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Abstract:
Many studies have shown that deep learning outperforms tradi-

tional machine learning methods in many applications. To prevent
overfitting, a huge number of training samples is usually required
in training process of deep learning. However, collecting such a
large dataset is time-consumed and costly. Recently, several meth-
ods have been proposed to effectively learn the models with a lim-
ited number of training samples. In this paper, we experimentally
evaluate the data augmentation and the transfer learning methods
on the MNIST dataset with stacked autoencoders. The experiment
results suggest that the transfer learning method can improve the
performance of the SAE when training samples are insufficient.
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1 Introduction

Deep learning outperforms traditional machine learn-

ing methods on challenging tasks, for example, speech

recognition[11] and object detection[12]. Unlike traditional

machine learning methods, Deep Neural Network (DNN) con-

sists of a hierarchy of layers to extract high-level representa-

tions from the raw input. The output of each hidden layer can

be regarded as feature extraction of the input data[13]. The

successive layers construct high-level representation from low-

level representation of original data. This process is called fea-

ture learning. After good feature representation is obtained,

the classification with satisfying performance can be achieved.

However, DNNs generally have a large number of parameters

due to its deep architecture. The large freedom provides DNNs

powerful ability to classify a very complicated task, but also

causes overfitting easily. Many studies show that the perfor-

mance of DNNs is worse than other classifiers when training

samples are insufficient.

Collecting samples is usually costly and time-consumed.

Even worse, the number of samples are limited in some ap-

plications. For example, medical related applications usually

contain limited number of available patient samples. Due to

these reasons, improving the performance of deep learning on

a small dataset is important. Data augmentation is one solution

for the problem of insufficient training samples. It is one of

widely used techniques in deep learning to prevent overfitting

[3, 5, 6]. The basic idea of data augmentation is to use new

samples to enlarge the small dataset. New samples are gen-

erated from the original samples by applying transformations.

Besides data augmentation, transfer learning which transfers

knowledge from other similar datasets for the specific problem

to the original one is also used to provide additional informa-

tion to DNNs [7].

In this paper, we will analyze whether data augmentation

and transfer learning methods provides additional information

to DNNs when the training samples are insufficient. Noise is

added for data augmentation method, while the samples of a re-

lated problem is added to the training set in the transfer learning

method. Stacked autoencoder, which is one of the most popular

DNNs, is chosen as the classifier. The methods are evaluated

experimentally using MNIST dataset .

The rest of the paper is organized as follows. Section 2 in-

troduces the concepts related in this study. The data augmen-

tation and the transfer learning methods used in the study are

described in Section 3, while Section 4 presents and discusses

the experimental results. Finally, the conclusion is discussed in

Section 5.
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2 Related Work

2.1. Stacked Autoencoder

There are several types of deep learning models. For exam-

ple, convolution neural networks [3], recurrent neural networks

[4] and deep belief networks [14]. In this paper, we will fo-

cus on the stacked autoencoder (SAE) [15, 16], which is one of

the most commonly used architectures in deep learning. SAE

[15, 16] is a neural network which consists of multiple autoen-

coders. The training process of SAE can be divided into two

phases: feature learning and fine-tuning. In feature learning,

an unsupervised learning algorithm is used to pre-train the net-

work layer by layer[17, 18]. The target output value of each

autoencoder is set as its input. An autoencoder approximates

an identity function of the input, i.e. hW,b(x) ≈ x, in order to

learn the reconstruction ability. The training process of an au-

toencoder minimizes the objective function:

1

m

m

∑
i=1

L(hW,b(x(i)),x(i)) (1)

where x(i) is the ith training sample and L(hW,b(x(i)),x(i)) is the
loss function between the network output and the input data.

After the pre-training phase, the network parameters are then

fine-tuned by supervised learning methods. A softmax classi-

fication layer is added after the last hidden layer, taking the

output of the last hidden layer as its input. Then SAE is trained

by backpropagating minimizing the classification error.

2.2. Data Augmentation

In computer vision, data augmentation is widely used to im-

prove the generalization ability of a model [3]. Overfitting is

most likely to occur when the number of training samples is

too small in comparison with the excessive number of network

parameters. One simple solution of overfitting problem is to in-

crease the size of a dataset. Data augmentation generates new

samples from original samples by transformations, for exam-

ple, translation, rotation and flipping. Data augmentation is

also useful in feature learning. By applying transformations

like translation and rotation, the network learns different vari-

ation of features, i.e., the trained network is invariant to trans-

formations. Consequently, the prediction ability of the trained

network increases. In this paper, we will investigate the exist-

ing data augmentation methods and see whether they can be

used to improve the performance of the model.

2.3. Transfer Learning

Transfer learning focuses on transferring the knowledge

from the model in other similar tasks [7, 18]. In practice, a

training set with sufficient samples for a target task is some-

times expensive in terms of collection time and cost. The

knowledge of a model learned from some source tasks similar

to the target task increases more generalization ability on the

target task. There are several approaches to transfer the knowl-

edge. Instance transfer learns the samples of source task with

different values of weights [8]; feature representation transfer

aims to find a feature representation that can reduce the dif-

ference between the distribution of data of the source and the

target task[9], and model transfer discovers parameters that can

be shared in both the source and the target domain [10].

3 Deep Learning with Insufficient Training Samples

Insufficient training samples may cause overfitting easily for

SAE due to its complexity. Two methods are focused in this

study, which are data augmentation and transfer learning. This

section introduces the methods we evaluate in this paper in de-

tail.

A training set is enlarged by inserting transformed samples

while the label information is preserved. The transformation

includes translation, scaling and rotation. The type of transfor-

mations is carefully chosen in order to avoid the distributions of

classes are not changed significantly. Since our study focuses

on the handwritten digit dataset, rotation should not be consid-

ered, otherwise, the concepts of classes may be confused. For

example, the number 6 may become the number 9. Translation

and scaling are not suitable too since the pre-processed hand-

written digit images are located in the middle and also their

size are similar. As a result, a general transformation method is

chosen, i.e., random noise is added to samples. The parameter

of the method is the degree of noise.

On the other hand, the simple transfer learning technique is

used. The samples of the datasets related to the target task are

directly added to the training set. The importance of each train-

ing sample is equal in training, i.e., no weight is considered.

In our study, several datasets with different similairty degree to

the target task are used in the transfer learning.

4 Experiment

In this section, we will show the experiment results of var-

ious data augmentation and transfer learning methods. We

firstly introduce the datasets and experimental setting. The
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performance of SAE trained with a different sized datasets

is evaluated to determine when the training set is insufficient

for training a classifier with good generalization ability. The

small dataset is then enlarged by data augmentation and transfer

learning methods described in Section 5. The enlarged datasets

are used to train new SAE models. We evaluate the improve-

ment of the data augmentation and the transfer learning meth-

ods to SAE with insufficient training samples finally.

4.1 Dataset Description

Several image datasets are considered in the experiments.

They are MNIST, MNIST with background, United States

Postal Service (USPS), and Caltech 101 datasets. MNIST has

been used in many deep learning related studies. We will use

MNIST as the major dataset in our experiment. MNIST with

background contains samples made by adding random back-

ground images to the original MNIST images. USPS con-

sists of black and white handwritten digit images obtained from

the scanning of handwritten digits from envelopes by the U.S.

Postal Service. USPS is similar to MNIST except that the im-

ages in the USPS dataset has a size of 16× 16. In the experi-

ment, black padding is added to the USPS images to get them

into the same shape as the MNIST images. The last one is

Caltech 101. It contains objects instead of handwritten digits.

There are 101 categories with 40 to 800 images per category.

The sizes of the images are roughly equal to 300× 200. They

are resized to match the size of the MNIST images. 10 cate-

gories are selected from the Caltech 101 dataset. Each selected

category will be assigned a new label from 0 to 9 as the MNIST

dataset does. Caltech 101 is very different from the MNIST

dataset. Sample images of these datasets are shown in Fig. 1.

(a) (b) (c) (d)

FIGURE 1. Sample images from (a) the MNIST dataset (b) the MNIST

with background dataset (c) the USPS dataset (d) the Caltech 101 dataset

4.2 Experimental Setting

SAEs with six different architectures are used. The number

of hidden layers in the SAE varies from 1 to 3, where each

layer has 100 or 500 neurons. SAEs are trained using the al-

gorithm in section 2.1. 60000 and 10000 images are randomly

selected from MNIST as training and test set. The experiments

are repeated 5 times. In each experiment, a subset is then drawn

from the training set randomly to generate an insufficient train-

ing set. The trained model is evaluated by test the set. In the

transfer learning experiment, the images of the USPS dataset

are padded to the same size of MNIST images. The images of

the Caltech 101 dataset are scaled to the size of MNIST images.

4.3 Results and Discussion

4.3.1 SAE on small datasets

The results of SAE trained only using small datasets without

other technique to improve the performance are shown in Figs.

2.

FIGURE 2. Baseline accuracy of SAEs on a large dataset without data

augmentation

The x-axis represents the number of training samples, while

the average accuracy of the model on the test set in 5 indepen-

dent runs is shown in the y-axis. Each line is SAEwith different

architectures. From the left figure in 2, when at least 6000 (10%

of the full set) training images are given, all SAEs are able to

achieve high accuracy, i.e., higher than 93%. However, when

the size of the training set drops to [150,600], the accuracy of

SAEs decreases to lower than 85% significantly, shown in the

right figure. As a results, in the rest of the experiment, the size

of training set is set to 150. Without any other information, the

accuracy of SAEs is lower than 64%.

4.3.2 SAE with Data Augmentation by Adding Noise on
small datasets

We firstly evaluate the data augmentation method of adding

noise on MNIST. The binary masking noise is used. A portion

of pixels in the training images are set to zero to generate new

images. Three degrees of noise (30%, 50% and 70%) are cho-

sen. The training dataset is combined by 150 original images

and a number of generated images. This dataset is used in both
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pre-training and fine-tuning phases of the model. The accuracy

of the models on the MNIST test set is given in in Fig. 3.

(a) (b)

(c) (d)

(e) (f)

FIGURE 3. Accuracy of SAEs trained on 150 MNIST images plus sam-

ples generated by adding noise. The configurations of SAEs are (a) 1 layer

with 100 hidden units per layer (b) 1 layer with 500 hidden units per layer

(c) 2 layer with 100 hidden units per layer (d) 2 layer with 500 hidden

units per layer (e) 3 layer with 100 hidden units per layer (f) 3 layer with

500 hidden units per layer

The x-axis represents the number of real samples plus the

number of added samples. “Real” indicates the samples

from the same distribution of the target task, i.e., MNIST.

“Real+Small/Medium/Large” indicates the strength of noise in

data augmentation method. “Real+Real” is the benchmark for

comparison. All samples in this method is chosen fromMNIST

dataset. There are no significant accuracy gains after adding

noise to generate new images. The results show that the model

performance is not improved by simply adding noise to make

a larger training set. Adding noise to training set may improve

the performance in some applications. However, it is a kind of

application dependent, but not a general method.

4.4 SAE with Transfer Learning on small datasets

Images from the datasets except MNIST are added to the

training set containing with 150 original MNIST images to

make a larger dataset. The large dataset is then fed to the SAEs

in both pre-training and fine-tuning phases. The accuracy of

the SAE is shown in Fig. 4.

(a) (b)

(c) (d)

(e) (f)

FIGURE 4. Accuracy of SAEs trained on 150 MNIST images plus sam-

ples from other datasets. The configurations of SAEs are (a) 1 layer with

100 hidden units per layer (b) 1 layer with 500 hidden units per layer (c)

2 layer with 100 hidden units per layer (d) 2 layer with 500 hidden units

per layer (e) 3 layer with 100 hidden units per layer (f) 3 layer with 500

hidden units per layer

Similar to previous experiment, “Real+Real” is the ideal

case, in which all samples are from MNIST, for comparison.

“Real+MNIST Background/USPS/Caltech101” represents the

transfer learning using other datasets. The results show that the

performance of SAE can be improved if the knowledge is trans-

fer from the samples similar to MNIST ones. For example, the

accuracy of Real+MNIST Background is close to Real+Real.
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Moreover, the samples which are more similar to MNIST in-

crease accuracy more. The accuracy of the ones using MNIST

background is higher than the ones of using USPS and Caltech

101, and Real+Caltech 101 achieves the worst performance.

4.5 SAE with Transfer Learning in pre-training or fine-
tuning on small datasets

The training process of SAE is divided into pre-training and

fine-tuning phases. This experiment applies the transfer learn-

ing into only one phase. The experimental results of SAE with

transfer learning in pre-training and fine-tuning is shown in Fig.

5 and Fig. 6 respectively.

(a) (b)

(c) (d)

(e) (f)

FIGURE 5. Accuracy of SAEs trained on 150 MNIST images plus sam-

ples from other datasets used only in pre-training phase. The configura-

tions of SAEs are (a) 1 layer with 100 hidden units per layer (b) 1 layer

with 500 hidden units per layer (c) 2 layer with 100 hidden units per layer

(d) 2 layer with 500 hidden units per layer (e) 3 layer with 100 hidden

units per layer (f) 3 layer with 500 hidden units per layer

(a) (b)

(c) (d)

(e) (f)

FIGURE 6. Accuracy of SAEs trained on 150 MNIST images plus sam-

ples from other datasets used only in fine-tuning phase. The configurations

of SAEs are (a) 1 layer with 100 hidden units per layer (b) 1 layer with

500 hidden units per layer (c) 2 layer with 100 hidden units per layer (d)

2 layer with 500 hidden units per layer (e) 3 layer with 100 hidden units

per layer (f) 3 layer with 500 hidden units per layer

The results suggest that applying transfer learning to the pre-

training phase does not improve the performance in SAE. Even

MNIST samples are added in the pre-training stage, the accu-

racy of SAE does not increase. The models still achieve the

same performance as the one only using 150 training samples.

On the other hand, the performance of SAE is more closely re-

lated to the number of samples used in the fine-tuning phase,

shown in Fig. 6. Transferring samples from USPS and Caltech

101 cause the accuracy of SAE drop. However, when samples

of MNIST with background are used, performance of SAE is

improved. These results show that providing more information

in pre-training phase is not useful in improving the ability of

SAE. Fine-tuning phase is more important in training process.
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5 Conclusion

In this study, several methods improved the learning of SAE

on insufficient samples are evaluated experimentally. The ex-

periment shows that when the number of samples is insuffi-

cient, the performance of SAE drops greatly. Data augmenta-

tion by adding noise does not efficiently improve the perfor-

mance of SAE with insufficient training samples. However,

transferring knowledge from the tasks which are more similar

to the target task provides useful knowledge. This study shows

that negative impact may be obtained when unsuitable samples

are used in transfer learning. Transferring knowledge from suit-

able samples is an important problem. In future, the selection

on suitable dataset for transfer learning should be further stud-

ied.
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