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Abstract: With the recent advancement of computer hardware and the contribution of open source libraries to facilitate
access to artificial intelligence technology, the use of machine learning (ML) and deep learning (DL) technologies in
various fields of exploration geophysics has increased. In addition, ML researchers have developed complex algorithms
to improve the inference accuracy of various tasks such as image, video, voice, and natural language processing, and
now they are expanding their interests into the field of automatic machine learning (AutoML). AutoML can be divided
into three areas: feature engineering, architecture search, and hyperparameter search. Among them, this paper focuses on
hyperparamter search with Bayesian optimization, and applies it to the problem of facies classification using seismic data
and well logs. The effectiveness of the Bayesian optimization technique has been demonstrated using Vincent field data
by comparing with the results of the random search technique.
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Fig. 1. Flowcharts of (a) procedure of the proposed prediction
framework with hyperparameter search and (b) procedure of
hyperparameter search using TPE Bayesian optimization and k-fold
cross validation.
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Fig. 2. (a) losses of LightGBM models w.r.t. a hyperparameter of min child samples for 50 iterations of Bayesian Optimization. The criteria
y* is set to 15%. (b) The corresponding density distributions of /(x) and g(x).
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- boosting_type: 28 WS A= WFI stoly I}
ZHEE gbdt (15221 GBDT), dart (Dropouts meet Multiple
Additive Regression Trees, Rashmi and Gilad-Bachrach, 2015),
goss (Gradient-based One-Side Sampling)E A8 7}53}t}. 7]
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Table 1. Hyperparameters of the LightGBM model

Hyperparameter Type of distribution ~ Value set or Range
boosting_type Categorical {gbdt, dart, goss}
class_weight Categorical {None, Balanced}
num_leaves Continuous [7, 1000]
learning_rate Continuous [0.005, 0.2]

min_child_samples Continuous [5, 500]
reg_alpha Continuous [0, 1]
reg lambda Continuous [0, 1]
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P-impedance (Zp), S-impedance (Zs), Lambda-Rho (LR), Mu-Rho (MR), Vp/Vs.
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Table 2. Selected hyperparameter values and mean AUC for models
with default, random search, and Bayesian optimization

Random Bayes
Hyperparameter default Search optimization
boosting_type gbdt gbdt dart
class_weight None None balanced
num_leaves 31 64 60
learning_rate 0.1 0.024 0.005
min_child_samples 20 40 25
reg_alpha 0 0.857 0.999
reg lambda 0 0.979 0.329
mean AUC (k=5) 0.971 0.994 0.997

WA Sk Egol WAS 283t gosse = ZHHIE
= 7};}L AZo fAElT e Y UIES 7 E AZS
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= ii(loss)ﬂ FHshs s 7Kt

« class_weight: balancedZ A% & 7% F¥27 E4FS
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+ learning_rate: ¥H5-5 53 xollx ZF A Eg] ] Fo
A 7HAl

- num_leaves: 2R3 E#7} 7F &= e AW A9 .

- min_child_samples: 31}t QA7F 7HD = Qle HA
ol AE

- reg_alpha, reg_lambda: 27} L1 2 L2 Afs}ol] A18-5
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