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ABSTRACT 

Deep convolutional neural networks (DCNN) have achieved the state-of-the-art 

performance in a number of computer vision tasks in recent years, including object 

detection, classification and recognition. The DCNN is very computation-intensive, 

whose computational complexity can be controlled by a set of network configuration 

parameters. The relationship between the DCNN computational complexity and its 

classification accuracy has not been well understood. In this thesis, we aim to conduct 

a series of training-testing experiments with DCNN on benchmark datasets, such as 

MNIST and CIFAR-10, to characterize the complexity-accuracy behavior of DCNN. 

We demonstrate that, with proper configuration of the DCNN, we are able to 

significantly reduce the computational complexity of DCNN without much degradation 

on the classification accuracy. This provides important guidelines for practical 

implementation and use of DCNN. 
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Chapter 1 

Introduction 

1.1 Convolutional Neural Network 

In machine learning, a convolutional neural network (CNN, or ConvNet) is a type 

of feed-forward artificial network where the individual neurons are tiled in a way that 

they respond to overlapping region in the visual field [5]. CNNs are biologically-

inspired [14] variants of multiplayer perceptron (MLP) and very similar to ordinary 

Neural Networks. The typical architecture [2] of ConvNets consists of several kinds of 

layers, convolutional layers, ReLU layers, pooling layers and fully-connected layers. 

Optionally, normalization layers and other activation function layers may also appear 

in the convolutional neural network. 

    Stacking a CNN with a fully connected DNN or with one or more CNNs gives rise 

to a deep CNN [31]. In [32], Visual Geometry Group evaluated very deep convolutional 

networks (up to 19 weight layers) for largescale image classification, which was 

demonstrated that the representation depth is beneficial for the classification accuracy. 

Paper [8] trained a large, deep convolutional neural network to classify the 1.2 million 

high-resolution images in the ImageNet LSVRC-1010 contest into the 1000 different 

classes to achieve the state-of-art performance. 
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Figure1: A typical structure of CNN 

1.1.1 Backpropagation algorithms 

In CNN, Backpropagation, an abbreviation for “backward propagation of errors”, 

is a supervised learning approach to train artificial neural networks. The algorithm can 

be divided into two phases, forward pass and backward pass. Backpropagation requires 

a known, desired output for each input value in order to calculate the loss function 

gradient. 

 Forward pass: Input training samples to CNN and get the predicted outputs.

 Backward pass: Calculate the errors by predicted outputs and actual labels,

then update the weights and bias from last layer to first layer. 

1.1.2 DCNN Structure 

Each convolutional layer [5] has several convolution kernels, also called neurons. 

Each neuron with a local receptive field is used to scan the input image, and the states 

of the neuron in corresponding location in a layer called a feature map [3]. In addition, 

in CNNs, each filter is replicated across the entire visual field. These replicated units 
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share the same parameterization (weight vector and bias) and form a feature map 

[2].The role of the convolutional layer is to detect local conjunctions of features from 

the previous layer [4]. 

 

Figure2: Example of a convolutional layer. 

ReLU layer is a rectified layer to increase the nonlinear properties of the decision 

function and of the overall network without affecting the receptive fields of the 

convolutional layer. A number of activation functions can be used in the layer, such as 

non-saturating activation function  f(x) = max (0, 𝑥) , saturating hyperbolic 

tangent f(x) = tanh (𝑥), f(x) = |tanh (𝑥)| and sigmoid function f(x) =  (1 + 𝑒−𝑥)−1. 

With the help of nonlinear activation function, CNNs can perform nonlinear transform 

to achieve a better result than regular methods. 
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Figure3: Examples of activation functions 

The pooling layer is a sub-sampling layer. Pooling reduces computation for upper 

layers and provides a form of translation invariance by computing a specific value of a 

particular feature over a region of the feature map. Max-pooling chooses the maximum 

value from the region while average-pooling calculates the average value over the local 

patch. The role of the pooling layer is to merge semantically similar features into one 

[4]. 

 

Figure4: An example of max-pooling 



5 

 

A fully-connected layer takes all neurons in the previous layer and connects it to 

every single neuron it has. Fully-connected layers transform 2-D data to one dimension 

features. Fully-connected layers are not spatially located anymore, so the methods if 

regular neural network can be applied. 

 

Figure5: Example of fully connected layer 

 According to a recent review paper on deep learning [4] recently, there are four 

key ideas behind ConvNets that take advantage of the properties of natural signals: local 

connections, shared weights, pooling, and the use of many layers. All the explanations 

are summarized in the table. 
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Key ideas Explanation 

Local connections In array data such as images, local groups of values are 

often highly correlated, forming distinctive local motifs that 

are easily detected. 

Shared weights If a motif can appear in one part of the image, it could 

appear anywhere, hence the idea of units at different 

locations sharing the same weights and detecting the same 

pattern in different parts of the array. 

Pooling Because the relative positions of the features forming a 

motif can vary somewhat, reliably detecting the motif can be 

done by coarse-graining the position of each feature. 

Use of many layers Deep neural networks exploit the property that many natural 

signals are compositional hierarchies, in which higher-level 

features are obtained by composing lower-level ones. 

Table1: Explanations of key ideas  
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1.2 Related Work 

A number of techniques are proposed to improve the CNN performance. According 

to [1], the most straightforward way to improve the performance is by increasing their 

size. This includes both increasing the depth – the number of network levels – as well 

as its width: the number of units at each level. This method is an easy and safe way to 

achieve better CNN model. For example, the architecture of [6] consists of eight 

convolutional layers, one locally connected hidden layer and two densely connected 

layers, to process 32×32 images. The fully connected layers of [6] contain 3072 unit 

each. 

However, the drawbacks are obvious. First, a large model means a lot of parameters 

and if the training samples are limited, causing the problem of overfitting.  Another 

major disadvantage is that computational work will be dramatically increased. Thus, a 

number of other approaches are proposed to overcome the drawbacks. For instance, [8] 

takes over 5 days to train one dataset on two GTX 580 3GB GPUs. 

1.2.1 Data Augmentation 

The term data augmentation [16] refers to methods for constructing iterative 

optimization or sampling algorithms via the introduction of unobserved data or latent 

variables. In general, constructing data augmentation schemes that result in both simple 

and fast algorithms is a matter of art in that successful strategies vary greatly with the 

(observed-data) models being considered [16]. 
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In computer vision, data augmentation is an approach to enlarge the training dataset, 

so the CNN model can be updated more accurate for the testing dataset.  Usually, 

random noise and elastic distortion are popularly used to augment the training dataset. 

This is a very general approach and a lot of papers take advantage of data augmentation 

to improve their performance. Figure6 [18] is an example of data augmentation. 

 

Figure6: Example of data augmentation 

1.2.2 Data Validation 

In CAFFE experiments, the original training dataset can be divided into real 

training set and validation set. The validation set is used to estimate how well the CNN 

model has been trained, so the model can tune the hyper-parameters and choose the 

early stop point. With the help of data validation, Yann LeCun [7] achieved state of art 

on MNIST (without distortions and preprocessing) in 2009. Validation is also a very 
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popular strategy to improve the CNN performance and it is always combined with data 

augmentation since the validation set will reduce the size of the final training set. 

1.2.3 Data Preprocessing 

 Data preprocessing is a procedure to make the training data more effective for the 

algorithm, including data cleaning, normalization, transformation, feature extraction 

and selection, etc. The data preprocessing [17] can often have a significant impact on 

generalization performance of a supervised machine learning algorithm.  In a broad 

sense, data augmentation and data validation may also regarded as a subset of data 

preprocessing, but in this master thesis, local contrast normalization and ZCA 

whitening are applied on CIFAR-10. 

 In small images, pixels show very strong correlations in the spatial domain, 

vertically and horizontally. When learning a statistical model of images, it might be 

nice to force the model to focus on higher-order correlations rather than get distracted 

by modeling two-way correlations [20]. Luckily, ZCA whitening (Zero-phase 

Component Analysis Whitening) can force the model to ignore second-order structure, 

and after transformation, it will be impossible to predict the value of one pixel given 

the value of only one other pixel. 

 Local contrast normalization (LCN) is an approach to normalize the contrast of one 

image in a non-linear way. Instead of performing global normalization based on the 

range of values of the entire image, the pixel value changes of LCN are only 
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corresponding to a local patch of the image. The method first removes the mean of a 

neighborhood of pixels from a particular pixel and then divides each pixel by their 

variance. Local contrast normalization is another general and simple way to preprocess 

the data. 

1.2.4 Overlapping Pooling 

Paper [8] shows that overlapping pooling can reduce the error rate compared with 

non-overlapping scheme, which produces output of equivalent dimensions. It also 

makes the models slightly more difficult to overfitting. Generally, the parameters of 

overlapping are kernel 3×3 with stride 2. 

1.2.5 Stochastic Pooling 

Stochastic pooling [9] is a simple yet effective method for regularizing large 

convolutional neural networks. The conventional deterministic pooling operations are 

replaced with a stochastic procedure, randomly picking the activation within each 

pooling region. This approach, according the paper [9], achieved state-of-the-art 

performance on four image datasets, relative to other methods that do not utilize data 

augmentation. 

1.2.6 Dropout Method 

Dropout [10] is a technique to overcome the problem of overfitting. The key idea 

is to randomly drop units (along with their connections) from the neural network during 



11 

 

training [10]. Standard backpropagation learning builds up brittle co-adaptations that 

work for the training data but do not generalize to unseen data, while random dropout 

breaks up these co-adaptations by making the presence of any particular hidden unit 

unreliable [10]. This technique works on supervised learning tasks in vision, speech 

recognition, document classification and computational biology. Figure7 is quoted 

from the dropout paper [10]. 

 

Figure7: Dropout Neural Net Model. Left: A standard neural net with 2 hidden layers. 

Right: An example of a thinned net produced by applying dropout to the network on 

the left. Crossed units have been dropped 

1.2.7 Maxout Networks 

The maxout [11] model is simply a feed-forward architecture, such as a multiplayer 

perceptron or deep convolutional neural network, which uses a new type of activation 

function: the maxout unit. Combined with dropout method, maxout model achieved 
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state-of-the-art classification performance on MNIST, CIFAR-10, CIFAR-100, and 

SVHN. 

Combining the methods in [11] and [23], [24] reports a novel deep architecture 

referred to as Maxout network In Network, which can enhance the model 

discriminability and facilitate the process of information abstraction within the 

receptive field. 

1.2.8 DropConnect 

DropConnect [13] is the generalization of dropout in which each connection, rather 

than each output unit, can be dropped with probability 1-p. The fully connected layer 

with DropConnect becomes a sparsely connected layer in which the connections are 

chosen at random during the training stage. 
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1.3 CAFFE 

There are a number of experimental tools for deep learning, for example, CAFFE 

[15], cuda-convnet [25], Decaf [26], OverFeat [27], Pylearn2 [28] and Torch7 [29]. In 

my work, CAFFE is the only experimental tool to achieve the Mix-Kernel model. 

CAFFE [15] provides multimedia scientist and practitioners with a clean and 

modifiable framework for state-of-art deep learning algorithms and a collection of 

reference models. It is the main experimental tool used in this master thesis. With the 

help of an active community of contributors on GitHub, Berkeley Vision and Learning 

Center (BVLC) is maintaining and developing CAFFE.  A number of famous models 

can be achieved by CAFFE, such as GoogLeNet [1], AlexNet [8], etc. 

According to [15], there’re four reasons to choose CAFFE, expressive architecture, 

extensible code, speed and community. Flexible CAFFE model encourages application 

and innovation without hard-coding. A “solver_mode” flag is used to switch between 

CPU and GPU. CAFFE has been forked by over 1,000 developers and had many 

significant changes contributed back. The contributors and the framework tracks the 

state-of-the-art in both code and models. The BLVC believes that CAFFE is the fastest 

convent implementation available. It can process over 60M images per day with a single 

NVIDDIA K40 GPU*, which means 1ms/image for inference and 4ms/image for 

learning. A number of academic research projects, startup prototypes, and even large-

scale industrial applications in vision, speech, and multimedia are powered by the fully 

open source framework CAFFE. 
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Framework CAFFE 

[15] 

Cuda-convnet 

[25] 

Decaf[26] OverFeat[27] Pylearn2[28] Torch7[29] 

License BSD  BSD  BSD BSD 

Core language C++ C++ Python Lua Python Lua 

Binding(s) Python/MATLAB Python  C++/Python   

CPU √  √ √ √ √ 

GPU √ √   √ √ 

Open source √ √ √  √ √ 

Training √ √ √  √ √ 

Pre-train √  √ √   

Development distributed discontinued discontinued centralized distributed distributed 

Table2: Comparison of popular deep learning frame works. Core language is the main 

library language, while bindings have an officially supported library interface for 

feature extraction, training, etc. 

1.3.1 Blobs 

 A blob [15] is a wrapper over the actual data being processed and passed along by 

CAFFE, and also under the hood provides synchronization capability between the CPU 

and the GPU. It is the unit of data in CAFFE, providing a unified memory interface, 

holding batches of images (or other data), parameters or parameter updates. 

1.3.2 Layers 

 A CAFFE layer [15] is the essence of a neural network layer: it take one or more 

blobs as input, and yields one or more blobs as output. It is the essence of a model and 

the fundamental unit of computation. A number of kinds of layers are offered by 

CAFFE, including pooling, convolution, inner products, all kinds of activation 

functions, local response normalization, dropout, concatenation…… 
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1.3.3 Nets 

 The CAFFE net [15] jointly defines a function and its gradient by composition and 

auto-differentiation. It is a set of layers connected in a computation graph – a directed 

acyclic graph (DAG) to be exact. A typical CAFFE network begins with a data layer 

that loads from disk and ends with a loss layer that computes the objective for a task 

such as classification or reconstruction [15].   
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1.4 Overview of Proposed Approach 

 The DCNN is very computation-intensive, whose computational complexity can 

be controlled by a set of network configuration parameters. The relationship between 

the DCNN computational complexity and its classification accuracy has not been well 

understood. In this thesis, we aim to conduct a series of training-testing experiments 

with DCNN on benchmark datasets, such as MNIST and CIFAR-10, to characterize the 

complexity-accuracy behavior of DCNN. First, five kinds of kernels (1×1, 3×3, 5×5, 

7×7 and 9×9) are combined to produce twenty-six different types of Mix-Kernel layers. 

Then, thirty-one kinds of Mix-Kernel modules and Pure-Kernel modules are used to 

obtain the results through CAFFE experiments. For different datasets, the best Mix-

Kernel module is usually different.  
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Chapter 2 

Mix-Kernel model 

2.1 Motivation 

In convolutional layers, each convolutional kernel, (named neuron) is connected to 

a small region of the input feature maps. The certain region in the feature map is called 

local receptive filed. For example, a 3×3 size neuron, corresponding to 3×3 local 

receptive field, will extract 3×3 convolution features in each operation while a 

convolutional kernel with size 5×5, relating to 5×5 certain region, can extract 5×5 

convolution features in each operation. 

In most CNN models, each layer only has one single size neurons, mostly 3×3 or 

5×5. Hence in one layer, only one size local receptive filed is existed to extract a single 

size convolution features to form a final feature map. However, in practice, different 

size of convolutional kernels are used for different datasets, which means the size of 

convolutional kernels do effect the performance of the CNN in different datasets. 

Then the idea of the paper comes up naturally. Why don’t we use different sizes of 

kernels in each layer? So we can extract different sizes of convolution features to form 

the final feature maps. 
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GoogLeNet [1] has similar Inception module, but my work tried all Mix-Kernel 

combinations. By comparing all the possibilities, I can find the best choice for different 

datasets. 

 

Figure8: Naive Inception model of GoogLeNet 

2.2 Mix-Kernel Module 

In a Mix-Kernel module, over one size of neurons are used to achieve the 

convolution operator. For example, a 3/5 Mix-Kernel module has 3×3 and 5×5 neurons. 

In this mater thesis, I choose 5 sizes of neurons (1×1, 3×3, 5×5, 7×7 and 9×9). 

Eventually, there are totally 31 combinations, while 26 are Mix-Kernel module and 5 

are so-called Pure-Kernel module. Thus in one layer of CNN, several different size 

kernels connecting to different size local receptive fields, will extract different size 

convolution features. The feature maps through Mix-Kernel modules are naturally more 

variable than the regular ones.  
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Pure-Kernel module 

Number of size Combination 

1 1×1, 3×3, 5×5, 7×7, 9×9 

Mix-Kernel module 

Number of Size Combination 

2 1/3, 1/5, 1/7, 1/9, 3/5, 3/7, 3/9, 5/7, 5/9, 7/9 

3 5/7/9, 3/7/9, 3/5/9, 3/5/7, 1/7/9, 1/5/9, 1/5/7, 1/3/9, 1/3/7, 

1/3/5 

4 3/5/7/9, 1/5/7/9, 1/3/7/9, 1/3/5/9, 1/3/5/7 

5 1/3/5/7/9 

Table3: List of combinations  
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Figure9: Example of 1/3 Mix-Kernel module 

 

Figure10: Example of 3/5/7 Mix-Kernel module 
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Figure11: Example of 3/5/7/9 Mix-Kernel module 

 

Figure12:  Example of 1/3/5/7/9 Mix-Kernel module  
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2.2.1 Padding 

A convolution operator usually shrinks the size of a feature map from last layer.  

For example, a 5×5 convolutional kernel doing convolutions on a 32×32 image, will 

get a 30x30 feature map. In the Mix-Kernel module, we have to get the same size of 

feature maps through different size of neurons. Therefore, padding is a very important 

operation. 

Neuron size 1×1 3×3 5×5 7×7 9×9 

Padding size 0 1 2 3 4 

Table4: Neuron size with matched padding size 

2.2.2 Filter Concatenation 

There is a concatenation layer in CAFFE. The “Concat” layer [15] is a utility layer 

that concatenates its multiple input blobs to one single output blob. The input is several 

blobs with same size and the output is one single blob. 
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Figure13: Example of “Concat” layer in CAFFE 

2.2.3 Number of Feature Maps 

Decision of the feature map number is another important point. If we set the 

number too large, the experimental computation would be too large, and our lab do not 

have so much computational resources; if we set the number too small, the neuron may 

not extract enough features and the accuracies are not comparable. Therefore, an 

appropriate number is necessary to achieve the experiments. 

Figure14 shows the CAFFE experiments on CIFAR-10. The architecture is three 

convolutions followed by a fully connected layer with soft-max outputs. The number 

of feature maps in 3 convolution layers are the same (8, 12, 16, 20, 24, 28, 32, 36, 40, 

44, and 48). As the number of feature maps increasing, the accuracy of models rises at 

the first and then keeps stable within a certain range. In this experiment, all sizes of 
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convolutions achieve stable accuracy after 36 feature maps, thus the feature map 

number for each size neuron is 36 and the feature map number for each layer is 36×5 = 

180. 

 

Figure14: Experiments on CIFAR-10 

2.2.4 Stable Accuracy 

In CAFFE experiments, even you use exactly the same model and same solver, the 

accuracy may be not the same from time to time. It’s mainly because that the 

initialization and the optimization procedure of the CNN model are different in each 

time. But in my experiments, a stable result will be very important since I’m going to 
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compare thirty-one accuracies to choose the best module. Because of time limited, I am 

not allowed to run each model a lot of times to get the average accuracy. 

In practice, one solution would be using as many iterations as possible with small 

learning rate. For example on MNIST, learning rate 0.01, is used to run 12,000 

iterations, then another 12,000 iterations by reducing learning rate factor of 10.  
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Chapter 3 

Experiments 

3.1 Experimental Environment 

All the CNN experiments run on the powerful workstation in Video Processing and 

Communication Lab. The workstation has 32 GB memory and an excellent GPU (GTX 

980). The operating system is Ubuntu 14.04 LTS. Some figures are created by 

MATLAB and some flow charts are created by Microsoft Office Visio. 

In this master thesis, two benchmark datasets are used to test this method, MNIST 

and CIFAR-10. The dataset will first run on easy experimental models to find the best 

Mix-Kernel module. 
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Figure15: Easy experimental model 
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3.2 Results 

3.2.1 Performance Evaluations on the MNIST Dataset 

The MNIST [19] database of handwritten digits, is a subset of a larger set available 

from NIST, having a training set of 60,000 examples and a test set of 10,000 examples. 

The digits have been size-normalized and centered in a fixed-size image [19]. The size 

of the image is 28×28, thus the 3-convolutions structure is enough to process the dataset. 

Figure16 [21] shows some examples from MNIST. 

 

Figure16: Examples of MNIST 
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Mix/Pure-

Kernel module 

# of feature maps 

in each layer 

# of feature maps 

in single size 

neuron 

accuracy 

1×1 160 160 82.39% 

3×3 160 160 99.33% 

5×5 160 160 99.32% 

7×7 160 160 99.28% 

9×9 160 160 99.30% 

1/3 160 80 99.17% 

1/5 160 80 99.25% 

1/7 160 80 99.23% 

1/9 160 80 99.16% 

3/5 160 80 99.24% 

3/7 160 80 99.34% 

3/9 160 80 99.26% 

5/7 160 80 99.25% 

5/9 160 80 99.26% 

7/9 160 80 99.26% 

5/7/9 159 53 99.32% 

3/7/9 159 53 99.26% 

3/5/9 159 53 99.37% 

3/5/7 159 53 99.34% 

1/7/9 159 53 99.29% 

1/5/9 159 53 99.28% 

1/5/7 159 53 99.27% 

1/3/9 159 53 99.23% 

1/3/7 159 53 99.31% 

1/3/5 159 53 99.31% 

3/5/7/9 160 40 99.29% 
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1/5/7/9 160 40 99.25% 

1/3/7/9 160 40 99.22% 

1/3/5/9 160 40 99.38% 

1/3/5/7 160 40 99.17% 

1/3/5/7/9 160 32 99.30% 

Table5: Results of easy experimental model on MNIST 

According the method of 2.2.3, we use the same approach to get the best number 

of feature maps for single size neuron, which is 32. Therefore the number of feature 

maps in each layer is 32×5=160. All the results from table5 are trained by the easy 

experimental model with the exactly same solver. Through experiments, the best 

combination for the MNIST is 1/3/5/9 Mix-Kernel model, which achieve 99.38% in 

easy experimental model. 
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Figure17: Example of 3/5/7 Mix-Kernel easy experimental model on MNIST 
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Figure18: Best Mix-Kernel model for MNIST 
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Finally in practice, I can obtain 0.43% test error on MNIST without data 

augmentation. The best Mix-Kernel model for MNIST consists 3 Mix-Kernel modules, 

followed by 3 fully-connected layers. The number of feature maps of single size neuron 

in convolutions layer are 32, 64, and 128 respectively. Overlapping max pooling is used 

to improve the performance with kernel 3×3 and stride 2. The dropout method only 

used in the first and second fully-connected layers. 

 As far as I know, the 0.39% test error is the state-of-the-art on MNIST without data 

augmentation. And this proposed method can achieve a very competitive result on 

MNIST. In my work, no other data preprocessing is used in this dataset. 

Method Error 

3-Conv[7] 0.53% 

Maxout[11] 0.45% 

Stochastic Pooling[9] 0.47% 

Deeply-Supervised Nets[22] 0.39% 

NIN[23] 0.47% 

  

Mix-Kernel + dropout 0.43% 

Table6: Results on MNIST without data augmentation 
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3.2.2 Performance Evaluations on the CIFAR-10 Dataset 

CIFAR-10 [20] is another benchmark dataset for object classification. It consists 

of 60,000 32×32 color images in 10 classes, with 6,000 image per class. There are 

50,000 training images and 10,000 test images. Local contrast normalization and ZCA 

whitening are applied to preprocess the dataset. 

 

Figure19: Examples of CIFAR-10  
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Mix/Pure-

Kernel module 

# of feature maps 

in each layer 

# of feature maps 

in single size 

neuron 

accuracy 

1×1 180 180 56.12% 

3×3 180 180 75.46% 

5×5 180 180 74.67% 

7×7 180 180 68.88% 

9×9 180 180 66.25% 

1/3 180 90 75.37% 

1/5 180 90 74.38% 

1/7 180 90 72.95% 

1/9 180 90 71.34% 

3/5 180 90 76.13% 

3/7 180 90 75.17% 

3/9 180 90 75.53% 

5/7 180 90 72.89% 

5/9 180 90 71.73% 

7/9 180 90 64.90% 

5/7/9 180 60 70.88% 

3/7/9 180 60 73.13% 

3/5/9 180 60 74.17% 

3/5/7 180 60 75.11% 

1/7/9 180 60 71.02% 

1/5/9 180 60 72.54% 

1/5/7 180 60 74.26% 

1/3/9 180 60 73.07% 

1/3/7 180 60 75.20% 

1/3/5 180 60 74.94% 

3/5/7/9 180 45 73.18% 
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1/5/7/9 180 45 73.12% 

1/3/7/9 180 45 73.29% 

1/3/5/9 180 45 74.76% 

1/3/5/7 180 45 75.18% 

1/3/5/7/9 180 36 55.85% 

Table7: Results of easy experimental model on CIFAR-10 

According to 2.2.3, the number of feature maps for single size neuron is 36, 

therefore the number of feature maps in one layer is 36×5=180. All the results from 

table7 are trained by the easy experimental model with the exactly same solver. 

Through experiments, the best combination for the CIFAR-10 is 3/5 Mix-Kernel model, 

which achieve 76.13% in easy experimental model. 



37 

 

 

Figure20: Example of 1/7/9 Mix-Kernel easy experimental model on CIFAR-10 
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Figure21: Best Mix-Kernel model for CIFAR-10 
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The best Mix-Kernel model for CIFAR-10 has 3 Mix-Kernel modules and 3 fully-

connect layers. The dropout method is applied in both convolution and fully-connected 

layers while the dropout ratio are 0.05, 0.1, 0.15, 0.2 and 0.25.  The first overlapping 

pooling is max pooling and the rest two are average pooling. Finally, I can obtain 88.47% 

accuracy on this dataset. 

 Although the accuracy is not good enough to compete with the state-of-art result, 

but this method does improve the pure dropout method over 1% under the similar 

conditions (same preprocessing, no data augmentation and same net depth). 

Method Error 

Dropout[10] 12.67% 

Maxout[11] 11.68% 

Stochastic Pooling[9] 15.13% 

Deeply-Supervised Nets[22] 9.69% 

NIN[23] 10.41% 

  

Mix-Kernel + dropout 11.53% 

Table8: Results on CIFAR-10 without data augmentation 
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Chapter 4 

Conclusions and Future Work 

4.1 Conclusions 

In this master thesis, a simple method is proposed to improve CNN performance.  

I apply the method on two datasets, obtaining a competitive result on MNIST and 

improving the pure dropout method over 1% on CIFAR-10. However, not all the Mix-

Kernel combinations can enhance the performance, some combinations do improve the 

accuracy, but some may be harmful to the results. Because of the limited datasets 

applied, Mix-Kernel module may not be certain to promote CNN performance in every 

other datasets. For different datasets, the best matched Mix-Kernel module may be 

different, for instance, the 1/3/5/9 is the best combinations for MNIST and the best 

matched module on CIFAR-10 is 3/5 Mix-Kernel Module. 

4.2 Future Work 

 In the feature, all the data preprocessing methods can be applied in this experiments 

to improve the results, including data augmentation, data validation, and data 

normalization. What’s more, not only dropout but also other techniques can combine 

with Mix-Kernel method to achieve more competitive accuracies. Last but not least, in 

my experiments, all the convolution layers in the same network have the same Mix-

Kernel module, but different Mix-Kernel modules can be tried in a single network. For 
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example, you may use 3/5 Mix-Kernel Module in first convolutional layers, 5 Pure-

Kernel Module in second convolutional layers and 3/5/7 Mix-Kernel Module in third 

convolutional layers. 
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