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In this paper, We evaluated the time-series gradient boosting decision tree method using benchmark data. Our
time-series gradient boosting tree has weak learners with time-series and cross-sectional attribute in its internal
node, and split examples based on dissimilarity between a pair of time-series or impurity between a pair of cross-
sectional attributes. It has been empirically observed that the method induces accurate and comprehensive decision
trees in time-series classification, which has gaining increasing attention due to its importance in various real-world
applications.
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D n {xi, i = 1, ..., n}
xi m {aj , j = 1, ..., n}

{yi, i = 1, ..., n} aj

x(aj)
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xi(aj)

DTW (x(aj), exi(a)) < θi
L(x, aj , θi) = {(y, x)|DTW (x(aj), xi(aj)) < θi}

R(x, aj , θi) = {(y, x)|DTW (x(aj), xi(aj)) ≥
θi} DTW (x, y)
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Algorithm1

x(aj) DTW

θ

Algorithm 1 DTW distance

1: procedure DTW(x, y)

� Initialize matrix D

2: Var D[N,M ]

3: D[1, 1] = 0

4: for i = 2 to N do

5: for j = 2 to M do

6: D[i, j] = ∞
7: end for

8: end for

� Calculate DTW distance

9: for i = 2 to N do

10: for j = 2 to M do

11: D[i, j] = d(x[i− 1], y[j − 1])

+min(D[i, j − 1], D[i −
1, j], D[i− 1, j − 1])

12: end for

13: end for

14: return D[N,M ]

15: end procedure

2.2
[Friedman 01]

gradient

boosting tree ( )

x y fm(x),m = 0, ...,M

F (x)

F (x) = f0(x) + f1(x) + ...+ fM (x) (1)

L(y, F (x)) fm(x)

F0(x) = f0(x)

m m

L(y, F (x))

Fm(x) = Fm−1(x) + fm(x) (2)

3. -

[Yamada 03]

Algorithm 2 Gradient Boosting Tree

1: procedure Gradient Boosting Tree(y, x)

� Initialize F0 with a constant

2: F0(x) =
∑N

i=1
arg min

c

(yi, c)

3: for m = 1 to M do

4: rim = −[L(yi,F (xi))
F (xi)

]F (x)=Fm−1(xi−1)

� Fit a decision tree to predict targets rim
5: f(x) = FitTree(rim,x)

6: ρm = arg min
ρ

∑N

i=1
L(yi, Fm−1(x) + ρf(x))

7: Fm(x) = Fm−1(x) + γρmf(x)

8: end for

9: return F (x) =
∑M

m=1
Fm(x)

10: end procedure

(StandardExSplit with Cross-Sectional Data) Algo-

rithm3 H(•)
Gini

Algorithm 3 StandardExSplit with Cross-Sectional Data

1: procedure Split({y1, ..., yn}, {x1, ..., xn})
2: for each samples xi do

3: for each attribute aj do

4: if attribute aj is time-series then

5: for each samples xk do

6: L(x, aj , θi)

7: = {(y, x)|DTW (xi(aj), xk(aj)) < θk}
8: R(x, aj , θi)

9: = {(y, x)|DTW (xi(aj), xk(aj)) ≥ θk}
10: G(L,R, θi)

11: = |L|
|L+R|H(L) + |R|

|L+R|H(R)

12: end for

13: else

14: L(x, aj , θi) = {(y, x)|x(aj) < θi}
15: R(x, aj , θi) = {(y, x)|x(aj) ≥ θi}
16: end if

17: G(L,R, θi) =
|L|

|L+R|H(L) + |R|
|L+R|H(R)

18: end for

19: end for

20: θ∗ = arg min
θ

G(L,R, θi)

21: return best split θ∗

22: end procedure

4.

85 UCR

[Chen 15]

UCR 0 1

Image Outline(IO) Motion Classification(MC)

2

The 32nd Annual Conference of the Japanese Society for Artificial Intelligence, 2018

3Pin1-12



Sensor Readings(SR) Synthetic(Syn) 4

1 DTW

1-NN(1-NN DTW)

(TST)

(TSGBT) Error Rate

31 1-NN DTW

(Lazy Learning)

k-NN

[ 18] 400

21

Error Rate 1 14

5.

[ 18]

85

UCR [Chen 15]

DTW

1-NN(1-NN DTW)

(TST)

(TSGBT) Error Rate

31

1-NN DTW

(Lazy Learning)

k-NN

400

21

Error Rate 14

[Anava 16] Anava, O. and Levy, K.: k*-nearest neighbors:

From global to local, in Advances in Neural Information

Processing Systems, pp. 4916–4924 (2016)

[Chen 15] Chen, Y., Keogh, E., Hu, B., Begum, N., Bag-

nall, A., Mueen, A., and Batista, G.: The UCR Time

Series Classification Archive (2015), www.cs.ucr.edu/

~eamonn/time_series_data/

[Friedman 01] Friedman, J. H.: Greedy function approxi-

mation: a gradient boosting machine, Annals of statis-

tics, pp. 1189–1232 (2001)

[Nakagawa 17] Nakagawa, K., Imamura, M., and

Yoshida, K.: Stock Price Prediction using k*-Nearest

Neighbors and Indexing Dynamic Time Warping, in

Artificial Intelligence of and for Business (AI-Biz 2017)

(2017)

[Yamada 03] Yamada, Y., Suzuki, E., Yokoi, H., and Tak-

abayashi, K.: Decision-tree induction from time-series

data based on a standard-example split test, in Proceed-

ings of the 20th International Conference on Machine

Learning (ICML-03), pp. 840–847 (2003)

1: Error Rate of UCR Time-series Datasets
Name Category 1-NN DTW TST TSGBT

50Words IO 0.31 0.68 0.40

Adiac IO 0.40 0.80 0.51

ArrowHead IO 0.30 0.34 0.39

Beef SR 0.37 0.63 0.57

BeetleFly IO 0.30 0.30 0.30

BirdChicken IO 0.25 0.25 0.30

Car SR 0.27 0.43 0.40

CBF Syn 0.00 0.11 0.01

ChlorineConcentration SR 0.35 0.45 0.41

CinCECGtorso SR 0.35 0.54 0.44

Coffee SR 0.00 0.11 0.11

Computers SR 0.30 0.38 0.32

CricketX MC 0.25 0.62 0.36

CricketY MC 0.26 0.61 0.39

CricketZ MC 0.25 0.66 0.36

DiatomSizeReduction IO 0.03 0.17 0.14

DistalPhalanxOutlineAgeGroup IO 0.21 0.24 0.21

DistalPhalanxOutlineCorrect IO 0.23 0.25 0.23

DistalPhalanxTW IO 0.29 0.36 0.23

Earthquakes SR 0.26 0.29 0.23

ECG SR 0.23 0.21 0.21

ECG5000 SR 0.08 0.08 0.07

ECGFiveDays SR 0.23 0.32 0.32

ElectricDevices SR 0.40 0.36 0.25

Face (all) IO 0.19 0.66 0.28

Face (four) IO 0.17 0.11 0.35

FacesUCR IO 0.10 0.54 0.18

Fish IO 0.18 0.43 0.28

FordA SR 0.44 0.36 0.26

FordB SR 0.41 0.36 0.24

Gun-Point MC 0.09 0.27 0.21

Ham SR 0.53 0.49 0.33

HandOutlines IO 0.20 0.19 0.17

Haptics MC 0.62 0.63 0.60

Herring IO 0.47 0.41 0.39

InlineSkate MC 0.62 0.74 0.70

InsectWingbeatSound SR 0.65 0.69 0.58

ItalyPowerDemand SR 0.05 0.09 0.09

LargeKitchenAppliances SR 0.21 0.27 0.19

Lightning-2 SR 0.13 0.26 0.25

Lightning-7 SR 0.27 0.51 0.42

MALLAT Syn 0.07 0.36 0.16

Meat SR 0.07 0.10 0.12

MedicalImages IO 0.26 0.45 0.28

MiddlePhalanxOutlineAgeGroup IO 0.25 0.26 0.25

MiddlePhalanxOutlineCorrect IO 0.35 0.37 0.31

MiddlePhalanxTW IO 0.42 0.40 0.40

MoteStrain SR 0.17 0.18 0.19

Non-Invasive Fetal ECG Thorax1 SR 0.21 0.71 0.24

Non-Invasive Fetal ECG Thorax2 SR 0.14 0.88 0.18

OliveOil SR 0.17 0.17 0.20

OSU Leaf IO 0.41 0.52 0.43

PhalangesOutlinesCorrect IO 0.27 0.31 0.20

Phoneme (readme) SR 0.77 0.80 0.77

Plane IO 0.00 0.21 0.00

ProximalPhalanxOutlineAgeGroup IO 0.20 0.16 0.18

ProximalPhalanxOutlineCorrect IO 0.22 0.20 0.17

ProximalPhalanxTW IO 0.26 0.28 0.23

RefrigerationDevices SR 0.54 0.53 0.50

ScreenType SR 0.60 0.57 0.62

ShapeletSim Syn 0.35 0.45 0.46

ShapesAll IO 0.23 0.90 0.29

SmallKitchenAppliances SR 0.36 0.27 0.22

SonyAIBORobot Surface SR 0.28 0.29 0.13

SonyAIBORobot SurfaceII SR 0.17 0.21 0.21

StarLightCurves SR 0.09 0.07 0.05

Strawberry SR 0.06 0.13 0.09

Swedish Leaf IO 0.21 0.48 0.18

Symbols IO 0.05 0.24 0.10

Synthetic Control Syn 0.01 0.05 0.03

ToeSegmentation1 MC 0.23 0.28 0.26

ToeSegmentation2 MC 0.16 0.27 0.27

Trace SR 0.00 0.09 0.06

Two Patterns Syn 0.00 0.03 0.00

TwoLeadECG SR 0.10 0.20 0.20

uWaveGestureLibraryX MC 0.27 0.31 0.23

uWaveGestureLibraryY MC 0.37 0.39 0.31

uWaveGestureLibraryZ MC 0.34 0.35 0.29

UWaveGestureLibraryAll MC 0.11 0.39 0.10

Wafer SR 0.02 0.03 0.02

Wine SR 0.43 0.48 0.35

WordSynonyms IO 0.35 0.63 0.47

Worms IO 0.54 0.48 0.51

WormsTwoClass IO 0.34 0.34 0.34

Yoga IO 0.16 0.24 0.19
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2: Average Error Rate of UCR Time-series Datasets by

Category

Category 1-NN DTW TST TSGBT

Image Outline 0.23 0.49 0.24

Motion Classification 0.27 0.36 0.20

Sensor Readings 0.24 0.37 0.19

Synthetic 0.00 0.03 0.00
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