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Abstract With the rapid development of deep learning, it’s applied extensively for many fields, such
as speech processing, image recognition, natural language understanding and so on, bringing great
changes for scientific research and daily life. Intel which follows the trend of deep learning launched
the second generation of Xeon Phi processor Intel KNL (knights landing), and released the third
generation Intel KNM (knights mill), which brings new impetus and vitality for the prosperous
development of deep learning. This paper mainly contributes to promoting perfect Intel MKL (math
kernel library) DNN (deep neural network), and develops deep learning on Intel platform, according
to research and optimization for the fast convolution algorithm Winograd. Combined with characteristics of
Intel latest deep learning platform, such as AVX512, high-speed memory MCDRAM, various
memory/SNC modes, two-dimensional grid-type cores structure and so on, this work aims to design
and optimize the implementation of Winograd algorithm by analyzing memory allocation, data
dependency, etc. Finally, on one hand, the typical CNN (convolutional neural network) model
VGG19 is used to test and compare performance with Intel MKL convolution, achieving more than
doubled acceleration of performance. On the other hand, the common different types of convolutions
are used to test and compare performance with Intel MKL DNN and NVIDIA cuDNN, verifying
applicability and objective use value about Winograd. The purpose of the paper is to provide important

guiding significance for development of Intel platform in the field of deep learning.

Key words Winograd; deep learning; deep neural network (DNN); convolutional neural network

(CNN); vectorization
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