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Research on optimization method of convolutional
neural network based on visualization

WANG Yue, LI Jing
(School of Com puter Science and Technology s University of Science and Technology of China .Hefei 230027, China)
Abstract: With the lifting force computer calculation, the application range of the depth of learning more
and more widely. However, the design and tuning of deep learning models is very difficult. For complex
models, adjusting only one layer of the network may lead to very different results. Many researchers
usually adjust their parameters based on past experience, make a lot of trial and error, and wasting a lot of
time and energy. Based on the data characteristics of the convolutional neural network model, this paper
proposes a method of auxiliary parameter adjustment based on visualization. Analyze the internal data of
the convolutional neural network by visualization and analyze the information represented by it, so as to
quickly locate the model fault, realize targeted parameter adjustment, reduce the difficulty of researchers
in parameter adjustment, and improve work efficiency.
Key words: convolutional neural networks; parameter tuning; visualization; hierarchical clustering; kernel
density estimation; generative adversarial networks
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Fig. 1 Visualization of 4-dimensional structure
data output by the hidden layer
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Fig. 2 Visualization of 4-dimensional structure data combined
with visualization of hierarchical clustering
trees output by the hidden layer
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Fig.3 The distribution of 4-dimensional structure data
of different channels output by the hidden layer
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Fig. 4 Visualization of 2-dimensional structure data
output by the hidden layer (part)
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Fig.5 The distribution of 2-dimensional structure data of
different features output by the hidden layer
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Fig. 6 Visualization of convolution and deconvolution parameters
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Fig. 7 Visualization of convolution and deconvolution parameters
combined with visualization of hierarchical clustering trees
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Fig. 10  Visualization of fully connected layer parameters
combined with visualization of hierarchical clustering trees
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Fig. 12 Visualization of the four-dimensional output of the
low abstraction layer of the inferior model
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Fig. 13  Distribution of the four-dimensional output of the
low abstraction layer of the inferior model
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Fig. 15 Visualization of the convolutional
kernel of the inferior model
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Fig. 26  Generated image of model v3
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Fig. 27 Visualization of discriminator hidden layer output
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