to note that
evaluating the original objective functions involves discretizing the time series to calculate them. Therefore, the estimation performed
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Table 4

Classification accuracy results reached by the original eMODITS and its surrogate versions (asM ODiT Sy, asMODIT Sggry, asMODIT Sgy g).
Dataset column shows the abbreviation column of the Table 1. F1 score and the standard deviation were employed to express the results. Bold
numbers represent the higher F1 scores obtained per dataset. Values after + represent the standard deviation of each execution.

Abbrev. eMODITS asMODIT Sy asMODIT Sgpry asMODIT Sy,
CBF 0.8222+0.013 0.8501+0.0082 0.8731+0.0134 0.8927+0.0037
DISTAG 0.7921+0.0085 0.825+0.0153 0.8123+0.0199 0.8183+0.0116
ECG200 0.8326+0.0394 0.7975+0.0196 0.7651+0.0165 0.792+0.0175

ECG5D 0.773+0.0236 0.7936+0.0254 0.6896+0.013 0.6671+0.0176
FALL 0.6899+0.0091 0.5076+0.0095 0.4892+0.0102 0.6515+0.0064
FUCR 0.5435+0.0076 0.3313+0.0107 0.5625+0.0101 0.6601+0.0117
ITAPD 0.938+0.0036 0.9589+0.0027 0.9617+0.0032 0.9653+0.0036
MEDIMG 0.6494+0.0071 0.4596+0.0049 0.627+0.0101 0.5916+0.0072
MIDAG 0.737+0.026 0.7463+0.0274 0.7395+0.0189 0.7606+0.0231
MIDTW 0.5499+0.0089 0.5645+0.0112 0.5551+0.0123 0.5368+0.011

MOTEST 0.7169+0.0054 0.7239+0.0157 0.7804+0.0077 0.745+0.0082

PROXTW 0.7593+0.017 0.7319+0.0064 0.7195+0.0143 0.7679+0.0163
SONY1 0.8076+0.0141 0.5522+0.0132 0.8257+0.0113 0.4044+0.0039
SONY2 0.811+0.0119 0.7546+0.0137 0.7945+0.0135 0.7718+0.0194
SWEDLF 0.6312+0.024 0.488+0.0047 0.569+0.0142 0.5757+0.0076
SYNCTR 0.923+0.0143 0.8446+0.027 0.8296+0.0209 0.8853+0.0212
TWOPAT 0.8177+0.002 0.6111+0.0065 0.5666:+0.0035 0.5557+0.0059

by each surrogate method implies obtaining the values of the objective functions without performing the discretization process,
minimizing the main computational cost of eM ODiITS. In summary, the surrogate methods significantly reduced the computational
cost of the original method. However, using a costly distance measure (DTW) resulted in longer execution times than eM ODiT'S due

to the coding of the individuals in the training set.

New research directions

The results obtained from our method allow us to identify several future research directions.

 The predictive power of surrogate models can be analyzed by changing how individuals are represented in the training set. This
analysis could involve proposing more straightforward representations with high fidelity to the original model.

11



A. Mdrquez-Grajales, E. Mezura-Montes, H.-G. Acosta-Mesa et al. MethodsX 13 (2024) 102840

Friedman p-value: 4.000

JURURINOY . JUSSUSRIRY RUSORSRIR AR
._E
i 3 -
~
s
& 4
z o ‘
—— ——
1 1 ) 1
Y ! o o
O PRy RPRA el
c\‘\o )0" o )‘,‘. ga¥ 0"\ Sy
ﬁ..\\( \‘O\ -)\O
> o8’ oF

Fig. 4. Statistical test results from the Friedman test with Nemenyi post hoc at 95 %-confidence.
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Fig. 5. Computational cost measured as the number of evaluations of each method.

+ Other surrogate models could be explored to increase their fidelity to the original. This analysis can use more complex models
that capture the original functions’ behavior, such as neural networks, random forests, and hybrid models.

+ Examine the behavior of several subrogated models for each objective function individually and thus select one for each objective
function. This future direction aims to implement subrogated models that are ad hoc to the behavior of each objective function.
This proposal would enhance the predictive capacity of the proposed method.

« Finally, the proposal’s efficacy will be analyzed by utilizing high-performance computing to minimize the inherent computational
cost of the DTW algorithm.

Conclusions

This research presents a surrogate method to minimize the computational cost of the discretization approach called eM ODIT'S.
Therefore, three approximation models were implemented to approximate the values of each objective function of e M ODiT' S. These
models were KNN (asM ODiT Sk yn)> RBEN (asMODiT Sggpn), and SVR (asMODiIT Sy g).

The classification rates achieved by the surrogate methods were similar to those obtained by the original method but with a
lower computational cost. However, the surrogate methods’ predictive power is less than expected, a significant aspect that needs
improvement and represents their main disadvantage. Therefore, our proposal is a promising method for discretizing temporal datasets
while minimizing computational costs.

It is crucial to emphasize that the novelty of our work lies in the implementation of surrogate models in time series discretization
tasks. To our knowledge, this area has not been extensively explored. This situation generates a new line of research in time series
preprocessing. Moreover, most investigations employ surrogate models, which typically utilize representations of the training set
with a fixed number of variables. Consequently, this method not only provides a new direction in the field of time mining but also

12
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in any problem where it is desired to minimize the computational cost with surrogate models where instances of the training set of
fixed size are not employed.

Moreover, using surrogate models to reduce the computational cost of complex problems may be influenced by intentional and
unintentional biases. Therefore, to address this ethical issue, automated search tools were employed in this study to identify optimal
parameter values without any authors influencing the results presented, thereby enhancing the transparency of the proposed approach.

As a future work, we propose to explore new representations for the individuals in the training set of the surrogate models to avoid
the dimensionality course and the increase of the execution time due to DTW. Moreover, comparing more machine learning methods
for estimating the objective function values, such as implementing a Random Forest algorithm and Proximity Forest, among others,
will be interesting. Finally, an implementation of DTW is proposed for high-performance computing such as CUDA or OpenGL.
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