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ABSTRACT
Brent is a type of crude oil that is often used as a reference for oil prices. Brent oil price data includes fluctuating time series data. N-BEATS is an algorithm that links back and front residues with deeply connected stacks. One variant of the N-BEATS architecture is the generic architecture (N-BEATS-G) which can be configured easily to handle more complicated time series data problems. 
In this research, the data used are secondary data from the U.S. Energy Information Administration (EIA) [13]. The data is daily data on the price of Brent crude oil from January 3, 2000 to December 30, 2022, which amounts to 6,000. The tool used in this research is AWS. Next, data preprocessing and hyperparameter estimation is performed on the N-BEATS-G algorithm. The resulting model is evaluated using the MASE loss function to measure prediction accuracy. The N-BEATS-G model which gave the smallest MASE value was chosen as the best model.

The machine learning algorithm that can be used is the Neural Basis Expansion Analysis for Interpretable Time Series (N-BEATS) which connects the back and front residues with connected stacks. N-BEATS is an algorithm invented by [11]. Then, [12] researched on wind speed forecasting using the N-BEATS algorithm. One variant of the N-BEATS architecture is the generic architecture (N-BEATS-G) which can be configured easily to deal with complex time series data problems.

Cloud Computing is a computational model that can be used to process large data using machine learning algorithms. The model that has the best results is the model with a comparison of 90% training data and 10% testing data and the number of epochs is 1000 which has a MASE value of 0.9861.
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Figure 1. N-BEATS Architecture
Table 1. Hyperparameter estimation of the N-BEATS-G algorithm

	Hyperparameter
	Value

	Horizon
	1

	Lookback period
	5

	Epoch
	40, 

	Widht
	512

	Stack
	30

	Block-layers
	4

	Batch
	1024

	Horizon
	1


Table 2. The experimental result of 20 compositions of training dan testing data for N-BEATS-G and MASE values

	Model No.
	Training data: Testing data
	Epoch
	MASE

	1
	70%:30%
	20
	4.5643

	2
	70%:30%
	200
	1.4403

	3
	70%:30%
	1000
	1.0162

	4
	70%:30%
	5000
	1.0180

	5
	75%:25%
	20
	5.6463

	6
	75%:25%
	200
	1.0147

	7
	75%:25%
	1000
	1.0170

	8
	75%:25%
	5000
	1.0112

	9
	80%:20%
	20
	1.4979

	10
	80%:20%
	200
	1.2941

	11
	80%:20%
	1000
	1.0056

	12
	80%:20%
	5000
	1.0101

	13
	85%:15%
	20
	2.7731

	14
	85%:15%
	200
	1.1396

	15
	85%:15%
	1000
	1.0262

	16
	85%:15%
	5000
	1.0115

	17
	90%:10%
	20
	3.9248

	18
	90%:10%
	200
	1.4087

	19
	90%:10%
	1000
	0.9861

	20
	90%:10%
	5000
	0.9965
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