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A computation and data unified compile architecture for deep learning
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Abstract

In recent years, deep learning algorithms and deep learning processors have been widely used in the industry.
How to fully exploit the potential of deep learning processors remains a big challenge for compilation framework.
The existing deep learning compilation frameworks usually focus on optimizing the computational part of program,
and the optimization for the data part is so limited, which can’t exploit the peak performance of deep learning pro-
cessors. Based on the characteristics of deep learning algorithms and hardware, this paper proposes a deep learning
compilation framework CDUCA ( computation and data unified compile architecture ) , to achieve computing and data
collaborative optimization. CDUCA contains three different levels of components: computation graph engine, code
generator and data optimizer. CDUCA performs hierarchical optimization for both computation and data, and then
generates efficient deployable model. This paper evaluates CDUCA on the FPGA platform with several typical deep
learning applications. The experiments show that CDUCA model can achieve a speedup of 86.5% on average com-

pared to manual optimized model.

Key words: deep learning, deep learning processor, compiler, compile optimization
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