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Abstract Most machine learning problems can ultimately be attributed to optimization problems (model learning). It
mainly uses mathematics methods to study the optimal ways and solutions for various problems and plays an increasing-
ly important role in scientific computing and engineering analysis. With the rapid development of deep networks, the
scale of data and parameters also increases. Although significant advances have been made in GPU hardware, network
architecture and training methods in recent years,it is still difficult for a single computer to efficiently train deep net-
work models on large data sets. The distributed approximation Newton-type method is one of the effective methods to
solve this problem. It is introduced into the study of distributed neural networks. Distributed approximation Newton-
type method distributes the average sample evenly across multiple computers, the amount of data to be processed by
each computer is reduced,and computers communicate with each other to complete the training task. This paper pro-
posed distributed deep learning based on Approximation Newton-type method. The DANE algorithm is used to train in
the same network. As the number of GPUs increases exponentially by 2.the training time decreases exponentially by
nearly 2. This is consistent with ultimate goal, that is,on the premise of ensuring the estimation accuracy, the existing
distributed framework is used to implement the approximate Newton-like algorithm,and the algorithm is used to train
the neural network in a distributed manner to improve the operating efficiency.

Keywords Optimization problem, Approximate Newton-typemethod, Distributed framework.Neural network
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Fig. 2 Parallel acceleration curves of four groups synthetic data
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