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MACO: memory-based automatic code optimization of CNNs

ZHANG Xiaoyang™ ™, XIAO Junmin”, YAO Jiashu™ ™ , TAN Guangming "
( " High Performance Computer Research Center, Institute of Computing Technology,
Chinese Academy of Sciences, Beijing 100190)
( ™ University of Chinese Academy of Sciences, Beijing 100049 )
Abstract

Inference automatic optimization has been the focus of research at the intersection of artificial intelligence ( AT)
and system architecture fields. However, there are fewer optimization research schemes based on memory. In this
paper, the high time cost of automatic optimization of convolutional neural networks ( CNN) data layout and kernel
is studied and discussed from the perspective of memory from both global and local aspects. To perform the access
analysis efficiently, the classical red-blue pebble game is re-explored and a new method is proposed to estimation
I/0 lower bound which reduces the difficulty of lower bound estimation for multi-stage composite algorithms. This
work analyses the convolutional 1/0 lower bound based on the improved model and re-designs the data flow with the
estimated results. This work purposefully optimizes the huge search space under the auto-template generation tech-
nique to avoid a large number of invalid search processes, so that the kernel search efficiency is significantly accel-
erated compared with the unoptimized search space, and the performance is improved by an average of 2. 24 X
compared with cuDNN with general convolutional parameters, which ensures the kernel performance. This work al-
so implements the convolutional performance prediction under different data layouts with the help of neural net-
works, and the R2 score is higher than that of traditional machine learning models. The performance of the hybrid
layout strategy based on data layout backtracking algorithm and prediction model has 1.28 x , 1.32 x , and 1.29 x
improvement over the default layout strategy in ResNet-18, AlexNet, and VGG-11 models, respectively.

Key words : memory optimization, artificial intelligence ( Al) , inference, data layout, auto-tuning
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