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ABSTRACT

Capsule Network (CapsNet) [1] was introduced in 2017 as the new generation of

the image classifiers to perform supervised classification of images. It incorporates a

new structure of neurons which is called a capsule. A capsule is basically a vector of

neurons and serves as the basic computation unit in CapsNet. CapsNet has obtained

state-of-the-art testing accuracy on the task of classifying the MNIST digit recognition

dataset. Despite its fundamental advantages over CNNs, it has its own shortcomings

as well. CapsNet provides a relatively high accuracy in classifying images with affine

transforms applied to them and also classifying images containing overlapping cate-

gories, compared to CNNs. Unlike CNNs, CapsNet creates the representation based

on the part to whole relationship of the features of different levels. As a result, it

comes with a more robust representation of the input image. CapsNet could only get

reasonable inference accuracy on small-scale datasets. Also, it only supports a limited

number of categories in the classification task. Finally, CapsNet is a relatively slow

network, which is mostly due to the iterative Dynamic Routing (DR) algorithm used

in it. There have been several works trying to address the shortcomings of CapsNet

since it was introduced.

In this work, we focus on optimizing CapsNet in several aspects: the network

speed i.e. training and testing times, the number of parameters in the network, the

network accuracy and its generalization ability. We propose several optimizations

in order to compensate for the drawbacks of CapsNet. First, we introduce Quick-

CapsNet (QCN) network with our primary focus on the network speed. QCN makes

changes to the feature extractor of CapsNet and produces fewer capsules compared to
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the baseline network (Base-CaspsNet) 1. It performs inference 5x faster on small-scale

datasets i.e. MNIST, F-MNIST, SVHN and CIFAR-10. QCN however loses testing

accuracy marginally compared to the baseline e.g. 1% for F-MNIST dataset.

Our second contribution is designing a capsule-specific layer for the feature ex-

tractor of CapsNet referred to as Convolutional Fully-Connected (CFC) layer. We

employ the CFC layer into CapsNet and call this new architecture CFC-CapsNet.

CFC layer is added on top of the current feature extractor to translate the feature

map into capsules. This layer has two parameters: kernel size and the output dimen-

sion. We performed some experiments to explore the effect of these two parameters

on the network performance. Using the CFC layer results in reducing the number of

parameters, faster training and testing, and higher test accuracy. On the CIFAR-10

dataset, CFC-CapsNet gets 1.46% higher accuracy (with baseline of 71.69%) and 49%

fewer number of parameters. CFC-CapsNet is 4x and 4.5x faster than Base-CapsNet

on CIFAR-10 for training and testing respectively.

Our third contribution includes the introduction of LE-CapsNet as a light, en-

hanced and resource-aware variant of CapsNet. This network contains a Primary

Capsule Generator (PCG) module as well as a robust decoder. Using 3.8M weights,

LE-CapsNet obtains 77.21% accuracy for the CIFAR-10 dataset while performing in-

ference 4x faster than CapsNet. In addition, our proposed network is more robust

at detecting images with affine transformations compared to CapsNet. We achieve

94.37% accuracy on the AffNIST dataset (compared to CapsNet’s 90.52%).

Finally, we propose a deep variant of CapsNet consisting of several capsule layers

referred to as Deep Light CapsNet (DL-CasNet). In this work, we design the Cap-

sule Summarization (CapsSum) layer to reduce the complexity of the proposed deep

network by reducing the number of parameters. DL-CapsNet, while being highly

1We refer to the first CapsNet [1] as Base-CapsNet.
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accurate, employs a small number of parameters compared to the state-of-the-art

CapsNet based networks. Moreover DL-CapsNet delivers faster training and infer-

ence. Using a 7-ensemble model on the CIFAR-10 dataset, we achieve a 91.29%

accuracy. DL-CapsNet is among the few networks based on CapsNet that supports

the CIFAR-100 dataset (68.36% test accuracy using the 7-ensemble model) and can

process complex datasets with a high number of categories.
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Chapter 1

Introduction

Image Classification is one of the fundamental problems in Computer Vision. This

problem is defined as categorizing a set of images into predefined classes. Several

other computer vision tasks including object detection and semantic segmentation

include the task of image classification as a sub-task. This task can be very chal-

lenging due to several factors, including the ever-increasing complexity we witness in

modern datasets, the variation in the viewpoint of the object and the high intra-class

variations [11].

Previously, the task of image classification was solved by extracting handcrafted

features using feature descriptors and feeding them to a trainable classifier. A major

drawback of this method was the fact that the accuracy was dependent on the fea-

ture extraction, and developing such extractor was a difficult task [12]. Deep Learn-

ing has overcome this by using several layers including non-linear data processing,

and automatic feature extraction and transformation to provide solutions for pattern

recognition and classification of data. Convolutional Neural Networks (CNNs) [13]

have now become the leading deep learning method for most computer vision tasks

including image classification [14].
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The advances in Graphical Processing Units (GPUs), availability of large datasets,

and the introduction of better algorithms all helped to a rise in popularity of CNNs

[15].

These networks consist of several convolutional layers followed by fully-Connected

(FC) layers [14]. We explain CNNs, their advantages and drawbacks and some of the

mostly used layers in Chapter 3. Here we mention some key points about CNNs. Back

in 2015, these networks started achieving exceptional performance in classification.

For instance, AlexNet [16] and GoogLeNet [17], winners of the ImageNet classification

competition (ILSVRC), were both CNN architectures. VGG [15] , which is another

CNN, was the second-best classifier in the 2014. These types of networks have been

making a significant progress since the introduction of AlexNet. EfficientNet and

its variations have been able to achieve more than 90% top-1 accuracy [18] on the

ImageNet dataset (compared to the 63.3% of AlexNet).

Classifiers based on CNNs, are networks consisting of layers of different types.

Starting from the first layer, each layer aims to make a smaller abstraction of data

coming from the previous layer such that the final layer can determine the category

of the object available in the image. One of the fundamental layers used in CNNs

is the Pooling layer. This layer reduces the input feature map size by summarizing

it into a smaller feature map. There are two reasons for using such layers. Firstly,

they adds a bit of translation invariance to the network. To be more specific, due to

the use of these layers, a slight variation in the location of the object will not affect

the decision of the classification. Secondly, they reduce the size of feature map and

hence the number of parameters and the amount of computations. However, this

layer loses information by dropping some values and summarizing the feature map,

and this could be considered as a drawback of CNNs.

Another disadvantage of CNNs is that they do not consider the relationship be-
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tween features of different levels. For instance, a portrait image of a face includes the

face itself as a feature with the highest level. This feature consists of several lower

level features such as lips, eyes, nose and so on. The spatial relationship between

these low-level features and the high-level feature is not discovered and extracted by

a CNN. As a result, if the location of the low-level features is changed, the network

is likely to assign the image to a class which it actually does not belong to.

CapsNet was designed to address the above drawback [1]. CapsNet, its archi-

tecture and its advantages and drawbacks are explained in Chapter 3. Since its

introduction, CapsNet has been a hot research topic [2, 19, 20, 21]. A CapsNet is

a network that uses capsules as the basic unit of computation (in CNNs, the basic

unit is a neuron). A capsule is a set of neurons building vectors (instead of neurons

in CNNs). Although the concept was introduced earlier [22], there was no practi-

cal training mechanism for a network using capsules. In [1] the authors proposed

an algorithm called “Routing by Agreement”, or “Dynamic Routing” (DR) to make

training capsules possible. Unlike CNNs, CapsNet takes into account the hierarchical

relationship between low-level and high-level features using the DR algorithm.

CapsNet has several advantages over CNNs. While CNNs only provide a list

of probabilities to categorize an image, CapsNets provide a vector for each category.

Each dimension of these vectors correspond to an instantiation parameter of the object

(e.g. rotation, skew, etc) of a specific class. In addition, CapsNet performs better in

classifying image with overlapping categories and it is more robust to applying affine

transformations to the input images compared to CNNs [1]. For instance, CapsNet

can classify a rotated object by just being trained on the non-rotated input with a

higher accuracy compared to CNNs.

Despite the advantages, CapsNet is a slow network compared to CNNs [23]. It

cannot still perform on large-scale datasets with a high number of categories such as
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ImageNet. In addition, it cannot supersede state-of-the-art CNNs in terms of network

accuracy on small-scale datasets.

In this work, we focus on optimizing the performance of CapsNet. The perfor-

mance of a network is evaluated using different metrics:

• The inference accuracy. This is an indicator of how the trained network gener-

alizes to unseen data.

• The number of parameters. This metric represents the number of trainable

parameters in the network. This serves as an indicator of how much memory

footprint a network requires to perform the training and inference.

• The network training and inference time. This metric represents the amount

of computations performed by a network to generate predictions from input

images.

We take the first network based on Capsule Network [1] as the baseline and refer

to it as Base-CapsNet. We primarily focus on making it faster and introduce Quick-

CapsNet (QCN), which produces a significantly fewer number of capsules compared to

Base-CapsNet. QCN builds on producing a fewer number of capsules, which results in

a faster network. QCN achieves this at the cost of obtaining a slightly lower inference

accuracy (68.17% on the CIFAR-10 dataset, compared to 71.69% of CapsNet). Infer-

ence is 5x faster on MNIST, F-MNIST, SVHN and Cifar-10 datasets. We also further

enhanced QCN by employing a more robust decoder (the class-independent decoder)

instead of the default decoder to further improve QCN. Quick-CapsNet (QCN) serves

as a faster alternative to CapsNet, which can be a starting point to develop CapsNet

for fast real-time applications.

To further improve the performance of CapsNet, we introduce a layer referred

to as Convolutional Fully-Connected (CFC) layer and integrate it into CapsNet to



5

propose CFC-CapsNet. This network also takes advantage of a class-independent

decoder. CFC-CapsNet is not as fast as QCN, but it is still faster than Base-CapsNet

by 4.5 times. In addition, it obtains a higher accuracy, and includes up to 50% fewer

parameters compared to Base-CapsNet. We also perform a detailed analysis of the

CFC-CapNet to investigate how the performance changes by changing the parameters

of the CFC layer.

As our next step towards improving CapsNet, we introduced the Primary Cap-

sule Generator (PCG) module, and integrate it into CapsNet to introduce Light and

Enhanced Capsule Network (LE-CapsNet). The PCG module generates a few robust

capsules that can lead to a a representation with high generalization ability. This net-

work also includes a dropout method specialized for capsules (referred to as Capsule

Dropout) to improve the generalization of the network and uses the class-independent

decoder. LE-CapsNet obtains a higher accuracy compared to Base-CapsNet, includes

67% fewer parameters, and performs 4x faster than Base-CapsNet.

The next step of this research, was to introduce the Multi-Level Capsule Extrac-

tor (MLCE) module and the Capsule Summarization (CapsSum) layers and carefully

integrates them into CapsNet to introduce Deep and Light Capsule Network (DL-

CapsNet). This network not only acheives a high accuracy on small-scale datasets

such as MNIST, F-MNIST, SVHN and CIFAR-10, but also is capable of handling

CIFAR-100 as a dataset with highly varied background and a high number of cat-

egories (100 classes). With 67.56% test accuracy for CIFAR-100, DL-CapsNet is

among the few variants of CapsNet that performs well on this complex dataset.

The rest of this thesis is organized as follows. Chapter 2 provides some of the

related works on optimizing CapsNet. Chapter 3 provides background information

about CNNs and CapsNet. Chapter 4 explains the proposed solutions in detail. The

experiments and results are included in Chapter 5. Finally, Chapter 6 concludes this
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thesis.
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Chapter 2

Background

This chapter aims to explain some background information about CNNs and CapsNet

and the advantages and drawbacks of them. First, CNNs are briefly introduced and

the strength of CNNs is stated by mentioning some of the state-of-the-art classifiers.

Next, the various types of layers used in CNNs are briefly described.

In the second part of this chapter, CapsNet is briefly introduced, and the ad-

vantages of this network over CNNs is shown. Next, the architecture of CapsNet is

explained and the chapter is concluded with the short-comings of CapsNet, which

motivated this work.

2.1 Convolutional Neural Networks

CNNs have been very useful and effective for image classification. They have achieved

wonderful performance on tasks that previous classic classifiers had limited perfor-

mance. CNNs have made classification easier than before, since hand-crafted features

are no longer necessary. These networks, take advantage of the fact that the nearby

pixels in the image (local regions) are strongly correlated, and that is not necessarily

true for distant pixels (globally).
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Examples of classification tasks that CNNs have been very successful at, include

classification of well-known small-scale datasets. The details of the datasets men-

tioned here are explained at the end of this chapter. Modified CNNs have obtained

test accuracies of 99.79% on MNIST digit recognition, 96.53% on CIFAR-10, 75.72%

on CIFAR-100 (similar to CIFAR-10, but containing 100 categories) and 98.31% on

SVHN (street-view house numbers) datasets [24].

In the following sections, we explain different types of layers and functions used

in CNNs.

2.1.1 Training, Testing and Loss Function

The datasets on which classification task is performed, include images with ground-

truth categories (labels) assigned to them. These datasets come with two sets of data:

training and testing. The training set is used to progressively make the prediction

provided by the model more accurate. Testing set is used to verify how accurate the

model predicts the categories.

The aim of the classifiers is to come up with a model that predicts the class of the

input image. This is achieved using the optimization process called training. The loss

function represents how well the created model by the classifier can predict the input

images while doing the training. The aim of the optimization process is to lower the

value of loss function progressively. There are different types of loss functions. A

loss function consists of a main loss term, as well as regularizer terms which will be

explained later in this chapter.

2.1.2 Forward Pass and Back-Propagation

The input images are fed to a network consisting of several layers. Each layer consists

of several parameters that need to be trained during the training process. These
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parameters are called weights. A batch of images is processed through multiple layers

and creates the predictions. This process is called Forward-Pass. Once the predictions

are made, they are compared to the ground-truth and the loss term is calculated.

Then the mentioned weights of the network are updated based on the gradients of

the loss term with respect to each weight. The process of updating weights is called

back-propagation. The term back-propagation is used because for calculating the

gradient of the weights of a layer, the information from all next layers needs to be

propagated and weights are updated in reversed order.

2.1.3 Convolutional Layer

This type of layer takes data from the previous layer and performs some element-

wise multiplications. A convolutional layer includes two types of weights. The first

types is called a kernel that is strided over the input and for each stride, the kernel

is multiplied with the input element by element. The other type is called bias, which

are independent of the input, and they are added to the input layer. These weights

try to extract the relationship between neighbour pixels. In the 2-dimensional (2D)

case, the kernel is a 3D grid which consists of multiple 2D weights. Each set of 2D

weights are called a feature map. The number of feature maps is called the depth of

the convolutional layer.

The size of the output is calculated using the following equation:

O =
W −K + 2P

S
+ 1 (2.1)

where O is the size (width) of output, W is the size of input, K is the size of kernel,

and P and S denote the padding and the stride size of the layer. In some cases, zero

values are added around the input layer. This is called padding and the number of
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zero rows and columns added shows the parameter P in the equation.

The number of parameters added to the model by using a convolutional layer, can

be calculated using the following equation:

NP = W +B = K2 · C ·N +N (2.2)

where NP is the total number of parameters, W is the parameters due to the weights

in the kernel, B is the parameters of the biases, K is the size of kernel, C is the number

of input channels and N is the number of kernels (depth of the convolutional layer).

After most of convolutional layers, there is an activation function to add non-

linearity to the model. Activation functions are explained later in this chapter. The

process of stacking several convolutional layers is called encoding, as usually the input

image is progressively encoded into a shorter representation.

2.1.4 Transposed Convolution Layer

Transposed convolution layer (also called Fractionally Strided Convolution layer) aim

to reverse the process of convolution layers. As a result, they are sometimes called

Deconvolution layers, but this naming is not correct. Because the output of trans-

posed convolution layer is not the exact reverse of the convolution process. This layer

adds padding in between the neurons as necessary to make a larger feature map. The

layer contains a kernel and it performs the convolution operation on the enlarged

input (by padding) to get an output which is larger than the input.

2.1.5 Fully-Connected (FC) Layer

Fully-Connected (FC) layers add a neuron called bias to the input layer, and connect

all these neurons to the output layer considering a weight for each connection. This
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type of layer is mostly used in the decoder to make the encoded data larger for

reconstruction purposes. The number of parameters in FC layers depend only on the

input and output size. FC layers include (N + 1) ·M parameters, where N is the

input size and M is the output size. FC layers are not used on large input sizes as it

would add lots of parameters to the model.

2.1.6 Activation Functions

Activation functions add non-linearity to the model so that the output is not simply a

linear combination of the input. There are several activation functions, with different

applications. Some famous activation functions include Rectified Linear Unit (ReLU),

Leaky ReLU, Exponential Linear Unit (ELU) , Sigmoid and SoftMax [25]. Each

activation function has its own advantages and disadvantages.

There is a common problem in neural networks called the Vanishing Gradient

problem. In some cases, the gradient will be small, and it effectively prevents the

weights from changing their value. In the worst case, this problem might stop the

neural network from training.

ReLU function

This activation function zeros out the negative values and keeps the positive values

unchanged. The following equation shows the ReLU function:

R(z) = max(z, 0) =


z, z > 0

0, z ≤ 0

(2.3)

ReLU activation avoids the vanishing gradient problem. This activation also includes

simple mathematical calculation for the gradient (during back-propagation), so it is
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not computationally expensive. However, ReLU has no upper limit for positive values

so outputs might explode. In addition, using ReLU might result in the ”dying ReLU”

effect in which dead neurons will be present. A dead neuron has a zero gradient so

it will not be updated anymore. Other variants of ReLU such as Leaky ReLU and

ELU were later introduced to avoid the problem of dying ReLU. Leaky ReLU and

ELU consider a small positive gradient for negative inputs to address the dying ReLU

problem and give the neurons a chance to recover. The Leaky ReLU and ELU use

linear and exponential functions for negative inputs respectively.

Sigmoid

Sigmoid activation outputs a value between 0 and 1. As opposed to ReLU, Sigmoid

is continuously differentiable. The following shows the Sigmoid function:

S(z) =
1

1 + e−z
(2.4)

Due to its limited output, Sigmoid does not have the exploding problem. It also has

a smooth gradient. However, for very high or very low inputs, the output responds

to input with a small gradient. This results in the vanishing gradient problem. In

addition, since the output is not centered around zero, the gradients go far in different

directions and this makes the optimization harder.

SoftMax

This activation function is applied to the final layer in the classification networks.

This activation turns numbers into probabilities. The created probabilities sum to 1.

The SoftMax function is shown in the following equation:

S(zi) =
ezi

1 + ezi
(2.5)
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2.1.7 Pooling Layer

The function of a pooling layer is to reduce the size of input. This results in the

reduction of number of parameters and computations. Pooling layer takes a single

value for different square segments of the input and disregards the rest of values.

The most commonly used pooling layer is max-pooling in which the maximum of

the square window is taken for different strides. An advantage of max-pooling is to

avoid the effect the slight changes on the input might have on the classification task.

However, there is a loss of information wherever max-pooling is used.

2.1.8 Regularizers and Drop-out

Regularizers and Drop-out are used to avoid the problem of over-fitting in networks.

Over-fitting is related to the generalization ability of the trained model. If the model

performs well on training data but fails to perform the same on the test data, the

model is biased on the training data and hence over-fitting has occurred. Two of

the mostly used regularizers include weight-loss and reconstruction losses. These two

regularizers are integrated into the model by adding terms to the loss function.

Weight-loss regularizer adds a penalty based on the value of weights. So, the model

is forced to have smaller weights. Reconstruction loss method tries to reconstruct the

input image, and compare how accurate the reconstructed image is in respect to the

input image. This accuracy is considered inside the loss function. Drop-out method

randomly drops some of the neurons in a layer. This technique results in having

a model that is not biased on specific neurons. Once some neurons are randomly

dropped, the model is forced to learn using the remaining neurons.
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2.2 Capsule Network (CapsNet)

Capsule Network (CapsNet) groups the neurons into vectors and calls this new struc-

ture a capsule. CapsNet changes the basic unit of the neural networks from neurons

to vectors, resulting in holding more information about the features available in the

image in the last layer. Specifically, CNNs provide a single value showing the prob-

ability of the image to contain an object of a certain category. CapsNets instead

provide vectors, whose normalized magnitude denotes the probabilities. The different

dimensions of these vectors, have a correlation with different instantiation parameters

of the object in the image (size, skew, etc.). The architecture of the first CapsNet in-

troduced in [1] is shown in figure 2.1. There are two convolutional layers that extract

features from the input image. The output of the feature extractor, is “reshaped” into

vectors. To this end, the feature map is divided into equal groups, and each location

in a group of feature maps, creates a single vector. As such, for each location, there

are several vectors describing the feature available in a region of the image.

The created vectors are multiplied by weight matrices in a stage referred to as

the Affine Transform Matrix Multiplication. These weights are part of the trainable

parameters of the network. There are different sets of matrices for each category in

the classification task. The total number of these matrices equals NC ·NI , where NC

is the number of categories, and NI is the number of input vectors. These matrices

learn the transformation between different features available in the input image, and

the whole images, making CapsNet robust to affine transformations. The output of

the matrix multiplication are the Primary Capsules (PCs). There could be several

capsule layers after this point (only one in the original implementation). If ui denotes

the output of a capsule in the previous layer, and ûj|i shows the predictions of the
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Figure 2.1: CapsNet architecture

current layer, we can write the following equation:

ûj|i = Wij · ui (2.6)

where Wij denotes the affine transformation matrix for the output ui. The output of

the current layer is calculated using the following equation:

sj = squash(
∑
i

cijûj|i) (2.7)

where cij are coefficients determined by Dynamic Routing (DR) algorithm which is

explained later in this chapter and squash is a non-linear activation function.

There are K output vectors in CapsNet where K is the number of classes in the

classification task. The magnitude of each vector shows the probability that the entity

represented by that capsule exists in the input image. Each dimension of this vector,

is supposed to represent one instantiation parameter of the image e.g. skew and

thickness. To realize the correspondence of vector length to the mentioned probability,

a non-linear function is introduced called ”squash” function. This function attempts

to zero out short vectors and shrink the long vectors to a length of almost 1. This

function is showed below:
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vj =
||sj||2

1 + ||sj||2
sj
||sj||

(2.8)

where j shows the index of capsule, sj is its input vector, vj is its output vector and

||sj|| denotes the magnitude of vector sj.

2.2.1 Dynamic Routing Algorithm

The inference of the capsules in a layer from the previous capsule layer is performed

using an iterative algorithm called Dynamic Routing. All capsules in the previous

layer are connected to the capsules in the next layer (similar to FC layers in CNNs)

and the weights of these connections are not determined by back-propagation, but

by the DR algorithm. This algorithm is based on the level of agreement between the

available predictions of the capsules on whether activate a specific capsule in the next

layer or not.

Algorithm 1 Dynamic Routing Algorithm

1: procedure Routing(ûj|i, l, r)
2: bij ← 0 ▷ for all capsules i and j in layers l and l+1
3: for i iterations do
4: ci ← SoftMax(bi) ▷ for all capsule i in layer l
5: vj = Squash(

∑
i cijûj|i) ▷ for all capsule j in layer l+1

6: bij = bij + ûj|i.vj ▷ for all capsule i and j in layers l and l+1
return vj

In this algorithm, bij are the log probabilities that capsules i and j from layers

l and l+1 should be coupled. SoftMax function used here is based on the following

equation:

cij =
exp bij∑
k exp bik

(2.9)

DR algorithm is also called ”routing by agreement” algorithm. This is due to the

fact that routing is performed based on the agreement between the current output of
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each capsule in the layer with the input predictions of the layer using the dot product

between the two vectors.

2.2.2 Margin Loss

As explained in the previous section, the length of a capsule represents the probability

that the capsule has predicted the entity corresponding to its class correctly. This

fact is used to create a loss function for CapsNet called margin loss. There would be

a high value for loss when incorrect predictions of all capsules. As a result, there is a

separate loss term for each capsule. The following is the margin loss for each capsule:

Lk = Tk max(0,m+ − ||vk||)2 + λ(1− Tk)max(0, ||vk|| −m−)2 (2.10)

where Tk is 1 if the entity is present, ||vk|| is the length of k-th capsule, λ is the

down-weighting factor absent classes, and m+ and m− are used to remove predictions

with very high or very low probability from the loss function.

2.2.3 Regularization by Reconstruction

The output capsules in CapsNet are used as an input to a decoder to reconstruct the

input images. Figure 2.2 shows the CapsNet’s decoder [1]. Comparing the recon-

structed images with the input images adds an additional term to the loss function:

reconstruction loss. The output capsules are masked before being fed to the decoder.

During training, all output vectors except the one corresponding to the ground-truth

label are masked (zeroed out). During inference, this masking is performed based on

the magnitude of vectors: only the vector with highest magnitude is kept and the

rest of the vectors are masked.

The decoder used in baseline CapsNet, includes several FC layers to decode the
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output vectors back into the input image. The reconstruction is refrained from domi-

nating margin loss by assigning a small weight to its term in the loss function (0.0005

in the baseline CapsNet).

Figure 2.2: CapsNet Decoder [1].

2.2.4 Advantages of CapsNet over CNNs

The first drawback of CNNs, is ignoring the relationship between low-level and high-

level features. This is due to the use of pooling layers. A high-level feature like a

face consists of low-level features such as lips, nose, eyes and so on. CNNs do not

consider the spatial relationship of these low-level features. Consequently, replacing

the location of lips with the nose, would not affect the decision of the image being a

face in CNNs.

CapsNet outputs a vector for each category in the classification task, while CNNs

only provide the probability. As a results, CapsNet includes additional information

(the pose of the object) as well the category it belongs to. The part-to-whole rela-

tionship between the different levels of features is obtained by CapsNet using the DR

algorithm. Apart from this intrinsic advantage of CapsNet over CNNs, it is also more
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robust to affine transformations applied to the input images. In other words, even

without being trained on affine transformed image inputs, it can classify them better

than conventional CNNs. This was verified in [1] by testing CapsNet and a conven-

tional CNN on affined transformed MNIST dataset. The network is trained on raw

dataset and tested on the transformed dataset. In addition, CapsNet performs better

than CNNs in classifying images with overlapping categories. This was also verified

in [1] by testing CapsNet on Multi-MNIST dataset. This dataset was generated by

overlaying an input of one category on top of the other from a different category from

the same dataset split (test or training).

To further elaborate on how CapsNet works, let us take the example of a face

image. After using the low-level feature extractor and preparing the vectors, there

are several vectors available for every region of the face image e.g. some around the

nose, some around the lips. The weight matrices in the matrix multiplication stage

are trained to find transformation between each of these vectors to the whole image,

and the spatial relationship between these vectors is extracted during by iterating

through the DR algorithm. The vectors “agreeing” on activating the face capsule 1,

are assigned to a higher non-trainable weight in this algorithm to enforce their higher

contribution in forming the face image.

2.2.5 Drawbacks of CapsNet

CapsNet has several drawbacks compared to CNNs:

• Slow Training and Testing

• Unable to classify complex datasets with high number of classes

CapsNet is a slow network compared to CNNs. This is due to the new structure of

1there is one output capsule for each category in the classification task
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neurons as capsules and the different way capsules are processed. For example, DR

algorithm is a computationally expensive operation which is repeated for 3 iterations

in every forward pass of the network. The number of capsules directly influences the

amount of computations in DR algorithm.

In CapsNet, there are K output vectors where K is the number of classes in the

classification task. As a result, CapsNet contains too many weights for classification

tasks with a high number of classes such as ImageNet. In addition, the baseline

CapsNet is not capable of classifying complex datasets. There have been several

works in literature trying to push the limits of CapsNet. Some of these works were

reviewed in the previous chapter (related works).
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Chapter 3

Related Work

This chapter covers some of the related works on CapsNet optimization. CapsNet

has attracted a lot of attention since its introduction. There are several works trying

to overcome the drawbacks of CapsNet. These works aim to improve CapsNet from

different aspects:

• Improving the network accuracy

• Improving the network speed

• Optimizing the network volume and complexity

The first item focuses on making changes in the architecture to make CapsNet

capable of classifying more complex datasets and push the limits of CapsNet in terms

of generalization. The second item focuses on the network speed and CapsNet is

changed to converge in fewer number of iterations or make the training and testing

process faster. The third item focuses on making the network simpler and lighter. The

volume of the network corresponds to the number of trainable parameters (weights)

that exist in it.

In this Chapter, we divide the capsule-based networks into two groups: those with
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a shallow feature extractor and those with a deep feature extractors. Base-CapsNet

itself includes a shallow feature extractor (only two convolutional layers) and several

other works also do not focus on improving the feature extractor, and instead focus

on improving how capsules are processed in later stages of the network. However,

there are works that focus on creating capsules using deep feature extractors, and

hence they usually obtain a higher accuracy.

3.1 Networks with Shallow Feature Extractors

Xiang et al. introduce Multi-Scale CapsNet (MS-CapsNet) in [2] as an extension

to CapsNet which creates more robust and efficient feature representations of the

images. The feature extraction is different in MS-CapsNet with that of CapsNet: it

is performed in multiple scales. The extracted features in different scales are then

translated to capsules which form the first layer of capsules (Primary Capsules).

They also introduce a new dropout technique to be used for capsules that increases

the robustness of CapsNet.
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Figure 3.1: MS-CapsNet architecture [2]

Figure 3.1 shows the architecture of MS-CapsNet. As the figure shows the feature

extraction consists of several layers each of which contains different convolutional

layers with different properties. The capsule encoding creates capsules out of every

layer of feature extraction. The dimensions of the created capsules are different for

each output level of the feature extractor. As a result, different weight matrices are

required for every level. In other words, matrices of different sizes are required to

prepare the capsule predictions to take part in the dynamic routing.

After the capsule predictions are created out of different layers of feature extractor,

the predictions are concatenated to create a single list to take part in the Dynamic

Routing (DR) algorithm.

The next innovation of MS-CapsNet is the new dropout introduced. Dropout is

used to make the model less dependent solely on individual predictions, and make the

final decision based on all predictions. The dropout technique used in MS-CapsNet is

to randomly remove some predictions (zero out the whole prediction) while performing
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the training.

MS-CapsNet uses its own implementation of CapsNet on MX-Net and is tested on

Fashion-MNIST and CIFAR-10 datasets. It gets a higher accuracy than the baseline

CapsNet by 1.1% and 2.4% on the mentioned datasets respectively to reach to 75.7%

for CIFAR-10 and 92.7% for Fashion-MNIST.

Rosario et al. [26] introduced MLCN which is a resource efficient variant of Cap-

sNet which achieves higher accuracy and also has faster training and testing times.

MLCN divides the primary capsules (PCs) into independent groups called lanes each

of which is responsible to form one of the dimensions of the final digit capsules. Each

lane has two properties: depth and width. The depth of a lane corresponds to the

number of convolutions applied in that lane. The width of a lane corresponds to the

number of filters per convolution.

Figure 3.2: MLCN architecture

The advantage of MLCN over CapsNet is that it allows parallel execution of lanes,

as PCs are constructed independently. In addition, the explainability of the network

is improved as different features are associated to different sets of convolutions. Figure

3.2 shows the architecture of MLCN. As the figure shows, each lane is responsible

for creating one dimension of the output. There are experiments done for different

number of lanes (different dimensions of the digit capsule) i.e. 2, 4, 8, 16 and 32
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lanes.

MLCN also integrates a new dropout technique (lane dropout) in which 10% of

lanes are discarded randomly and the other 90% are used to calculate the classifica-

tion. This method forces the lanes to contribute equally to the classification results.

There is an optimum number of lanes for different datasets and adding more

lanes than the optimum values does not make the model better. MLCN has two

configurations for lanes which differ in the properties of convolutional layers. MLCN

is implemented on Keras-CapsNet code [27]. With 75.18% and 92.63%, it gets 8.82%

and 1.33% higher accuracy than baseline CapsNet on CIFAR-10 and Fashion-MNIST

datasets. It is also on average two times faster than CapsNet using the same number

of parameters.

Amer et al. [28] propose Path-CapsNet which is a deep parallel multi-path variant

of CapsNet. They make CapsNet deeper by including multiple pathways, and the

resulting architecture obtains a better performance and also has fewer number of

parameters. The idea of this work is that each PC is formed using a deep CNN,

which is called a path. Path-CapsNet also introduces fan-in routing as a new routing

strategy to replace the fan-out method originally introduced in [1]. It also integrates

max-pooling and claims that it is not contradictory with the property of equivariance

in CapsNet. Max-Pooling can be used to save parameters without losing performance

and pose detection of CapsNet.

Figure 3.3: Layer specification of paths in Path-CapsNet

Path-CapsNet applies regularization by using a dropout method called DropCir-

cuit which adapts dropout to multi-path architectures. It drops different paths ran-
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domly so that the final output is not biased on specific paths. It is observed that the

dropout method is not effective if there are only few lanes, since it might remove all

the necessary information required for classification. The next innovation of this work

is the new routing called fan-out routing. The fan-in routing is different to fan-out

routing in the way of applying softmax. In fan-out routing, softmax is applied across

connections coming out from a single PC while in fan-in routing, it is applied across

connections coming into the same DigitCaps. Intuitively, in fan-out routing each part

of an object is supposed to contribute more to a specific category. On the other hand

in fan-in routing, different parts of the object have a different contribution for each

category.

Figure 3.3 shows the layers constituting each path in Path-CapsNet. As this figure

shows, each path consists of a deep CNN and it forms one of PCs. Path-CapsNet is

tested on MNIST dataset using a different configuration i.e. the routing type, number

of paths and whether or not using dropout.

Path-CapsNet claims that it has increased the representation power of PCs. With-

out fan-in routing and DropCircuit, it gets an accuracy of 99.56% on MNIST using

34% parameters of CapsNet.

Zou et al. [29] introduce Fast Convergent CapsNet (FCC) which is an extension

of CapsNet which introduces a new activation function and also uses a regularization

method. FCC makes the network converge faster and increases the ability of the

network to generalize.

The activation function used in CapsNet is Squash and it works as follows:

vj =
||sj||2

1 + ||sj||2
sj
||sj||

(3.1)

The alternative activation function introduced in FCC is instead based on the

following equation:
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vj = (1− e−a||sj ||b)
sj
||sj||

(3.2)

This new activation function is better than squash function, because it makes the

network converge faster, and it results in higher accuracy.

FCC also added a regularization term to the loss function of CapsNet: the mini-

mum weight loss. This helps in avoiding over-fitting. The new loss function is in the

following form.

Loss = αLM + βLR + (1− α− β)
∑
i

||wi||2

where LM and LR denote the margin loss and the reconstruction loss respectively and

the third term is the regularization term added to avoid over-fitting.

Figure 3.4: FSC-CapsNet architecture

Liu et al. [30] introduce FSC-CapsNet aiming to improve the performance of Cap-

sNet on more complex datasets such as CIFAR-10. They modify both the encoder

and the decoder of CapsNet. In the encoder (feature extractor), they add more convo-

lutional layers and in the decoder they improve the performance of reconstruction by

integrating fractionally-strided convolutional layers (deconvolution layers). FSC uses
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no pooling layers in the proposed architecture. Figure 3.4 depicts the architecture

of FSC. As the figure shows, there is one more convolutional layer compared to the

baseline CapsNet and also the reconstruction network is now based on deconvolution

instead of FC layers.

Liu et al. suggest that datasets that are more complex than MNIST require a

deeper feature extractor and as a result, more number of convolutional layers. Also,

the reconstruction for CIFAR-10 dataset is very blurry and is not comparable to that

of MNIST dataset. So, they would like to make the reconstruction network more

complex than three fully connected layers. FSC is tested on five complex datasets

including CIFAR-10, CIFAR-100, Extended and Cropped Yale Face Database and

BelgiumTS and it gets accuracy improvement for all cases. However, for CIFAR-

10 it gets the highest improvement of 11% (with the baseline accuracy of 66.31%)

compared to the baseline CapsNet.

FSC includes an analysis on number of convolutional layers in the extractor and

the number of deconvolutions in the reconstruction part of the network. It turned

out that the optimum numbers of layers are 3 and 2 for the encoder and decoder

respectively. This configuration gets the best accuracy and the generalization perfor-

mance. FSC also converges faster than baseline in all datasets except the Extended

Yale Face Database. The images are reconstructed with a higher quality than the

baseline. Even though for CIFAR-10 the reconstructions have a clearer outline, they

are still very unclear and lack recognizable features.

Mobiny et al. [20] propose a fast variant of CapsNet (Fast CapsNet, hereby called

FCNet) and apply it for the classification of lung nodules. CNN classifiers are com-

mon solutions for this problem. However, they require a large training set to provide

a good generalization. FCNet improves the network training and inference time of

CapsNet, so the proposed network can perform the classification with a higher ac-
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curacy when fewer data is available. FCNet comes with a an alternative method for

dynamic routing that leads to 3x speedup. In addition, since the current reconstruc-

tion network of CapsNet works poorly for lung nodule data, Mobiny et al. propose an

efficient reconstruction method called convolutional decoder. This new reconstruction

results in a higher classification accuracy.

Dynamic routing algorithm has a high computation load and it is not scalable.

Consistent Dynamic Routing (CDR) solves this problem. In CDR, the coefficients of

the capsules corresponding to the same pixels of the feature map are the same. In

practice, CDR is a different organization of feature map to create the PCs. So there

would be fewer capsules with higher dimensionality.

There is a high visual variation in the lung nodule data and the reconstruction

of baseline CapsNet is not efficient for this data. FCNet comes with a convolutional

decoder. This decoder takes the prediction vector of the predicted class, concate-

nated with the final output of CapsNet (target predictions) as input, and applies

two fractionally-strided convolutions (deconvolutions) on it to reconstruct the input

image.

Figure 3.5 shows the architecture of FCNet. As shown in the figure, the two

changes made to the baseline CapsNet include the following:

• Different organization of the output of the feature extractor

• Different reconstruction method (changed input and deconvulotion)

Mobiny et al. also apply a 3D variant of FCNet on lung nodules dataset which

has the same structure as the 2D variant, but inlucdes 3D convolutions and works

on voxels. FCNet is compared with AlexNet, ResNet-50 and CapsNet on the lung

nodules dataset. It gets the least error rate among all models both for 2D and the

3D model (11.45% and 9.52% respectively).
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Figure 3.5: FCNet Architecture

Nair et al. [31] perform a stress test on CapsNet to verify its performance and

level of expressiveness. They do so by applying CapsNet to high-scale datasets and

exploring the sources of error in this network. The datasets in this work include

MNIST, Fashion-MNIST, SVHN and CIFAR-10. This work mainly aims to verify

the robustness of CapsNet to applying transformations to the input images. To

this end, Nair et al. have modified all 4 mentioned datasets by augmenting them

for testing purposes. The original datasets are used to train the CapsNet and the

augmented datasets are used to test the network. The transformations applied to

the datasets include rotation, shearing, translation and scaling. This work uses the

Pytorch implementation of CapsNet.

The first comparison in this work is done between CapsNet and AlexNet [16]. The

hyperparameters of CapsNet are the same ones in the original CapsNet paper [1].

CapsNet gets marginal improvement over AlexNet on MNIST and Fashion-MNIST

(1.03% and 2.24% respectively) and substantial improvement on SVHN and CIFAR-

10 (9.01% and 7.92% respectively). Nair et al. conclude that CapsNet is so far a

good network as it has obtained a better accuracy using fewer number of parameters.

Nair et al. also conduct some experiments on the DR algorithm by exploring
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the hyper-parameter “number of iterations in DR algorithm”. They perform this

investigation on all four datasets. Two iterations of DR performed very closely to

three iterations, and even it some cases it performed better. This is in contrary with

Sabour et al. [1], that claim 3 is the best choice for number of iterations. Nair et al.

state that DR algorithm is too “abrup”.

The next property of CapsNet inspected here, is the reconstruction. Nair et al.

compare the reconstructed images with ground truth as the training goes on. They

realize that for MNIST, there is substantial change in reconstruction from epoch 2

to 50. For Fashion-MNIST, the finer details of images are not reconstructed and

this could be because of the shallow reconstruction network used. For SVHN, the

reconstructions change from being non-informative to substantially appropriate and

finally a gray rendering of the numbers. The network cannot reconstruct colors.

Finally for CIFAR-10, the reconstructions are totally unrecognizable, except for the

category of horse since the images in this category are more consistent.

Deliege et al. introduce HitNet [32] which includes a new layer referred to as the

Hit-or-Miss (HoM) layer. The architecture of this network is shown in figure 3.6. HoM

layer contains capsules that are trained to hit or miss a specific capsule based on a

special loss function. This loss function is referred to as a “centripetal” loss function,

because it is a piece-wise linear function of the predictions which is centripetal with

respect to the correct capsules. This network also introduces the concept of ghost

capsules that can potentially detect the mislabeled images or images that might need

two labels in the training set.
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Figure 3.6: HitNet architecture

HitNet includes a shallow feature extractor to emphasize the potential of the HoM

layer. This network replaces the squash activation with a Batch Normalization (BN)

layer, followed by sigmoid activation to obtain HoM capsules. For each input image,

HitNet aims the center of the feature space of the class that a capsule belongs to

(hit), and capsules that are related to other calsses will be sent far away from the

center of the feature space (miss).

3.2 Networks with Deep Feature Extractors

Rajasegaran et al. [19] propose DeepCaps as a deep variant of CapsNet. The two

fundamental ideas behind DeepCaps include the following:

1. A novel dynamic routing algorithm based on 3D convolution

2. A class-independent decoder

DeepCaps gets better results than state-of-the-art works in CapsNet on CIFAR-10,

Fashion-MNIST and SVHN datasets and it reduces the number of parameters by

68%.

The authors mention that the naive approach of simply stacking fully-connected

capsule layers to come up with a deeper CapsNet has some drawbacks:
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1. High computation cost and inference times due to the DR algorithm

2. Poor learning in the middle layers due to the small coupling coefficients

To reduce the computational complexity of CapsNet, authors propose some meth-

ods. The first one is to reduce the number of routing iterations in initial layers. The

next proposal is to use 3D convolutional routing in the middle layers to reduce the

number of parameters in the network by using the parameter sharing property.

In the feature extractor, DeepCaps uses skip-connections for reducing the effect

of vanishing gradients. This network consists of three ConvCaps layers, one Con-

vCaps3D layer, one DigitCaps layer and finally the new reconstruction network which

is based on deconvolution and is claimed to be class-independent. ConvCaps layers

are the same as convolutional layers except the fact that their output is capsule-based.

In other words, the output feature map is reshaped into vectors to be 4-dimensional

instead of 3-dimensional ordinary feature maps. ConvCaps3D performs 3D convolu-

tional operations and includes a novel 3D dynamic routing method.

Figure 3.7: The first CapsCell in DeepCaps
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The feature extractor in DeepCaps includes three CapsCells each of which includes

a skip-connected convolutional layers stacked. The first CapsCell is shown in figure

3.7. There are three of these layers and then the final CapsCell which is different from

the previous three in having ConvCaps3D operation. As figure 3.8 shows, there is

an skip-connection from the output of the third ConvCaps which results in capsules

being collected from both fourth and third ConvCaps layers. This skip-connection

aims to contribute to the generalization of a model for a wider range of datasets. For

instance, low level capsules from the first and second cell would be sufficient for simple

datasets with poor information like MNIST. However, for more complex datasets like

CIFAR-10 which has rich information, capsules generated using a deeper path are

required.

Figure 3.8: The final layers of DeepCaps

The next novelty in DeepCaps, is the proposed class-independent decoder. The
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original decoder of CapsNet which includes two fully-connected layers, is class-dependent.

The input of the two FC layers, is the masked output vector of the second capsule

layer (DigitCaps). As figure 3.9 shows, the output includes b-dimensional vectors.

All b values are zeroed out (masked) except the b values corresponding to the correct

class (the ground truth) while training. While testing, the whole a × b values are

used as the input to the decoder, and that is why the decoder is claimed to be class

dependent. Instead in DeepCaps, there are only b values fed to the decoder: the b

values corresponding to the ground truth class.

Figure 3.9: The original decoder input of CapsNet

Jasiwal et al. [33] propose CapsuleGAN, which uses CapsNet as the discriminator

of GAN network while modeling image data. CapsuleGAN performs better than

convolutional GAN at modeling the distribution of image data on MNIST and CIFAR-

10 datasets using the generative adverserial metric (GAM). It also performs better at

semi-supervised classification.

The margin loss of CapsNet is used instead of the binary cross-entropy loss of

conventional discriminators for training. Visually and qualitatively, CapsuleGAN
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generate cleaner and crisper images than convolutional GAN. Jaiswal et al. also

perform the quantitative comparison between CapsuleGAN and convolutional GAN

using GAM metric. In this metric, two GAN networks are given i.e. M1 = (G1, D1)

and M2 = (G2, D2), then G1 and G2 are tested against D2 and D1 respectively.

The ratios of the error of classification are calculated on real test dataset and also

on generated samples. CapsuleGAN performs better than convolutional GAN on

MNIST and worse than convolutional GAN on real test dataset of CIFAR-10.

CapsuleGAN and convolutional GAN are also compared in semi-supervised classi-

fication. To this end, 50,000 images are generated using GAN and CapsuleGAN.The

Label Spreading algorithm is used with the generated images as the unlabeled exam-

ples and 100, 1000 and 10000 real labeled samples are used. The results show that

CapsuleGAN performs better than GAN for all values of n and for both MNIST and

CIFAR-10 datasets. So CapsuleGAN generated more realistic images than GAN and

performs a better semi-supervised classification.

There are several works that come up with a different approach for routing the

capsules between different capsule layers. For example, Hinton et al. [34] propose

a new structure for CapsNet called EM-CapsNet which has a different routing algo-

rithm. This variant of CapsNet consists of matrix capsules. Matrix capsules capture

activations as well as a 4x4 matrix including pose information. The pose matrix

defines the change of viewpoint of an object i.e. the translation and the rotation. Dy-

namic routing algorithm used in CapsNet is replaced with Expectation Maximization

(EM) routing in EM-CapsNet. In EM routing, the part-whole relationship between

capsules of the previous layer and the capsules of the next layer is obtained using

the clustering method of Expectation Maximization. EM is used to group datapoints

into Gaussian distributions.

The pose matrix is 4x4. So there would be 16 Gaussian distributions i.e. 16
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mean values and 16 standard deviations. The activation of the capsules in the next

layer (parent capsules) and their pose matrices are computed using the iterative EM

routing algorithm. EM algorithm fits the capsules of the previous layer (datapoints)

into a Gaussian Mixture Model (GMM). EM algorithm consists iterating two stages:

E-step and M-step. Each datapoint has an assignment probability to a parent capsule.

These probabilities are calculated in the E-step. The M-step updates the parameters

of the Gaussian distributions based on the probabilities obtained in the E-step.

Huang et al. [35] propose Dual-Attention Capsule Network (DA-CapsNet) which

takes advantage of the attention mechanism after the convolutional layers (referred to

as Conv-Attention) and after the primary capsules (referred to as Caps-Attention).

Figure 3.10 shows the architecture of DA-CapsNet. Part A is used to extract

features and applies the attention mechanism on the extracted features to make a

robust representation of data. Afterwards, Part B transforms the primary capsules

into AttCaps (capsules with attention mechanism).

Figure 3.10: DA-CapsNet architecture

Chen et al. [36] propose a deep capsule network combined with a U-Net pre-

processing module (DCN-UN) which attempts to improve the poor performance of
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CapsNet on complex datasets such as CIFAR-10 and CIFAR-100. A convolutional

capsule layer is developed based on local connections and weight-sharing strategies

which allows reducing the number of parameters. In addition, this work employs a

greedy strategy to develop the Mask Dynamic Routing (MDR) algorithm to further

improve the performance of the network.

Ayidzoe et al. [37] introduce a less complex variant of CapsNet with an improved

feature extractor. This network takes advantage of a Gabor filter and customized

blocks for preprocessing the input data leading to the extraction of the semantic

information of the image. This method results enhanced activation diagrams and

learns the hierarchical information meaningfully.

Tao et al. [38] present an efficient and flexible network based on capsules referred

to as Adaptive Capsule CapsNet (AC-CapsNet). This network replaces the primary

capsules with an adaptive capsule layer. The adaptive values contain both the spatial

information of each capsule vector and the local relationship among the neurons

contained in the capsules.

Some of the related works, do not report the results for the conventional datasets

used in the CapsNet domain, or only report some of the numbers. We have included

the results of the related works in Chapter 5.
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Chapter 4

Methodology

This chapter is dedicated to explaining each of the proposed networks in detail. We

start with Quick-CapsNet (QCN) which aimed towards making CapsNet faster by

reducing the number of capsules. Afterwards, we explain CFC-CapsNet which intro-

duces the new CFC layer for improving the process of creating capsules. Next, we

explain LE-CapsNet which improves the feature extractor by introducing the PCG

module. The chapter is concluded with explaining our final work, DL-CapsNet which

includes a novel deep architecture with only few number of parameters.

4.1 Quick-CapsNet (QCN)

The number of PCs directly determines the computation complexity. The affine

matrix multiplication transform stage and dynamic routing become more computa-

tionally expensive as the number of PCs increases. Reducing the number of PCs in

the baseline architecture, however, can reduce accuracy. So here our goal is to reduce

the number of PCs while maintaining accuracy.

We replace the second convolution layer with a Fully-Connected (FC) layer. Intu-

itively, this translates to including the contribution of all neurons in the output feature
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Figure 4.1: QCN architecture.

map of the convolutional layer. FC layer builds a representation that summarizes all

of the neurons in the previous layer. Figure 4.1 shows the modified architecture. As

presented, we feed the output of the first convolutional layer to an FC layer. The out-

put of the FC layer is reshaped to create PCs, which are the inputs for the dynamic

routing algorithm.

In the baseline CapsNet, there are 1152 8D PCs. We chose to minimize the number

of outputs of the FC layer for two reasons. The first reason has to do with the intrinsic

feature of FC layers. Since the number of parameters in FC layers depends on the

number of inputs and outputs. Moreover, the input of the FC layer already has a

significantly large number of neurons (being the output of a convolutional layer).

Therefore we aim at having as few outputs as possible. This is to avoid creating a

heavy network in terms of number of parameters. Secondly, as we presented in the

motivation section, the fewer PCs we have, the faster the network becomes. However,

there is a minimum number of PCs needed to achieve an acceptable level of accuracy.

Based on our experiments, we found this number to be 4 for QCN.
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4.2 CFC-CapsNet

We start with explaining the Convolutional Fully-Connected (CFC) layer and how it

summarizes the feature map into significantly fewer number of capsules. Afterwards,

we explain the other parts of CFC-CapsNet network, i.e. the decoder and the dropout

layer.

4.2.1 Convolutional Fully-Connected Layer

Figure 4.2: CFC Layer architecture

As mentioned in the Background section, in Base-CapsNet the output of the low-

level feature extractor is reshaped a high number of vectors. Here we propose a

layer referred to as the Convolutional Fully-Connected (CFC) layer to translate the

extracted features to vectors. As Figure 4.2 shows, vectors corresponding to spatially

correlated regions of the output activation are grouped together. The result is fed to
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different FC layers, each of which produces a single vector.

The CFC layer has two parameters: kernel size (K) and the output dimensionality

(D). The kernel size determines the size of each vector group to be summarized into a

single vector. The higher choice of K, results in fewer generated vectors. The output

dimensionality determines the number of elements in each generated output vector.

The number of output elements in FC layers determines the output dimensionality.

The CFC layer is essentially the same as a convolutional layer, except for the fact

that it does not implement the weight-sharing property. In convolutional layers, there

is a single set of weights (the kernel) convolved with the input, whereas in the CFC

layer, there are different kernels for each spatially correlated region of the input.

Now we formulate the CFC layer using a mathematical notation. As mentioned

before, there is a low-level feature extractor. The output activation of this extractor

is used to create the capsules. The activation is split to different chunks (Cm) based

on the following equation:

Cm = (Fabc)a∈[w,w+K]
b∈[h,h+K]
c∈[1,N ]

(4.1)

where m ∈ [1, (W −K +1)2] and F is the output of the feature extractor, Fabc shows

the neuron at the c-th feature map of F at the spatial position x = a and y = b, N

shows the number of feature maps, K is the parameter of the CFC layer and h and

w are obtained using the following equations:

h =
m

W −K + 1
(4.2)

w = m%(W −K + 1) (4.3)

where the percentage denotes the remainder (mod) operation.
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Each chunk is then flattened. We refer to the flattened chunks as CFm. Each

flattened chunk is then fed to a fully-connected layer with weights W and the capsules

are created based on the following equation:

Vm = CFm ·Wm (4.4)

where Vm denotes each capsule including D values.

4.2.2 Class-Independent Decoder

We modify the class-independent decoder explained in the Background section by

making it deeper and use it as the decoder of CFC-CapsNet. The deconvolutional

layers used in this decoder are listed in Table 4.1. It must be noted that for F-MNIST

the output vector is projected to a 8x6x6 feature map. For SVHN and CIFAR-10, the

output vector is projected to a 8x10x10 feature map to keep the decoder’s structure

consistent.

Table 4.1: Deconvolutional layers of the decoder

Layer Input Dims Kernel

1 8x6x6 128x3x3
2 128x8x8 64x5x5
3 64x12x12 32x5x5
4 32x16x16 16x5x5
5 16x20x20 16x5x5
6 16x24x24 16x3x3
7 16x26x26 1x3x3
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4.2.3 Capsule Dropout

Following the capsule dropout method used in MS-CapsNet [2], CFC-CapsNet in-

cludes a capsule dropout method for improving the generalization ability of the net-

work by regularizing the training process. To this end, we randomly drop some of

the primary capsules and follow the DR algorithm using the remaining capsules. It

is noteworthy that we do not drop the elements inside vectors, as it might change

the direction of the vector and affect the representation. Instead, we drop the whole

capsule. We have a single experiment for each capsule, whether to drop it or to keep

it. Hence, we can use the Bernoulli distribution: the disregarding capsules is consid-

ered as a success, and a failure otherwise. In our dropout layer, we implement the

inverted dropout method. In other words, if p is the drop probability, the primary

capsules are scaled by 1
1−p

during the training. All the neurons corresponding to these

capsules are divided by 1 − p. This layer does not make any change to the capsules

during inference.

4.2.4 Hard Training

We use the hard training method used in the code provided by the authors of Deep-

Caps [39]. In this method, first the network is trained using the default values for m+

and m− in the loss function. After the network becomes stable, it is trained using the

new values for m+ and m−. These new values are tighter than the previous ones: the

new m+ is higher than the previous one, and the new m− is lower than the previous

one. In other words, the threshold for considering the predictions in the loss function

is tightened and the training process is repeated. We chose the new values for m+

and m− equal to the reference method (m+ = 0.95 and m− = 0.05).
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4.3 LE-CapsNet

In figure 4.3 we present the architecture of LE-CapsNet. This network consists of

the PCG module to generate the primary capsules, the dynamic routing to infer the

output capsules, and a class-independent decoder.

Figure 4.3: LE-CapsNet architecture

4.3.1 PCG Module

LE-CapsNet uses a Primary Capsule Generator (PCG) module to generate the pri-

mary capsules from the input image. As the figure shows, compared to CapsNet

there is a significant reduction in the number of produced capsules using this module.

For the MNIST dataset, the number of PCs is reduced from 1152 to 108 capsules 1.

Figure 4.4 shows the architecture of the PCG module. This module performs three

steps. The first step is the conducts low-level feature extraction. In this step, we

use a multi-scale sub-network instead of the two convolutional layers used in Cap-

sNet. This sub-network consists of three scales, each with a different depth. The

depth of each scale corresponds to the number of convolutional layers employed in

that scale. Deeper scales are used to create representations of features of a higher

level, whereas shallow scales correspond to low-level features. This helps in creating

a better representation of the input images.

1The choice of dataset impacts these numbers as feature extraction results in extracting different
amount of information (a different feature map size) for different datasets and based on the input
image size.
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Figure 4.4: PCG module architecture
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The second step in taken by the PCG module, and uses multiple CFC layers (one

for each scale) to translate the extracted features to vectors. We modify CFC layers

by varying the dimensionality of the output based on how deep a specific scale in the

feature extraction is. For scales that extract features deeper, the output dimension-

ality of the CFC layer is chosen to be higher. This provides more outputs and hence

better representation. In order to keep important information while summarizing

the extracted information, we use more output neurons for deeper scales. For more

shallow scales, we create a smaller summary of information, and therefore the output

dimensionality is smaller.

The third step is also taken by the PCG module, and includes the affine matrix

transformation and the capsule dropout. The output vectors of the second step

are multiplied with the weight matrix (the affine transform matrix multiplication

stage). The multiplication is done individually for each scale, to encode the spatial

relationship between the vectors of each scale separately. Contrary to CapsNet, the

generated primary capsules are a mixture of translated low-level, medium-level and

high-level features. As such, we expect to create a better representation leading to

a higher test accuracy. Note that there are three different sets of primary capsules

generated by this method. The capsule dropout is explained in the next section in

detail.

4.3.2 Decoder

LE-CapsNet also implements a class-independent decoder. This is the same decoder

used in CFC-CapsNet This has two reasons: reducing the number of parameters and

providing a more accurate reconstruction. This in turn helps creating a more powerful

network in terms of classification accuracy and generalization ability.
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4.3.3 Capsule Dropout

LE-CapsNet includes the same dropout technique used in CFC-CapsNet to regularize

training the network.

4.4 DL-CapsNet

Figure 4.5 shows the architecture of DL-CapsNet. As the figure shows, the network

consists of a convolutional layer, two normal CapsCells, the MLCE module, the DR

algorithm and the class-independent decoder.

The network begins with a convolutional layer to extract very low-level features.

The extracted features are reshaped to capsules. Afterwards, there are two normal

CapsCells to create richer capsules. The output of the second CapsCell is fed to the

MLCE module. This module is explained in detail in the next section. The capsules

generated by the MLCE module are used to infer the output capsules of the network

using the DR algorithm. Similar to CapsNet, the classification is done based on

the output capsules. There are K capsules where K is the number of classes in the

classification task, and the capsule with the highest length (L2 Norm) corresponds to

the predicted class. These capsules are also fed to the decoder network.

4.4.1 Capsule Cell

Capsule Cells (CapsCells) were introduced by Rajasegaran et al. [19] as units includ-

ing a combination of several Convolutional Capsule (ConvCaps) layers and a skip

connection. The ConvCaps layer is a convolutional layer with its outputs reshaped to

capsules. Figure 4.7 shows a CapsCell, which includes three ConvCaps layers. The

output of the first layer is skip connected to the output of the last layer. This is

done to avoid the problem of vanishing gradients. In addition, the skip-connection
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Figure 4.5: DL-CapsNet architecture.
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Figure 4.6: MLCE module architecture
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helps route the low-level capsules to high-level capsules. The skip-connection either

includes a ConvCaps layer, or implements the 3D dynamic routing (3DR) algorithm.

The former is called a normal CapsCell and the latter is called a 3DR CapsCell.

Figure 4.7: CapsCell Architecture

Each ConvCaps layer has 3 parameters: K or the kernel size, D or the number of

values for each output vector (the dimensionality), and Nv or the number of vectors

per spatial location of the output feature map.

4.4.2 Capsule Summarization (CapsSum) layer

In this work, we propose the CapsSum layer as a means to reduce the number of

generated capsules into a few capsules. The CapsSum layer is inspired by the Convo-

lutional Fully-Connected (CFC) [6]. As mentioned earlier, CapsNet includes a simple

feature extractor including two convolutional layers. Originally, the extracted data is

directly reshaped to capsules. Alternatively, the CFC layer was proposed for translat-

ing the low-level extracted features to fewer capsules, resulting in parameter reduction

and network speed-up.

We customize and integrate the CFC layer in the proposed network. We summa-

rize the generated capsules by the DeepCaps network to produce a new set of PCs.
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Figure 4.8: Capsule Summarization Module
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To this end, we introduce a capsule summarization layer. Figure 4.8 shows how this

layer works. As the figure shows, the nearby generated capsules are all flattened, and

fed to a fully-connected layer to produce a single capsule. This procedure is repeated

for all spatial locations in the generated capsules. There are a total of the S ×w×w

generated capsules each with Din elements. For each spatial location (i, j) where

i, j ∈ [1, w], a total of S capsules with Din dimensionality are collected, flattened

and fed to a single fully-connected layer to produce a single capsule with a different

dimensionality Dout. It is noteworthy that the figure shows the procedure for the first

spatial location (1,1). There are w×w fully-connected layers to summarize the whole

generated capsules to the PCS. The proposed layer, reduces the number of capsules

S times.

Intuitively, each output capsule corresponds to a set of nearby capsules. We reduce

all those correlated nearby capsules to a single capsule using a fully-connected layer.

The reduction process includes trainable parameters (contained in the fully-connected

layer). However, the reduction in the number of capsules outnumbers the increase in

the parameters.

4.4.3 Multi-Level Capsule Extractor (MLCE) module

We carefully designed the MLCE module with two goals. First, to create a rich and

robust representation of the input images using the extracted capsules, and second,

to ensure the network is small enough (in terms of the number of parameters).

To meet the first goal, we stack two 3DR CapsCells. 3DR algorithm is not as

computationally expensive as the DR algorithm due to performing the routing in a

localized manner. As a result, it is possible to stack two 3DR CapsCells to make a

deep representation of data.

To meet the second goal, we use the CapsSum layer. The number of PCs used in
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capsule networks is a key factor in determining the network’s number of parameters

and also the network training and testing speed. The primary capsules are multi-

plied by weight matrices each of which corresponds to one of the categories in the

classification task. Therefore, reducing the number of PCs results in fewer weight

matrices and as a result fewer overall number of parameters. In addition, the more

primary capsules there are in the network, the more computationally expensive the

DR algorithm would become. The more primary capsules there are, the more time

it takes for the DR algorithm used to infer the output capsules from input capsules

We use two instances of the CapsSum layer inside the MLCE module to reduce the

number of generated capsules number of PCs.

The architecture of the MLCE module is depicted in figure 4.6. As shown in the

figure, the MLCE module infers two sets (levels) of capsules from the input capsules,

and concatenates them to generate a combination of low-level and high-level capsules.

This module stacks two 3DR CapsCells. First, the input capsules are fed to a 3DR

CapsCell. The first set of output capsules (low-level capsules) are formed by using

a CapsSum layer on top of this 3DR CapsCell. Afterwards, there is another 3DR

CapsCell, and another CapsSum layer is used to summarize the high-level capsules

into a few capsules (high-level capsules).

The 3DR CapsCells create a robust part-to-whole representation of data by lo-

calizing the routing process. Stacking two of these layers, results in creating a deep

representation of data. In addition, combining the output of the first and second

CapsCells ensures that the created capsules include both low-level and high-level in-

formation which results in an increased generalization ability of the network. On the

other hand, the CapsSum layer improves the representation, reduces the number of

parameters, and enhances network speed. We use a CapsSum layer after each 3DR

CapsCell. The combination of 3DR routing and the CapsSum layer in two levels,



55

enables the network to form a multi-level representation of the input image.
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Chapter 5

Evaluation and Results

In this chapter, we provide and elaborate on the results of our works, and we compare

the proposed architectures to the Base-CapsNet. The chapter begins with explaining

the datasets that we use for evaluating networks. Afterwards, we describe the ex-

periment settings, and finally we provide the results for the different networks. The

network test accuracy and number of parameters are reported. To estimate the en-

ergy efficiency 1, the inference time of the networks is also reported. All codes are

provided in Github 2345.

5.1 Datasets

In general, CapsNet does not perform well on large-scale datasets with a high number

of categories such as ImageNet. This is due to the structure of capsules-based net-

works. These networks obtain a tremendously high number of parameters and also be-

1Complex operations such as Softmax which include exponentiation, make it difficult to estimate
the total number of FLoating-Point Operations FLOPs in the network

2QCN: github.com/pouyashiri/Quick-CapsNet.git
3CFC-CapsNet: github.com/pouyashiri/CFC-CapsNet.git
4LE-CapsNet: github.com/pouyashiri/LECapsNet.git
5DL-CapsNet: github.com/pouyashiri/DL-CapsNet.git
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come significantly slow as the number of categories and the image size increases. Here

we test QCN, CFC-CapsNet and LE-CapsNet on certain target datasets, i.e., Fashion-

MNIST (F-MNIST) [40], SVHN [41], CIFAR-10 and CIFAR-100 [42] datasets. We

also test all the networks on the affNIST 6 dataset to check how robust our solu-

tions are against applying affine transformations. Table 5.1 lists the datasets used for

evaluating the performance of our proposed network.

Table 5.1: Dataset specifications

Name Image Size #Channels Training samples Test Samples

F-MNIST 28x28 1 60,000 10,000

SVHN 32x32 3 73,257 26,032

CIFAR-10 32x32 3 50,000 10,000

CIFAR-100 32x32 3 50,000 10,000

affNIST 40x40 1 60,000 320,000

5.1.1 Fashion-MNIST (F-MNIST)

Fashion-MNIST (F-MNIST) [40] is a dataset containing 28x28 grey-scale images of 10

different types of clothing. Some sample images of this dataset are shown in Figure

5.1. This dataset follows the same format as the MNIST dataset 7 [43], however,

the images are more complex in the F-MNIST dataset. There are 50,000 and 10,000

images in the training and testing sets of this dataset, respectively.

6https://www.cs.toronto.edu/ tijmen/affNIST/
7Some networks based on CapsNet keep on reporting results for MNIST. Since Base-CapsNet

obtains 99.61% test accuracy, improving further in this regards is trivial. For other metrics, F-
MNIST and MNIST share the same numbers because they share the same data structure.
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Figure 5.1: Fashion MNIST dataset [3]

5.1.2 SVHN

Street View House Numbers (SVHN) [41] is a dataset obtained from house numbers

using the Google Street View images. The images are small cropped digits and the

dataset includes more than 600,000 RGB images which are 32x32 in size. The most

complex samples are separated as the training and test set as a total of 73,257 and

26,032 images respectively. This dataset is designed to help solve a real world problem

i.e. to recognize the digits and numbers in natural scene images. Sample images from

the dataset are shown in Figure 5.2.
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Figure 5.2: SVHN dataset 8

5.1.3 CIFAR-10 and CIFAR-100

CIFAR-10 dataset includes 32x32 coloured images of 10 different categories including

airplane, automobile, bird, cat, deer, dog, frog, horse, ship and truck. The training

and test sets include 50,000 and 10,000 images respectively. Figure 5.3 shows sample

images from this dataset.

CIFAR-100 dataset is similar to CIFAR-10 in terms of number of images and

image dimensions. However, there are 100 categories. These categories are grouped

into 20 super-classes. Each image has two labels, one corresponding to the super-class

8http://ufldl.stanford.edu/housenumbers/
8https://www.cs.toronto.edu/ kriz/cifar.html
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Figure 5.3: CIFAR-10 dataset 9

and one corresponding to the actual class.

It is noteworthy that testing CIFAR-100 is only possible in DL-CapsNet since the

application of MLCE module makes this network scalable. Following [39], for SVHN,

CIFAR-100 and CIFAR-10 datasets, the input images are resized from 32× 32× 3 to

64×64×3 using bicubic re-sampling, and for the rest of datasets, the original images

are used throughout the experiment. We do the resizing because the images in these

datasets include richer features compared to the F-MNIST dataset.
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5.1.4 affNIST

This dataset is created using the MNIST dataset, such that various reasonable affine

transformations are applied to each sample of this dataset. Figure 5.4 shows some

samples of this dataset. In this process, the 28x28 samples become 40x40 pixels.

There are 32 different transformations applied to the test set of MNIST. Therefore,

the test set contains 320,000 samples. The training set contains every training samples

of MNIST randomly placed on a 40x40 grid.

Figure 5.4: affNIST dataset 10

5.2 Experiment Settings

We use a NVIDIA 2080Ti GPU to run the training sessions. The initial round of

training is run for 100 epochs. All the experiments perform a hard training session

after the initial round of training for another 100 epochs, unless stated otherwise. All

network weights are initialized randomly. Experiments are repeated five times, and

we report the average values. We perform a statistical analysis for the best results
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of each network, to check the reliability of results in terms of the network accuracy.

Choosing the learning rate properly is very important, since choosing a large value

results in overshooting, and smaller values lead to slow convergence. We use the

Adam optimizer with the default learning rate (LR = 0.001). Following [2], we also

use an exponential decay of γ = 0.96 for the learning rate to gradually decrease the

learning rate to avoid getting stuck. The batch size is set to 128.

5.3 General Results

In this section, we provide the network accuracy, network speed (training and test

time), and the number of parameters of the networks we proposed.

5.3.1 Network Accuracy

The networks based on CapsNet could be divided into those with a shallow feature

extractor and a deep one. Three of our solutions i.e. QCN, CFC-CapsNet and LE-

CapsNet, all include a shallow feature extractor, whereas DL-CapsNet and networks

such as DeepCaps includes a multi-layer deep feature extractor.

Table 5.2 shows the network inference accuracy for the networks with a shallow

feature extractor. Our solutions and the best numbers are shown in bold, and the

baseline is shown in the first row. LE-CapsNet obtains the best results on CIFAR-10

and FMNIST. QCN obtains slightly lower accuracy on all datasets, as the focus of

this work has been solely to minimize the number of capsules.

Table 5.3 includes the network inference accuracy for the networks with a deep

feature extractor. Our solutions and the best numbers are shown in bold, and the

baseline is shown in the first row. DL-CapsNet obtains the best results on the CIFAR-

100 dataset, and a very competitive accuracy on other datasets. It is noteworthy that
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only a few networks based on capsules are capable of handling CIFAR-100.

Despite the significant improvements made to the networks based on capsules,

there is still a gap in terms of network accuracy between these networks and the state-

of-the-art CNNs, specially for highly complex datasets such as CIFAR-100. Table 5.4

shows the network accuracy for our VGG19 [15], ResNet [44], DenseNet [45], NAT-M3

[46] and MUXNet-m [47]. DL-CapsNet is shown in the first row as the baseline.

Table 5.2: Network Inference Accuracy, Capsule-Based, Shallow Extractors

Model CIFAR-10 SVHN FMNIST

CapsNet (PyTorch) 71.69% 92.70% 91.37%

HitNet [48] 73.30% 94.50% 92.30%

MS-CapsNet [2] 72.30% 92.68% 92.26%

MLCN [26] 75.18% - 92.63%

QCN8+ [5] 68.17% 88.70% 89.36%

CFC-CapsNet (K=1, D=1) [6] 72.55% 93.19% 92.46%

LE-CapsNet [8] 75.46% 92.72% 92.83%

Table 5.3: Network Inference Accuracy, Capsule-Based, Deep Extractors

Model CIFAR-100 CIFAR-10 SVHN FMNIST

CapsNet (PyTorch) - 71.69% 92.70% 91.37%

DA-CapsNet [35] - 85.47% 94.82% 93.98%

DeepCaps (7-ens) [19] - 92.74% 97.56% 94.73%

DCN-UN MDR [36] 60.56% 90.42% - 93.33%

Gabor CapsNet [37] 68.17% 85.24% - 94.78%

AC-CapsNet [38] 66.09% 92.02% 96.86% -

DL-CapsNet (7-ens) 68.36% 91.29% 97.09% 94.72%

With 68.17% accuracy on the CIFAR-10 dataset, QCN with 8 PCs and the op-

timized decoder (QCN8+) obtains a marginally lower accuracy compare to other

models, because it pushes the network in terms of the training and testing time. CFC-

CapsNet obtains a competitive accuracy of 72.55% on the CIFAR-10 dataset and it
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Table 5.4: Network Inference Accuracy, CNNs vs DL-CapsNet

Model CIFAR-100 CIFAR-10

DL-CapsNet (7-ens) 68.36% 91.29%

NAT-M3 [46] 87.7% 98.20%

MUXNet-m [47] 86.1% 98.0%

ResNet-50 [44] 67.06% 93.05%

VGG-19 [15] 70.03% 93.70%

DenseNet-169 [45] 82.4% 96.40%
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is significantly faster than Base-CapsNet (not as fast as QCN8+). With 75.46% test

accuracy on the CIFAR-10 dataset, LE-CapsNet obtains the highest accuracy among

the networks with shallow feature extractors.

With 68.36% accuracy for the CIFAR-100 dataset, DL-CapsNet obtains the high-

est accuracy among the deep variants of CapsNet. This network obtains highly com-

petitive accuracy for other datasets as well.

There is a slight variation in the network accuracy between training sessions run

on the same network and same configurations for all our proposed network. To

demonstrate this, we perform the training session for the best configuration of each

network 30 times on the CIFAR-10 dataset and we report the maximum, average and

standard deviation of the final network accuracy in table 5.5.

Table 5.5: Statistical analysis for results on CIFAR-10 dataset.

Model Average Maximum SD

QCN8+ [5] 68.38% 69.12% 0.42%

CFC-CapsNet (K=1, D=1) [6] 72.45% 73.41% 0.29%

LE-CapsNet [8] 75.34% 76.73% 0.46%

DL-CapsNet 89.82% 90.67% 0.31%

5.3.2 Capsule Dropout

The capsule dropout layer is tested in all four solutions. Following [2], we have used

0.1 and 0.4 dropout rates. Since there are only few PCs generated in our solutions, it

turned out that the application of this layer is only marginally beneficial in only two

scenarios. In CFC-CapsNet, using a dropout layer with 0.1 rate on the CIFAR-10

dataset, results in an additional boost the accuracy (73.85% compared to 73.15%).
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In LE-CapsNet, the same dropout layer results in improving the test accuracy from

75.75% to 76.73%. For the rest of cases (all other datasets and solutions), the ap-

plication of the dropout layer degrades the network generalization. This is because

there are only few capsules in our solutions, and these capsules cannot be reduced any

further. As a result, we do not recommend using the dropout layers for our networks.

5.3.3 Robustness to Affine Transformations

Being robust to applying affine transformation to the input images, is one of the ad-

vantages of CapsNet over conventional CNNs. Table 5.6 compares how our solutions

perform, compared to the baseline CapsNet, and a traditional convolutional network

with Max-Pooling and Dropout (as reported by Sabour et. al. [1]) 11. Our solutions

and the best numbers are in bold, and the baseline is shown in italic. QCN8+ obtains

the lowest accuracy on this dataset. The motivation behind QCN has been to explore

the possibility of minimizing the number of capsules. CFC-CapsNet improves the

accuracy by nearly 4 percent (compared to 77.15% of CapsNet), and LE-CapsNet is

slightly less robust to affine transformations, but still slightly higher than baseline.

With 96.53%, DL-CapsNet obtains the highest accuracy. The high robustness of this

solutions is due to the application of 3DR CapsCells twice.

11The numbers reported here are different with the ones in the submitted papers for the solutions.
This is because here we have implemented the training set of affNIST dataset ourselves carefully,
and our results for CapsNet are very close with that of Sabour et al. For more information, refer to
the Github codes provided for the solutions.
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Table 5.6: Results for affNIST dataset.

Model Accuracy Parameters

Conventional CNN [1] 66% -

CapsNet (PyTorch) 77.15% 13.47M

QCN8+ [5] 59.48% 19.05M

CFC-CapsNet (K=1, D=1) [6] 81.03% 8.05M

LE-CapsNet [8] 78.58% 6.54M

DL-CapsNet 96.53% 9.3M

5.3.4 Inference Time

To compare the network inference times, the time it takes for each of the proposed

network to perform the inference on the test set of the CIFAR-10 dataset is measured.

Figure 5.5 shows the network inference times. These experiments were run using an

RTX 3090 GPU. As the figure shows, QCN8+ obtains the highest speedup. CFC-

CapsNet obtains the second place with slightly higher time required to perform the

inference. LE-CapsNet requires twice more time compared to QCN8+ because it has

more PCs resulting from a multi-stage feature extractor. Finally, with 13.52 seconds,

DL-CapsNet takes more than twice longer than the base CapsNet and this is due to

the deep sub-network used for extracting features.

The inference times for some state-of-the-art CNNs is also shown in Figure 5.5.

It is noteworthy that these networks are designed for large-scale datasets such as

ImageNet, and the performance on they are not optimized for low-scale datasets such

as CIFAR-10. However, we have included these results to show how our solutions

compete with CNNs.
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Figure 5.5: Network inference time (in seconds) for different networks on the CIFAR-
10 dataset
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5.3.5 Number of parameters

Tables 5.7 shows the number of parameters for capsule-based networks with a shallow

feature extractor. LE-CapsNet obtains the fewest number of parameters. Table 5.8

compares the number of trainable parameters for capsule-based networks with a deep

feature extractors, as well as some of the state-of-the-art CNNs. All the proposed net-

works reduce the number of parameters compared to the baseline (CapsNet). While

there are some capsule-based networks with fewer parameters compared to our pro-

posed solutions, it is noteworthy that our network obtains higher accuracy for those

instances.

Table 5.7: Number of Parameters, Capsule-Based, Shallow Extractors

Model CIFAR-10 FMNIST

CapsNet [1] 11.7M 8.2M

HitNet [48] 8.9M 8.9M

MS-CapsNet [2] 11.2M 10.8M

QCN8+ 9.8M 6.9M

CFC-CapsNet 5.9M 5.7M

LE-CapsNet 3.8M 3.4M
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Table 5.8: Number of Parameters, Capsule-Based with Deep Extractors (top) and
CNNs (bottom)

Model CIFAR-100 CIFAR-10

CapsNet [1] 11.7M 8.2M

DL-CapsNet 11.2M 6.8M

DeepCaps [19] - 13.4M

DCN-UN MDR [36] 4.8M 1.4M

Gabor CapsNet [37] 22.6M 10.4M

AC-CapsNet [38] 4.12M 1.26M

MUXNet-m [47] 7.8M 2.08M

ResNet-50 [44] 23.6 23.6M

VGG-19 [15] 38.9M 38.9M

DenseNet-169 [45] 12.6M 12.6M

5.4 Network-Specific Results

In this section we provide the experiments related to analyzing the parameters of a

single network and how they affect the performance.

5.4.1 Number of Primary Capsules

To investigate the effect of the number of PCs on different aspects of the network, we

changed the number of kernels (the depth) of the second convolutional layer of Base-

CapsNet. We performed these experiments without hard-training on the CIFAR-10

dataset. We choose this number as Nk ∈ {32, 64, 128, 192, 256}. Each output vector
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is 8-dimensional and the size of the feature map is 8x8, so the number of capsules

would be NPC ∈ {256, 512, 1024, 1536, 2048}.

Figure 5.6: CapsNet accuracy for different PC

Figure 5.6 shows how the network test accuracy changes by changing the number

of capsules. As the number of PCs gets higher, its effect on the network accuracy

diminishes. Comparing the third and the last columns (PC=1024 and PC=2048)

shows adding 1024 more capsules, only helps improve the accuracy very marginally.

As Figure 5.7 shows, the number of parameters changes significantly from 11.7M

for 2048 PCs down to 4.8M for 256 PCs.

Finally, Figure 5.8 shows how the network training and testing times change by

varying the number of primary capsules. As this figure shows, the network is six

times faster using 256 PCs compared to the case of 2048 capsules.

Considering the results for the different metrics, it is clear that the number of

capsules plays a significant role in CapsNet. While reducing the number of capsules

makes the network faster and lighter (fewer number of parameters), it drops the

network accuracy and therefore is costly.
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Figure 5.7: Network parameters for different PCs

Figure 5.8: Network time for different PC
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5.4.2 Number of Capsules in QCN

The number of PCs used in QCN affects the network accuracy as well the number

of parameters. Tables 5.10 and 5.9 show the number of parameters and the change

in the network accuracy for all four datasets. As table 5.10 shows, QCN and QCN+

are lighter networks compared to the baseline, as they come with a smaller number

of parameters. Table 5.9 shows that there is loss of accuracy in all cases. This loss is

marginal for some cases. With 8 PCs, QCN and QCN+ achieve the highest accuracy.

In this case, QCN has 2.6% and 7.2% fewer parameters compared to the baseline

for FMNIST and Cifar-10/SVHN, respectively. QCN+ has even fewer number of

parameters as it shows 16.5% reduction for all datasets. QCN+ provides a marginally

better accuracy compared to QCN for almost all cases. This is the result of employing

a powerful decoder. With 8 PCs, QCN and QCN+ lose 1.17% and 1.13% for F-

MNIST. The change of decoder impacts F-MNIST less than CIFAR-10 and SVHN.

This is because the images in F-MNIST are very simple and employ only one channel.

Consequently even the conventional decoder performs well on reconstructing images.

This is different for more complex datasets such as Cifar-10 and SVHN. QCN and

QCN+ show 4.16% and 1.16% accuracy loss on Cifar-10, and 6.45% and 5.22% loss

on SVHN.

Table 5.9: Comparing the accuracy between QCN, QCN+ and the baseline CapsNet.
QCN+ achieves higher accuracy.

Dataset F-MNIST Cifar-10 SVHN

CapsNet(PyTorch) 89.97 68.33 91.42
QCN (4 PCs) 88.63 63.12 84.55

QCN+ (4 PCs) 88.12 65.55 85.34

QCN (6 PCs) 88.99 64.28 85.51

QCN+ (6 PCs) 88.76 66.12 85.01

QCN 8 PCs) 88.80 64.18 84.97

QCN+ (8 PCs) 88.84 67.18 86.20
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Table 5.10: Comparing the number of parameters between QCN, QCN+ and the
baseline CapsNet. QCN+ includes fewer number of parameters.

Dataset F-MNIST Cifar-10 SVHN

CapsNet (PyTorch) 8.21M 11.75M

QCN (4 PCs) 4.71M 8.54M

QCN+ (4 PCs) 3.59M 5.09M

QCN (6 PCs) 6.35M 13.26M

QCN+ (6 PCs) 5.23M 7.45M

QCN (8 PCs) 7.99M 10.90M

QCN+ (8 PCs) 6.87M 9.81M
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(a) CIFAR-10 Accuracy (b) FMNIST Accuracy

Figure 5.9: CFC-CapsNet accuracy for different K and D

5.4.3 Parameter Exploration for CFC Layer

In this section we investigate using different values for the parameters of the CFC

layer: D and K. We choose D ∈ {8, 16, 32} and K ∈ {1, 2, 3}. We test the different

parameters on the FMNIST and CIFAR-10 datasets and report network accuracy,

the number of parameters and the inference time. We skip the SVHN dataset due to

its similarity in structure and complexity to the CIFAR-10 dataset.

For the experiments of this section, we do not perform hard training. This is

because for each parameter setting, the network is trained for 100 epochs in the

normal training session and the training loss is converged. This makes it fair to

compare how the different choice of parameters affect the network without using the

hard training.

As Figure 5.9 shows, for the FMNIST dataset there is not much difference in

accuracy for different choices of K and D. For the CIFAR-10 dataset, K = 1 is the

best choice. For this choice, both D = 8 and D = 16 achieve competitive results.

The impact of K and D on the number of parameters is reported in Figure 5.10.

For both datasets higher Ks result in a higher number of parameters. This is due to

the enlargement of each FC layer as K grows. In addition as D increases, the number

of parameters increases as well. The higher dimensionality the capsules have, the
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(a) CIFAR-10 number of parameters (b) FMNIST number of parameters

Figure 5.10: CFC-CapsNet parameters for different K and D
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(a) CIFAR-10 inference time (b) FMNIST inference time

Figure 5.11: CFC-CapsNet inference time for different K and D

heavier the matrix multiplication process would be.

There is a slight change in the network inference time resulting from changing the

values of D and K. Increasing K, leads to a network with fewer number of capsules.

Consequently, it takes less time for the DR algorithm and the network becomes faster.

However, increasing D slows down the network due to an increase in the complexity

of the matrix multiplication process.

Considering the influences of the parameters K and D on the different aspects of

the network’s performance, we select K = 1 and D = 8 as the default values for the

CFC layer. This choice achieves the minimum number of parameters while providing

a competitive accuracy at the cost of a marginally lower speed.
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Chapter 6

Conclusion

Sabour et al. introduced Capsule Network (CapsNet) [1] as the new generation of

classifiers with several advantages over traditional Convolutional Neural Networks

(CNNs). CapsNet is more robust to applying affine transformations to the input

images. It also detects images with overlapping categories easier than CNNs. CapsNet

offers competitive accuracy showing promising results on small-scale datasets such as

MNIST [43] and Fashion-MNIST [40]. On more complex datasets such as CIFAR-

10 and CIFAR-100 [42], however, the results are not comparable to state-of-the-art

CNN-based networks. Since CapsNet was introduced, there have been several works

aiming at facilitating supporting datasets with a high number of categories.

In our first work, QCN, we improved the CapsNet’s network speed by modifying

the architecture. QCN spends significantly less time in training and testing. QCN

comes with a slight drop in the testing accuracy. QCN is equipped with a more more

robust decoder compared to Base-CapsNet which has fewer parameters.

Our second work, CFC-CapsNet, enhances CapsNet by integrating a new layer

called the CFC layer which is responsible for translating the low-level extracted fea-

tures into capsules. This approach results in fewer parameters, faster training and



79

inference and a slight increase in the network test accuracy. CFC-CapsNet achieves

50% fewer parameters, 4x faster inference and 2.16% increase in the network accuracy

on the CIFAR-10 dataset.

Our third work, LE-CapsNet, serves as a novel and resource-aware variant of

CapsNet. This network includes a specialized feature extractor consisting of multiple

scales. It also integrates a capsule translation module to produce capsules out of

the extracted features. This implementation achieves a higher accuracy using fewer

capsules and significantly fewer weights. On the CIFAR-10 dataset, LE-CapsNet

improves accuracy from 71.69% up to 77.21% while reducing the number of weights

by 67%. The network is also 4 times faster during the inference.

Our last network DL-CapsNet achieves competitive performance compared to the

state-of-the-art CapsNet-based networks. To address the issue of high number of

parameters, the network introduces the CapsSum layer to reduce the number of gen-

erated capsules. Despite the deep structure of the network, DL-CapsNet is a light

network while maintaining a competitive inference accuracy. This is achieved by the

MLCE module, as it generates only a few robust capsules. Using a 7-ensemble model,

DL-CapsNet achieves a competitive accuracy of 91.29% for the CIFAR-10 dataset us-

ing 6.79M parameters. With 68.36% test accuracy for CIFAR-100, DL-CapsNet is

among the few variants of CapsNet that performs well on complex datasets with a

high number of categories.
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