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 M.M. Polishchuk S.V. rinyuk, S.V Datsyuk Comparison of optimization methods for neural networks training. Modern 

methods of training neural networks consist in finding the minimum of some continuous error function. Over the past years, various 
optimization algorithms have been proposed that use different approaches to update the parameters of the model weights. This article 
describes the most common optimization methods used in neural networks training process, also provides a comparative analysis of these 
methods on the example of learning simple convolutional neural network on the MNIST data set. Analysed various implementations of 
the gradient descent method, impulse methods, adaptive methods, generalized problems of their use. 

 Keywords: optimization methods, neural networks, gradient descent method, stochastic gradient, tensorflow, machine learning, 
convolutional neural networks. 
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 (SGD - Stochastic gradient descent)  

 x(i)    y(i): 
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