Data Augmentatlon In a Hierarchical-Based Classification Scheme for
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1.Introduction

« A major issue.that impedes the successful
automated classification of astronomical data is
the imbalanced learning problem. »

- .This problem impacts classification of variable | [ ol Ly P N &-Scut
stars In particular,. as some types of variable Level 2 ! Tr 3156 T 32158 T GG R BE0t Tr :214 T 802

stars are rare, making it difficult to build,

Te :15647 Te :1353 Te :2628 Te :386 Te :92 Te :45
automated machine learning (ML) systems.

1.. SMOTE: inserts artificially generated minority class
examples into a data set by operating in ‘feature
space’ rather than ‘data space’

Eclipsing Rotational Pulsating

Node 1 Leaf 1 Node 2
Level 1 Tr :6312 Tr :2545 Tr :7338
Te :17000 Te :1091 Te :3151

ATr : 17000 ATr : 17000 A.Tr : 17000 2. 'RASLE: Randomly Augmented Sampled Light

curves from mragnitude Errors is employed on LCs
or time series data directly. For each data point at a
specific time, we sample a single magnitude from a
probability distribution function (pdf) as going over
the magnitude space vertically.
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. GPFit: We build a model describing variable stars
using Gaussian Processes (GPs). We then
randomly sampled synthetic LCs from *the GP
madel to form the augmented training set.
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Stage 1: hierarchicil tree classifiers
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« We use the astrophysical properties of thé various sources to construct a

Magnitude

hierarchical-based strueture to represent the different classes. * a 15.0
«* For the HC, we use XGBoost and Random Forest. \ - ¢
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Augmentation methods | Classifiers G-Mean Balanced-accuracy
First Level: Eclipsing, Rotational and Pulsating Classification

i H19 (No augmentation)
SMOTE

XGBoost
RF
XGBoost
RF

0.78/0.78/0.86 (~ 0.79)
0.80/0.77/0.89 (~ 0.81)
0.80/0.78/0.89 (~ 0.81)
0.82/0.76/0.89 (~ 0.83)
0.82/0.77/0.89 (~ 0.83)
0.80/0.75/0.89 (~ 0.81)
0.80/0.75/0.89 (~ 0.81)

0.59/0.60/0.75 (~ 0.61)
0.63/0.59/0.80 (~ 0.65)
0.63/0.60/0.79 (~ 0.65)
0.66/0.57/0.79 (~ 0.68)
0.66/0.58/0.79 (~ 0.68)
0.63/0.56/0.79 (~ 0.65)
0.63/0.56/0.78 (~ 0.65)

Second Level: RR Lyrae, LPV, Cepheids and 4-Scuti

" H19 (No augmentation) RF

XGBoost

SMOTE RE
XGBoost

RF
XGBoost

RF

RASLE

GpFit

0.99/1.00/0.97/1.00 (~ 0.99)
0.99/1.00/1.00/0.95 (~ 0.99)
0.99/1.00/1.00/0.96 (~ 0.99)
0.99/1.00/0.99/0.93 (~ 0.99)
0.99/1.00/1.00/0.94 (~ 0.99)
0.99/1.00/0.99/0.95 (~ 0.99)
0.99/1.00/1.00/0.97 (~ 0.99)

Second Level: Ecl and EA

| H19 (No augmentation)
SMOTE

RASLE

0.93/0.93 (~ 0.93)

XGBoost 0.94/0.94 (~ 0.94)
0.94/0.94 (~ 0.94)

XGBoost 0.93/0.93 (~ 0.93)
RF 0.93/0.93 (~ 0.93)

0.98/0.99/0.93/1.00 (~ 0.98) |
0.97/0.99/1.00/0.90 (~ 0.97) |
0.97/0.99/1.00/0.92 (~ 0.97)
0.98/1.00/0.98/0.85 (~ 0.98) |
0.98/0.98/1.00/0.88 (~ 0.98)
0.97/0.99/0.97/0.99 (~ 0.98) |

- 0.97/0.99/1.00/0.93 (~ 0.98) ]

0.86/0.86 (~ 0.86)
0.88/0.88 (~ 0.88)
0.88/0.88 (~ 0.88)
0.85/0.85 (~ 0.85)

Stage 2: level-wise data augmentation in ﬁC

. Slnce the tralnlng set is still imbalanced after aggrega«tmg subclasses into superclasses, we use the three

data augmentatlon teChniques: SMOTE, RASLE, GPFit

Stage 3: feature extraction

» Our features are based on 6. intrinsic statistical properties relating to locationr (mean magnitude), scale (standard
deviation), variability (mean variance), morphology (skew,kurtosis, amplitude), and time (period).
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- ) el Stage 4: training with Bayesian optimization b *- When using GpFit method, our RF
GpFit oost ' 79 ™ V. ' -8 ™ UL Rotatiana 0.85 . .
i 1-RR(;'9§Q'9§§10'9:131 R . _ _ 08 L s 090 implementation performs best at all HC levels
H19 (No augmentation) 00.94/0.85/0.40/0.18(~0.86) * The training' set moves through the first level in the HC, N EA (0.96) when compared to H19.
SMOTE R el eatgell  Scheme. The training examples are then augmented. The TT;O T vt = 8
p— 823'6/;8:338:22;8:22 EN 832 8232;8:238:;(5);832 §~ gg;i model (see dotted square at level 1) Is trained using either I% - ;zﬁ:?;;;oo) .. We found that both XGBoost and RF provide
p— 0.97/0.93/0.57/0.44 (~ 0.92) | 0.94/0.86/0.30/0.17 (~ 0.85) RF or XGBoost classifier. 0. _ EE:TO(Z;Q ) good performance for variable star
e 0.97/0.93/0.56/0.41 (~ 0.92) | 0.94/0.87/0.32/0.26 (~ 0.87) 2 —— RRd (0.87) e 3 Vg P
Third Level: ACEP and Cep-II = —— Blazhko (0.89) classification.

0.2

ACEP (0.95)
CEP-II (0.95)

« Lastly, we evaluate our trained model on real LCs in the
test set. The same concepts apply at different levels in the 1.
HC where real LCs move down the node, get augmented | . 04 06 0.8
and classified‘in their respective classes. False Positive Rate

H19 (No augmentation
XGBoost 0.88/0.88 (~ 0.88)

SMoTE
XGBoost 0.88/0.88 (~ 0.88)
XGBoost 0.88/0.88 (~ 0.88)

0.82/0.80 (~ 0.81)
0.78/0.76 (~ 0.77)
0.78/0.76 (~ 0.77)
0.77/0.78 (~ 0.77)
0.77/0.78 (~ 0.78)
0.78/0.78 (~ 0.78)
0.84/0.82 (~ 0.83)

 We assess the consistency of the results using
GpFit and RF by plotting the Receiver Operator
Characteristic (ROC) curve for each class.

RASLE

GpFit 0.91/0.91 (~ 0.91)




