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Abstract Deep learning plays an important role in machine learning field, and it has been widely used
in various applications. The prospect of research and applications of deep learning are huge.
However, deep learning also faces several challenges. Firstly, there are many tools in deep learning
field, but these tools are not convenient to use for non-expert users because the installation and usage
of them are really complex. Secondly, the diversity of deep learning is limited because the flexibility of
existing deep learning models is not enough. Furthermore, the training time of deep learning is so
long that the optimal hyper-parameters combination cannot be found in a short time. To solve these
problems, we design a deep learning programming framework based on heterogeneous architecture in
this paper. The programming framework establishes a unified module library which can be used to
build a deep model through the visual interface conveniently. Besides, the framework also accelerates
the basic modules on heterogeneous platform, and makes the speed of searching optimal hyper-
parameters combination be faster. Experimental results show that the programming framework can
construct deep models flexibly, and more importantly, it can achieve comparative classification results
and better timing performance for a variety of applications. In addition, the framework can search

optimal hyper-parameters efficiently and make us infer the relationship of all hyper-parameters.
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Table 1 Testing Accuracy of Different Models on MNIST

Dataset

#&1 MNISTFEFHFIDHNAEZHAREE MK FEE

Testin

Model Name Model Structure Accuracyg/ y
RBM 784-400 97.55
AutoEncoder 784-400 97. 64
CRBM 784-5_12 96. 18
Sparse Coding 784-400 92. 40
ELM 784-10000 97.61
DBN 784-400-200-100 98. 54
Stacked Auto-Encoder 784-400-200-100 98.63
Stacked ELM-AEs 784-700-700-10000 99. 00
CNN 7845 65 12 98. 69
CNN 784-5_12-5_12 98. 74
RBM-SAE-RBM 784-400-200-100 98.61
CRBM -RBM 784-5_12-400 96. 81
RBM-ELM 784-10000 97.91
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Fig. 9 Features of MNIST dataset selected by DBN model.
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Fig. 12 The hyper-parameter search space.
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Fig. 13 Speedup comparison of RBM module.
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Fig. 14 GPU speedup comparison of SGD algorithm.
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