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Abstract

Recently, as interest in machine learning (ML) has increased and research using ML has become active, it is becoming
more important to find an optimal hyperparameter combination for various ML models. In this paper, among various
hyperparameters, we focused on ML optimizers, and measured and compared the performance of major optimizers using
various datasets. In particular, we compared the performance of nine optimizers ranging from SGD, which is the most
basic, to Momentum, NAG, AdaGrad, RMSProp, AdaDelta, Adam, AdaMax, and Nadam, using the MNIST, CIFAR-10,
IRIS, TITANIC, and Boston Housing Price datasets. Experimental results showed that when Adam or Nadam was used,
the loss of various ML models decreased most rapidly and their F1 score was also increased. Meanwhile, AdaMax
showed a lot of instability during training and AdaDelta showed slower convergence speed and lower performance than

other optimizers.
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