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要旨（英文 800 語程度） 
Thesis Summary （approx.800 English Words ） 

Deep Neural Networks are widely used as machine learning models for computer vision, 
natural language processing, robotics, and many other areas. The feature of modern practical 
neural network is the large number of parameters. In machine learning, the generalization 
error is important for measuring the performance of learning model. In the generalization 
error, bias term and variance term exist. It is well known that if the number of parameters of 
a model increase, bias term corresponding to approximation ability decreases but the variance 
term corresponding to fit to noise increases. This property is called bias-variance trade-off. 
However, in practical neural network, no matter how many the number of parameters 
increase, the generalization error decreases. It is inconsistent with the bias-variance trade-
off. One theory on this problem focuses on Bayesian inference. Recent studies revealed the 
relationship between stochastic gradient descent and stochastic gradient Langevin dynamics 
which realize Bayesian learning. From the perspective of Bayesian learning, these studies 
explain the high performance of neural networks. On the other hand, many studies try to 
realize the Bayesian Deep Neural Networks. From these viewpoints, Bayesian learning in 
Deep Neural Networks has become more important.  
In this thesis we theoretically show that the performance of deep neural networks is different 

from the classical statistical models in perspective of Bayesian learning through the statistical 
analysis of generalization error in two cases.  
One is the case that there exist multiple optimal probability distributions which are nearest 

to data generating process. In conventional learning theory, the optimal probability 
distribution was assumed to be one point in parameter space or multiple point but one 
probability distribution. Former case is called regular and later case is called singular. But in 
case that optimal probability distributions are multiple, all things were left unknown. In our 
study we analyze the generalization error in the case that optimal probability distribution is 
not unique as an extension of the theory in singular case. In this case, we proved that the 
generalization error increases while the number of data increases. In conventional learning 
theory, the number of data increases, the generalization error decreases. The new term of 
generalization error depends on the maximum value of multivariate normal distribution. This 
case occurs when the model has relatively smaller complexity than the data-generating 
process. This result suggests that if the bias exists on the large model, the relationships 
between the generalization error and increment of complexity of the model or the number of 
data are different from those in smaller classical statistical model. These cases are 
counterexamples to the bias-variance trade-off. We show sufficient condition of such 
counterexamples.  
The other is the case that the model has larger number of parameters than necessary in 

convolutional neural networks with the ReLU activation function. We show theoretical value 
of variance term of the generalization error in convolutional neural networks on the case of 
including and not including skip connection. In former studies of Bayesian learning, the 
variance of Neural networks is only known in case of one hidden layer network with analytic 
activation function. In our study we assume that convolutional neural networks have any 
number of convolutional layers and fully connected layers. In case without skip connection, 
the variances increase if the number of parameters increases. On the other hand, in case with 
skip connection, the variance does not increase even if the number of parameters increases. 
This result means that in convolutional neural networks with skip connection, redundant 
parameters than sufficient large network which can approximate the data do not affect the 



generalization error in Bayesian learning. This is also an example contrary to bias-variance 
trade-off.  
Our studies theoretically show that these cases are different from bias-variance trade-off in 

Bayesian learning and why generalization errors of neural networks are smaller than classical 
learning machine. 
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