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Implementation of CNN in the view of mini-batch DNN training

for efficient second order optimization
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Abstract

This paper describes some implementation schemes of CNN in view of mini-batch DNN training for efficient second order
optimization. This uses same procedure updating parameters of DNN to train parameters of CNN by simply arranging an
input image as a sequence of local patches, which is actually equivalent with mini-batch DNN training. Through this
conversion, second order optimization providing higher performance can be simply conducted to train the parameters of
CNN. In both results of image recognition on MNIST DB and syllable automatic speech recognition, our proposed scheme
for CNN implementation shows better performance than one based on DNN.
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Figure 1. An example of Convolutional Neural Network
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1% 4. MNIST DBell B3k 31 |A| CLo| FE A
Figure 4. Filter coefficients of first CL on MNIST DB

w

'|
=

L4 1

-
b3

-
o
L

L

T T
sz

1

TTITTT

N

CNRNENNSE
ANERRENA
SREERRNNEA

oy
K.
‘!\.l."

0 10 2

=]

30 40 50

1% 5. MNIST DBell o3 7 A CLo| FE| A
Figure 5. Filter coefficients of second CL on MNIST DB
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Table 2. Recognition result of developed CNN on Syllable DB

Accuracy (%)
Baseline (GMM) 42.03
DNN 49.62
MIM #3 CNN 54.17
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Figure 6. Parameter coefficients of first hidden layer in DNN on
syllable DB
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