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Summary

The great success of deep neural networks on visual recognition has inspired numer-
ous real-world applications. However, such superior performance is closely related
to model complexity and the amount of annotated data. Over-deepened networks
and lack of data annotation will degrade generalization capability of the model as
over-fitting problems arise. In this thesis, the focus is on extracting robust semantic
features in image data by alleviating over-fitting problems under different learning

frameworks.

For the first work in this thesis, the over-fitting problem of Extreme Learning Ma-
chine (ELM) classifier when combined with convolutional neural network (CNN)
for supervised learning is studied. To remedy the over-fitting issue while still uti-
lizing excellent feature extraction capability of deep neural network, a novel deep
and wide feature based ELM (DW-ELM) is proposed by employing wide architec-
ture design of residual networks (ResNets) for feature extraction. The empirical
study has demonstrated that when combined with ELM that serves as a classi-
fier, using wide ResNets (WRNs) for feature extraction can greatly compress the
generalization gap. Extensive experiments on five visual benchmark datasets have
shown that the proposed DW-ELM is able to boost and stabilize the generalization
capability of the original backbone CNN model to a great extent.

For the second work in this thesis, scarce annotation problem of semi-supervised
learning is studied. Label propagation is commonly utilized to provide information
flow from labeled data to unlabeled data as an transductive learning algorithm for
pseudo-labeling purpose. Two limitations of previous algorithms that ultimately
lead to noisy and incomplete information flow are addressed in this thesis. The first
limitation is that the learned feature mapping is highly likely to be biased and can
easily over-fit noise as only labeled data are used for feature learning. The second
limitation is the loss of local geometry information in feature space during label
propagation. This thesis proposes a novel algorithm to alleviate the above men-

tioned issues by incorporating self-supervised learning into feature learning phase

XV
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and utilizing reconstruction concept to preserve local geometry. Extensive experi-
ments conducted on three visual benchmark datasets have verified the effectiveness
of the proposed algorithm and the empirical results show that the proposed algo-
rithm consistently outperforms most of the state-of-the-art semi-supervised learn-

ing algorithms.

For the third work in this thesis, the focus is on novel visual categories learning,
which is a clustering problem with certain prior knowledge. The task can also
be considered as a special type of semi-supervised learning where the categories of
unlabeled data and labeled data are disjoint from each other. The main challenge is
how to effectively leverage knowledge in labeled data to unlabeled data when they
are independent from each other, and not belonging to the same set of categories.
Two issues commonly inherent in previous algorithms: 1) All of previous algorithms
are comprised of multiple training phases, which makes it difficult to train the
model in an end-to-end fashion. 2) Strong dependence on the quality of pairwise
similarity pseudo labels limits the performance as pseudo labels are vulnerable to
noise and bias. This thesis proposes an end-to-end novel visual categories learning
algorithm via auxiliary self-supervision tasks, such that labeled data and unlabeled
data will share the same set of surrogate labels and overall supervising signals can
have strong regularization. Moreover, local structure information in feature space is
utilized for pairwise pseudo label construction as local properties are more robust to
noise. Experiments conducted on three visual benchmark datasets have indicated
the effectiveness of the proposed algorithms and new state-of-the-art performances

have been achieved.

Overall, this thesis discussed the over-fitting problem of deep learning-based feature
learning in visual understanding from two perspectives : 1) Over-fitting problem
of supervised learning due to network architecture. 2) Over-fitting problem in

semi-supervised and unsupervised learning due to the lack of data annotation.
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Chapter 1

Introduction

Chapter 1 briefly introduces main topic of this thesis, i.e. over-fitting problems of
deep learning-based feature learning in visual understanding. Research background
and motivations are discussed in Section 1.1. Research objectives and main contri-

butions are presented in Section 1.2. Section 1.3 summarizes the overall structure

of this thesis.



Chapter 1. Introduction 2

1.1 Background and Motivation

Deep learning has achieved great success on visual recognition in recent years. Two
crucial components determine the ultimate performance: network architecture and

data.

With increasing demand for neural network model on complex visual tasks, struc-
ture of the model becomes more complicated. Depth of the neural network is a
very important network dimension to determine model’s ability. Generally, the
deeper the network, the better expressivity or representation capability the model
will have [1]. As the result, neural networks become deeper and depth of the model
grows from several layers [2| to over hundreds of layers [3|. Exceptional feature ex-
tracting capability of deep CNN model has attracted researchers to combine CNN
and powerful classifier, e.g. ELM classifier, to further boost the overall perfor-
mance [4]-[7]. Extreme Learning Machine (ELM) [8] is a variant of single-layer
feedforward neural networks (SLFNs) with randomly assigned and fixed neurons
between the input and hidden layer. As a robust classifier with fast training speed
and very little human intervention, ELM classifier is a preferable option to replace
the fully-connected layer in CNN model to do classification. However, features ex-
tracted from over-deepened CNN model may suffer from severe over-fitting problem
when fed into an ELM classifier, which is seldom addressed by previous research

works.

While the main focus has been placed on depth of the network for quite a long
time, some research works [9]-[12] also explored the importance of another network
dimension: width of model. Width of the network means the number of neurons or
the number of kernels for convolutional neural network at each layer. By increasing
the width of neural network, more features at each layer can be learned such that
representational ability of the model can be enhanced. Wider networks are shown to
demonstrate better generalization ability in several empirical studies [9], [11], [13],
[14]. Moreover, extra computation arising from larger width (more feature maps
at each layer) will be in favor of GPU as computation in the same layer can be
done in parallel. Therefore, wider neural networks exhibit superior computational
efficiency to the deeper ones, whose structure is more apt to a sequential manner.
Inspired by such favorable property of wide neural networks, this thesis explores

the wide architecture design of CNN model as feature extractor for ELM classifier.
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While the network architecture is growing more and more complex, the corre-
sponding training data are more demanding than ever before. To be more specific,
the superior performance of deep models heavily relies on large amount of anno-
tated data, which can be expensive, time-consuming and impractical for real-world
applications [15]. Semi-supervised learning [16] is utilized to alleviate the strong
dependence of data annotation by exploiting structure information in unlabeled
data. The nature of semi-supervised learning determines that over-fitting on la-
beled data is unavoidable under such learning framework. Therefore, how to allevi-
ate the problem such that meaningful information of labeled data can be leveraged
to unlabeled data is important to improve the algorithm. Two different scenarios
of scarce data annotation problem are studied in this thesis. The first one is the
standard semi-supervised learning where a common assumption is adopted, i.e.,
there is always labeled data from the same class of unlabeled data. The second one
is more like a clustering task on unlabeled data as the assumption adopted is that

the categories of unlabeled data and labeled data are disjoint from each other.

Self-supervised learning is one prominent direction in deep learning for image recog-
nition tasks in recent years [17]-[20], which is largely due to its good generaliza-
tion. Pretext task replaces the role of ground-truth label to provide supervision
signal, e.g. colorization, solving jigsaw puzzles, and predicting rotations. As no
ground-truth label information is required, self-supervised learning is applicable to
all data no matter whether labeled or not. Such property of self-supervised learn-
ing is desirable for semi-supervised learning to counter over-fitting problems as
extra supervising signal can provide strong regularization. Moreover, as local data
geometry /structure information has been observed to be beneficial for manifold
learning [21]-[23], it is promising to further study its application in low-dimension
feature space for complex visual tasks such that more robust model can be learned.
Therefore, this thesis investigates the use of self-supervised learning together with
local data geometry information in semantic feature learning when data annotation

1S scarce.
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1.2 Objectives and Contributions

The objectives of this thesis are defined as follows:

1. To alleviate over-fitting problem of ELM classifier for image classification
while still utilizing the preferable feature extraction capability of deep neural

neural networks.

2. To better leverage the knowledge in labeled data to unlabeled data when

data annotation is scarce for visual recognition.

The contributions of this thesis to achieve the objectives are presented in the fol-

lowing part.

To achieve objective 1, a novel deep and wide feature based Extreme Learning
Machine (DW-ELM) taking advantages from ELM classifier and "widened" con-
volutional neural networks is proposed in the first work. By taking advantage of
wide architecture design of CNN model, over-fitting problem of ELM classifier can
be largely alleviated and meanwhile the preferable feature extraction capability of
deep neural networks can also be exploited. Experiment results has demonstrated
that the generalization performance of the proposed DW-ELM is stable and effec-
tive. Moreover, the effect of width and depth of CNN model as a feature extractor
on ELM classifier for image classification is explored. Insights that CNN model
as a feature extractor for ELM image classifier should be deep and also wide are

given. This work has been published in a journal, with details given as follows:

e Yuanyuan Qing, Yijie Zeng, Yue Li, and Guang-Bin Huang, “Deep and wide
feature based extreme learning machine for image classification”, en, Neuro-
computing, vol. 412, pp. 426-436, Oct. 2020. DOI: 10.1016/j .neucom.2020.
06.110

To achieve objective 2, two works has been conducted for different tasks.

The assumption adopted in the second work is that labeled data and unlabeled
data belong to the same set of categories. A mnovel transductive pseudo-labeling
based algorithm for deep semi-supervised image classification is proposed in the

second work. The pseudo label construction of unlabeled data is performed by


https://doi.org/10.1016/j.neucom.2020.06.110
https://doi.org/10.1016/j.neucom.2020.06.110
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label propagation, which propagates label information in latent feature space via
similarity graph. Self-supervised learning is incorporated into the feature extrac-
tion phase such that limitations of scarce ground-truth label information, i.e., the
learned feature mapping is highly likely to over-fit noise, can be avoided and cleaner
information flow in subsequent label propagation is achieved. Moreover, local ge-
ometry information of data in feature space is preserved via reconstructing feature
vector by its neighbors to build similarity graph. Experiment results have verified
the effectiveness of the proposed algorithm and the results show that the proposed
algorithm consistently outperforms most of the state-of-the-art semi-supervised
learning methods under the same network architecture. This work has been sub-

mitted to a journal, with details given as follows:

e Yuanyuan Qing, Yijie Zeng, and Guang-Bin Huang, “Label propagation via
local geometry preserving for deep semi-supervised image recognition”, Neural
Networks, 2020, Under review

The assumption adopted in the third work is that labeled data and unlabeled data
belong to disjoint categories. Different from the second work, pairwise similarity
pseudo labels are constructed for unlabeled data. An end-to-end novel visual cate-
gories learning algorithm is proposed in the third work by utilizing self-supervision
signals simultaneously with pairwise similarity information. By doing so, the la-
beled data and unlabeled data will share the same set of surrogate labels and
strong regularization can be imposed in the overall supervising signals. Further-
more, robust local structure properties in noisy feature space are enforced for the
construction of pairwise similarity pseudo labels to capture data relationship more
accurately. Experiment results have demonstrated the effectiveness of the proposed
design of the algorithm and it has been observed that the proposed algorithm has
outperformed other state-of-the-art methods. This work has been submitted to a

journal, with details given as follows:

e Yuanyuan Qing, Yijie Zeng, Qi Cao, and Guang-Bin Huang, “End-to-end
novel visual categories learning via auxiliary self-supervision”, Neural Net-
works, vol. 139, pp. 24-32, 2021
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1.3 Thesis Organization
The remainder of this thesis is organized as follows:

e Chapter 2 gives an extensive review for related works, including ELM algo-
rithm, WRNSs, deep semi-supervised learning for visual tasks, self-supervised

learning and novel visual categories learning.

e Chapter 3 explores the effect of width and depth of CNN model as a feature
extractor on ELM classifier and presents the proposed deep and wide feature
based extreme learning machine (DW-ELM) algorithm for image classifica-

tion.

e Chapter 4 explores the use of self-supervised learning to counter over-fitting
problems due to lack of data annotation and presents the proposed label
propagation algorithm via local geometry preserving for deep semi-supervised

image recognition.

e Chapter 5 explores end-to-end training for novel visual categories learning
and presents the proposed algorithm where auxiliary self-supervision task is

exploited to impose strong regularization constraint.

e Chapter 6 concludes this thesis and discusses future research directions.



Chapter 2

Literature Review

Chapter 2 gives an extensive literature review of related works. Extreme Learn-
ing Machine (ELM) and wide ResNets (WRNs) are reviewed in Section 2.1 and
Section 2.2 respectively. Previous state-of-the-art deep semi-supervised learning
algorithms for visual tasks are presented in Section 2.3. Lastly, introductions of
self-supervised learning and novel visual categories learning are given in Section 2.4

and Section 2.5 respectively.
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2.1 Extreme Learning Machine

2.1.1 Basic ELM Algorithm

Extreme Learning Machines (ELM) [8] , introduced by Huang et al. in 2005, is
an algorithm for single-hidden layer feed forward neural networks (SLFNs). This
algorithm adopts random hidden nodes and calculates the output mapping analyt-
ically under optimization constraints. A typical single-hidden layer feed forward

neural network (SLFN) is shown in Figure 2.1.

Hidden Layer
1
Input Output
X/ (2
[
® [
Xj ° i °
O\
X (2
L

FI1GURE 2.1: Single-hidden Layer Feed Forward Neural Network

The input x is assumed to be of dimension d and there are L hidden nodes. The

output function of a typical addictive hidden node ¢ can be expressed as:
gi =G (a;,b;,x) =g(a,-x+b),a, € R b, € R (2.1)

where a;, b; are the weight and bias of hidden node 7 respectively. The activation

function g can take different kinds of form, such as:
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1. sigmoid function:
1

T 1+exp(—(ai-x+b))

9i (2.2)

2. hard-limit function:

9i = (2.3)

0 otherwise

3. Gaussian function:
gi = exp (=bi||[x — ay[|*) (2.4)

4. multiquadric function:

gi =/ (l1x — ail |2 + 12) (2.5)

The final output of this SLFN then can be expressed as:

L L
fr(x) = Zﬁz‘gi(x) = Z/BiG (a;, bi, x) (2.6)
i=1 i=1
where 3; is the output weight for hidden node i. For N samples (x;,t;) € RYxR™,

the output of the network can be written as:
L L
Oj :Z’Blgl (Xj) :ZBiG(ai,bi,xj),j: 1,...,N (27)
i=1 i=1

According to the interpolation theorem [24], for N distinct samples (x;,t;) € R¢ x
R™, there exists a;, b; and 3; such that the approximation error of this SLFN is
zero, which means that

oj=t;,j=1...,N (2.8)

if L = N. After rewriting the above equations in a more compact matrix form,
they become to
HB=T (2.9)
h (x1) G(a;,b,x1) ... G(ap,br,xq)
H= : = : : : (2.10)
h (xy) G(ay, by, xy) - G(ap,br,xy)
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where
B t tir 0 tim
8= : and T = : = : : : (2.11)

T tT t R
BL Lxm N Nxm N1 Nm

However, in most cases, the number of hidden nodes is much smaller than the
number of training samples, i.e., L < N or even . < N. Then, in order to

minimize the error function, the aim of ELM is to find the optimal [/3\ such that

-~

B = argmin|HB — T|| (2.12)
B
Then the optimal value of ﬁ can be directly calculated by least-square solution:
B =HIT (2.13)

where H' is the Moore-Penrose generalized inverse of matrix H.

The overall basic ELM algorithm is summarized in Algorithm 1.

Algorithm 1 Basic ELM algorithm
1: Input: N training samples (x;,t;) € R x R™
: for i< 1to L do

W N

randomly generate parameters a; € R? b; € R for hidden node i
calculate the output function H of hidden nodes according to Equation (2.10)
calculate the hidden node mapping matrix 3 < HT
the final network mapping function f(x) < h(x)3

Output: The input to output mapping function f : R¢ — R™

2.1.2 Regularized ELM Algorithm

According to Equation (2.13), H is required to calculate the hidden node mapping

matrix. H' can be calculated by orthogonal projection formula:

H' = (H'H)"'H” (2.14)
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or
H' = H'(HH")™! (2.15)

if (HTH) is non-singular in Equation (2.14) or (HH”) is non-singular in Equation
(2.15).

According to ridge regression (Tikhonov regularization), to improve the stability
and reliability of the matrix inverse calculation, a positive bias term % can be added
in the calculation of H. Then the resulting calculated hidden node mapping matrix
B will be:

-1
8= (HTH + ;) H'T (2.16)
or 1
B=HT (HHT + ;) T (2.17)

Equation (2.16) and (2.17) are actually proved by Huang et al. [25] that these two

equations are equivalent to find the optimal value of B that minimizes:
IHAB — T|* + Al|B]* (2.18)

The additional term A||3||? will compress the norm of the weights in hidden node
mapping and therefore a better generalization performance can be expected.

Then the regularized basic ELM algorithm is summarized in Algorithm 2.

Algorithm 2 Regularized Basic ELM algorithm

Input: N training samples (x;,t;) € R x R™
for i < 1to L do
randomly generate parameters a; € R? b; € R for hidden node i
calculate the output function H of hidden nodes according to Equation (2.10)
calculate the hidden node mapping matrix:

HH+DHT'H'T ifL<N
/6 < 1\—1 .
H” (HHT + X) T otherwise
6: the final network mapping function f(x) < h(x)3
7: Output: The input to output mapping function f : R — R™

Apart from the basic ELM, there are many ELM variants: kernel-based ELM [25],
fully complex ELM [26], on-line sequential ELM [27], and ELM based Auto En-
coder [28]. ELM is widely applied in both supervised and unsupervised learning,
such as classification [25], [29], [30], feature learning [31], [32] and clustering [33].
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As ELM doesn’t need any tuning in the hidden layer, which avoids spending a large
amount of time and computational resources on iterative gradient-based learning,
training speed of ELM can be extremely fast. Moreover, compared with other
frequently-used classifiers, such as support-vector machines (SVM) [34], ELM re-
quires less human intervention while being able to provide a comparable or even

better generalization capability [8], [25], [29].
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2.2 Wide Residual Networks

2.2.1 Residual Network

Convolutional neural network model is extensively applied in the field of visual
imagery as the spatial information of image can be preserved by CNN model.
Compared with traditional multi-layer neural networks, CNN model greatly reduces
the number of parameters due to the use of pooling layers, shared weights of filters
and the local connectivity of convolution. For CNN model, compared with shallow
features extracted in the superficial layers, features extracted in deeper layers are
more complex and abstract, which make the network feasible for complicated tasks.
By increasing the depth of network, the model is expected to learn more latent and

abstract features, thus a better feature representation can be achieved.

FIGURE 2.2: Feature extracted by VGG-16 at different layers

As shown in Figure 2.2, the feature maps of the original dog picture extracted by a
pre-trained VGG-16 [35] model in different layers are compared. Figure 2.2b shows
the feature maps in shallow layers, and Figure 2.2c shows the feature maps in deep
layers. The difference between high-level information (features in deep layers)
and low-level information (features in shallow layers) is obvious. The abstract
feature extraction capability of deep CNN models makes the networks feasible for

complicated tasks, such as to classify whether the image is a dog or cat.

Figure 2.3 shows a general three-layer feed-forward neural network. The output of

such network can be expressed as:

fl = CL(X[,W[) (219)
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hidden layer 1 hidden layer 2

output

F1GURE 2.3: Three-layer Feed Forward Neural Network

where f;, a, x; and W, are the output, activation function, input and weight matrix

for [-th layer. To calculate the gradient of weights, chain rule is used:

0Loss  0Loss 0f30fy 0f1
A — i 2.2
o own dfs Ofy 0f1 Oun (2.20)

where w, is a weight parameter from input layer to hidden layer 1.

Form Equation (2.20) it can be observed that with more and more hidden layers,
the right-hand side of the equation will have more terms like g—fc:, g—ﬁ, and %.
And such derivatives are actually the gradients of the activation function used at
each layer. If the derivative value is smaller than 1, then the final multiplication
result of many small values will be extremely small such that the weight cannot
learn anything from the back-propagation process. This is the gradient vanish-
ing problem, which causes immense difficulty on training deep neural networks,

including deep CNN models.

There are many alternatives to try to alleviate this problem. One approach is to
use an activation function such that the gradient will never be smaller than 1.
ReLU (rectified linear unit) function was firstly introduced in 2011 [36] to meet

this requirement:
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a(x) = max(0, ) (2.21)

4 -

3_
X2
©

1 n

O_

-4 -2 0 2 4
X

FIGURE 2.4: Rectified linear unit function

For positive value of x, the derivative will always be 1, which avoids gradient van-
ishing problem to a large extent. Another notable approach is the use of Batch
Normalization (BN) introduced in 2015 [37]. The commonly used normalization
was only for the input layer, where the input data will be normalized to have zero
mean and a unit variance. Such pre-processing can help to accelerate the training
convergence [38]. Inspired by this idea, the batch normalization method regards
all the outputs from every intermediate layer as the inputs for the subnetworks
consisting of the subsequent layers and normalization is performed for all of them
before next layer’s non-linear activation function. After such normalization, the
input data for all layers in the network will have the same zero mean, unit vari-
ance normal distribution, which can help the activation function to respond more
sensitively to the input data, therefore the resulting calculated gradients will stay

at a relatively high level.

Techniques such as ReLU [36] and Batch Normalization (BN) [37] have successfully
alleviated the problem of gradient vanishing when the network is getting deeper.
However, the degradation problem, i.e., optimization difficulty in deep network,
comes up with growing number of layers. Therefore, He et al. [3| have proposed

the idea that instead of learning the original underlying mapping #(x), the residual
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mapping F(x) := H(x)—x should be easier to optimize. Then the network actually

becomes: F(x)+ x, which can be achieved by the use of shortcut connection [39].

X

weight layer

ReLU

weight layer

F(x)

+
ReLU

FIGURE 2.5: Residual Unit in ResNet

Figure 2.5 shows the shortcut connection that bypasses two layers. The shortcut
connection can be identity mapping or projection of the input x, and the number of
layers bypassed can be two, three or even more. By making use of this connection,
what is desired for the two layers to learn is no longer the original mapping H(x),

the residual function F(x) := H(x) — x is expected and now let H(x) = F(x) + x.

In later experiments [3|, it has been proved that such residual network will not
experience the degradation problem and it can gain significant performance im-
provement on multiple tasks and datasets by stacking more layers to it. ResNets
have successfully solved the degradation problem and therefore the depth of the
neural network can be increased without concerning the degradation problem. As a
result, extremely deep neural networks become possible and the proposed 152-layer
ResNet, whose depth is eight times of VGG, has achieved very successful results

on multiple competitions [3].

2.2.2 Wide Residual Networks

From LeNet-5 [2| to AlexNet [40], VGG [41] and ResNet [3], neural network archi-
tecture is growing deeper and deeper. For an extreme case, the depth of ResNet
can even be increased to more than one thousand layers. The motivation behind
all above-mentioned designs is to overcome obstacles when stacking more layers to

the model such that a very deep neural network can be better trained. When the
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community is digging into the effect of depth on model performance, the wide ver-
sion of residual network proposed in [11] explored a different approach to improve
feature representation capability of the model. Although increasing the width of
network will result in quadratic growth of parameters while only linear growth for
increasing the depth, wider network structure is more practically favorable as GPU
is more adept at parallel computing, which makes it better utilized in the training
of wide networks than deep networks. The empirical studies in [11] have shown
that a wide residual network can achieve a better generalization performance and
much more faster training speed than the original thin and deep model. Experi-
ment results of WRN and ResNets on CIFAR datasets are shown in Table 2.1. In
addition, several research works [9], [13], [14] further studied the effect of width on

model generalization and suggested that wider networks can generalize better.

TABLE 2.1: Testing Accuracy of WRN and ResNets on CIFAR datasets (%)

model depth CIFAR-10 CIFAR-100

110 93.57 74.84
ResNet 3] 1202 92.07 72.18

110 93.63 -
Preact-ResNet|42] 164  94.54 75.67

1001 95.08 77.29
WRN(10 times wider)[11] 28 96.00 80.75

Feature extraction and classification are key components to tackle most computer
vision tasks and neither is dispensable. A powerful classifier is able to well discrim-
inate the features of data while the quality of feature largely depends on feature
extractor. Convolutional neural network model has achieved great success due to
its exceptional feature extracting ability and since then the community seldom
keeps an eye on classifier. Conventional classifier used in most neural networks is
one fully-connected layer, which is handicapped by suboptimal problem brought by
back-propagation and limited classification capability. Even though some research
works [43], [44] tried to boost the overall performance by combining CNN and SVM
classifier, the required hyper-parameter tuning of SVM is time-consuming. ELM,
as a robust classifier with fast training speed and very little human intervention,
turns out to be more preferable. Therefore, several works [4]-[7] that attempted
to utilize the superiority of ELM classifier and CNN models were done. However,
most of them are just limited to a specific application and requiring special algo-

rithm design to achieve good results. As a result, the over-fitting problem of ELM
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classifier when combined with deep CNN model as feature extractor is seldom ob-
served. In the first work of this thesis, such over-fitting issue is well addressed by
evaluating the generalization capability of “widened” convolutional neural networks

as feature extractor for ELM classifier.
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2.3 Deep Semi-Supervised Learning

For deep semi-supervised learning in visual recognition, most of the algorithms fall

into a common framework, which can be described by:

loss = Lx, + \Lx, (2.22)

where Lx, and Lx, represent the loss relating to labeled data and unlabeled data
respectively, and the coefficient A controls the relative importance between them.
L x, commonly takes the form of cross-entropy loss between network prediction and
the ground truth label for labeled data, same as what would be done in supervised
learning, while Lx,, which is used to explore useful structure information in the
large amount of unlabeled data, may be of various forms. Therefore, starting from
this equation, two branches of research work will be discussed: one is focusing on
expanding the applicable scope of Lx,, i.e., produce pseudo labels for unlabeled
data such that semi-supervised learning can be transformed to virtual supervised
learning; another one is to make use of the smoothness assumption [16], [45] to

impose consistency-based constraints on unlabeled data.

2.3.1 Consistency-based Algorithms

According to smoothness assumption, the outputs of mapping function f(z;) and
f(z;) should be close to each other if the input data x; and x; are close. Therefore,
the input data are assumed to lie on a smooth enough surface such that the predic-
tion of data after applied with a small perturbation should not change too much.
Consistency-based algorithms aim to learn a model robust to such perturbations
by minimizing the difference between model predictions of original data and the
data after perturbation. Such difference can be calculated in different forms, e.g.,
KL-divergence [46], [47] and mean square error [48]-[52]. Algorithms under this
category mainly vary in the way how perturbation is created and imposed to the

data.

As shown in Figure 2.6, X, refers to unlabeled data after perturbation. The Ly,

measures the difference between the network predictions yx, and yg . The loss
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Lx, =loss(§x,,95 )
ConvNet “

X——— Lx, =loss(Jx,,Yx,)

FIGURE 2.6: Consistency-based Semi-Supervised Learning Algorithm

function of Lx, can be KL-divergence:

Dy (Ux.|1U5,) Z U, log( Ai (2.23)

or MSE:
MSE(jx,.7z,) leyx — x| (2.24)

According to [51], MSE is a stronger requirement than KL divergence for semi-

supervised learning.

2.3.1.1 II-Model & Temporal Ensemble

II-Model [51] measures the difference between the predictions of the same data
by the same network at each iteration, and the perturbation is given by random
dropout and randomness in data augmentation (e.g., random translation) when
the same data passes the network twice. Temporal Ensemble [51] measures the dif-
ference between the current prediction of data and the exponential moving average

prediction of the same data in the past.

2.3.1.2 Mean Teacher

Mean Teacher proposed in [52| is mainly inspired by Temporal Ensemble in [51].
Instead of accumulating the past network predictions, Mean Teacher applies ex-
ponential moving average (EMA) on the network parameters during the training
process so that the EMA model can be updated after each iteration, which is much

faster than updating after each epoch in Temporal Ensemble. Therefore, Mean
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Teacher model imposes the consistency constraint by minimizing the difference

between the predictions of the current network and the EMA model.

2.3.1.3 Virtual Adversarial Training

Random perturbation such as Gaussian noise and random dropout is effective to
smooth the data manifold, but it has been found that the learned model will
be sensitive to changes in specific directions, i.e., the adversarial direction [53].
Therefore, the adversarial training is proposed in [53] to alleviate such problem by
adding the adversarial perturbation to the input for supervised learning. Inspired
by this work, VAT proposed in [46] applies the adversarial training for unlabeled
data by approximating the virtual label with the current network prediction, such

that it can be applied for semi-supervised learning.

Besides the above research works, there are many other semi-supervised learning
algorithms have also achieved great progress by making use of the consistency con-
straints. ICT [48] makes use of the argumentation algorithm Mixup on unlabeled
data and minimizes the difference between the model prediction of the mixed data
and the mixed prediction of the original data. VAdV proposed in [50] follows the
same philosophy in VAT, but shifts the focus to network dropout that can influence
the model prediction the most. Fast-SWA [54| further analyzes consistency-based
algorithms and proposes to average model weights along SGD trajectory in order

to alleviate diversity problems during late stage of training.

2.3.2 Pseudo-Labeling

As the main issue for semi-supervised learning is the lack of labels, a natural idea
will be to assign pseudo labels to unlabeled data based on labeled data information
and then transform the problem into a supervised learning scenario. Therefore the
effectiveness of such algorithms primarily depends on the quality of pseudo labels.
The main difference among algorithms in this category lies in how labeled data

information is utilized to create pseudo labels.

As shown in Figure 2.7, px, refers to pseudo labels for unlabeled data. The use
of px, is similar with yx,, i.e., the ground-truth labels for X;. Therefore, the loss

function commonly taken by Ly, is cross-entropy loss:
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Xy———> ACXu = loss(QXu 7pXu)
ConvNet )
X— Lx, =loss(jx,,yx;)

FI1GURE 2.7: Pseudo-Labeling based Semi-Supervised Learning Algorithm

H(yx,,px.) = — pru log(¥x.,) (2.25)
X

2.3.2.1 Pseudo Labels from Network

Algorithms under this category utilize labeled data information in an indirect way
to infer pseudo labels. Pseudo-Label proposed in [55] trains a classifier with labeled
data first and then assigns the current network prediction as the target label for
unlabeled data to calculate cross-entropy loss, which is similar with the idea of
entropy minimization [56], i.e., to encourage the model to give predictions with
high confidence. [57] adds additional contrastive constraints on top of pseudo labels
produced by the current network and similar idea is used in [58] to regularize
the feature space. From empirical results in [59], the quality of pseudo labels
inferred from network is suboptimal compared with transductive inference results
performed in latent feature space. The reason behind such gap is believed to be
the indirect information flow from labeled data to unlabeled data, which causes
the trained model much more vulnerable to noise and information loss as noise is
highly possible to be learned by the classifier (over-fitting problem) and meaningful

feature information will be missed.

2.3.2.2 Pseudo Labels from Transductive Inference

Algorithms under this category utilize labeled data information in a direct way
to infer pseudo labels by explicitly exploring the relationship between labeled and
unlabeled data. Transductive learning aims to given predictions for specific data
points, which is different from inductive learning whose purpose is to study a gen-

eral rule such that new unseen data points can be predicted. Algorithms under
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this category are non-parametric and the training data will be needed during in-
ference stage. Graph-based learning is commonly used and often termed as label
propagation [60]. The framework of label propagation is to construct a graph to
characterize the similarity between data points first and then propagate the label
information from labeled data to unlabeled data based on the graph. Traditional
algorithms [60]-[62] construct the graph in data space and the graph will not change
or update once it has been calculated. [59] proposed to combine traditional label
propagation and deep learning in an iterative learning manner. Instead of measur-
ing the similarity in noisy data space, [59] performs label propagation in feature

space trained with labeled data and updates the similarity graph during training.

As shown in [57], [59], pseudo-labeling based algorithms can be combined with
consistency-based algorithms to further boost model performance, indicating the
two branches of research work are complementary to each other. The algorithm
proposed in the second work of this thesis falls into the category of pseudo la-
beling via transductive inference, where similar philosophy in [59] is applied, i.e.,
to perform label propagation in feature space and keep similarity graph updated.
The proposed algorithm differs from [59] in two major aspects: feature extraction
scheme and similarity graph construction algorithm, which will be discussed in

detail in Chapter 4.
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2.4 Self-Supervised Learning

Self-supervised learning [63]-|73] is getting increasingly favorable for unsupervised
feature representation due to its simplicity and high efficiency. Data annotation
is not required in self-supervised learning. Instead, pretext task is defined to give
model surrogate supervision and algorithms vary based on the pretext task defined.
RotNet proposed in [20] learns features via predicting the rotational transformation
that has been applied to the image. Jigsaw puzzle solver proposed in [19] targets to
predict relative spatial position of each puzzle tile extracted from the original image.
[17], [18] focuses on colorization, i.e., to predict the color with intensity information
of the original image. For video data, cross-modal self-supervised learning is one
dominant research direction. As multiple modalities, including RGB, optical flow,
audio and visual information, are naturally accessible for video data, self-supervised
learning aims to extract features by utilizing the correspondence between them.
The correspondence between optical flow and RGB information is used in the
research works of [71], [72], [74]. In the works of [70], [75]-[77], the corresponding
relationship between audio signals and video frames are exploited. The surrogate
supervision is freely available and high-level features are expected to be captured
during such training process. Self-supervised learning is commonly used as a pre-
training process and the trained model will be further utilized for downstream

tasks, including semantic segmentation, object detection and classification.

Figure 2.8 gives an illustration for the common framework of self-supervised learn-
ing algorithm. Given the original training images without label information, pre-
text task will be defined and the corresponding surrogate labels will be used for
objective function optimization. After the optimization of the neural network (deep
CNN model), classifier, i.e., the linear layer, of the model will be discarded and the
remaining convolutional blocks will be used as a feature extractor for subsequent
target task training. In previous research works on self-supervised learning, the
architecture of the network affects the effectiveness of the algorithm. Moreover,
the commonly used features for down-stream tasks may not be the embeddings
from the last convolution layer. Instead, RotNet achieves the highest accuracy
with feature generated from the second convolutional block for NIN (network in
network) [78] on CIFAR-10 dataset and features generated from conv4 for AlexNet

[40] on ImageNet with non-linear classifiers. The architecture illustrations for NIN
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FIGURE 2.8: Self-Supervised Learning Framework

and AlexNet are given in Figure 2.9. For CNN models without residual connec-
tions, the performance of the features learned from self-supervised learning is going
to degrade gradually if the convolutional layer is getting closer to the final linear
layer. According to the works in [79], for CNN models with residual connections,
e.g., ResNet, the degradation problem will go away and the optimal features for

downstream tasks are from the last convolutional block.

Self-supervised learning is exploited for transductive learning in Chapter 4 and
novel visual categories learning in Chapter 5. Therefore, the related works reported

in literature for the two tasks are reviewed in the remaining part.
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FIGURE 2.9: Network Architecture of NIN and AlexNet
2.4.1 Self-Supervised Learning in Transductive Learning

Deep Metric Transfer (DMT) proposed in [80] firstly proposes to utilize label prop-
agation via metric learning for deep semi-supervised visual recognition. In [80],
image colorization [18] is explored to be used as a self-supervised similarity metric
learning method and label propagation is performed by making use of the learned
similarity metric to generate pseudo labels for unlabeled data. In DMT, the learned
metric after the self-supervised pre-training stage will be fixed for subsequent train-
ing. As ground-truth label information is not utilized in the pre-training stage,
discriminative features are not captures by the learned metric and therefore the
pseudo labels generated via label propagation is noisy and unreliable. Inspired
by [55], [59], the proposed algorithm in this thesis incorporate ground-truth label
information into the similarity metric learning to study discriminative features by

adopting an iterative metric training manner.
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2.4.2 Self-Supervised Learning in Novel Visual Categories

Learning

AutoNovel proposed in [81] has explored the use of self-supervised learning in novel
categories learning by initializing the model with trained RotNet [20]. However,
self-supervision signals are utilized independently during pre-training and most
blocks of the trained model are frozen in subsequent training process to avoid
over-fitting problem in [81], which limits the learning capability of the model.
Conversely, the proposed algorithm in this thesis is to train the model end-to-end
by using self-supervision signals with other supervisions jointly, which provides
strong regularization along the training process. As such, the whole network can

be trained without concerns on over-fitting issues.
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2.5 Novel Visual Categories Learning

A common assumption adopted by most semi-supervised learning algorithm is that
there is always labeled data available from the same class of unlabeled data. How-
ever, this assumption cannot be always satisfied especially in real-world situations.
More practical scenarios are that there are distinguishing categories for unlabeled
data, which means unlabeled data are from separate classes without overlapping
with existing classes of labeled data. This notable problem in most semi-supervised
learning algorithms is not well addressed with very few research works on solutions

reported in literature.

If labeled and unlabeled data belong to the same set of categories, label information
can be efficiently extracted to supervise the model to learn discriminative features.
On the contrary, label information from labeled data is not directly related to
unlabeled data if they belong to disjoint categories, which suggests that label in-
formation is not sufficient as supervising signals. The next research question is what
else can play the role of supervision and simultaneously apply to all data. Several
research works [81]-[83] have been done recently for novel categories learning and

their answer to the preceding question is the pairwise similarity information.

[t requires weaker supervision for predicting whether two images are similar/be-
longing to the same class or not, compared to that of classifying images into mul-
tiple categories. Pairwise similarity pseudo labels are employed to supervise model
training and the quality of pseudo labels determines the ultimate performance of
the trained model. Research works in [82], [83] train a similarity prediction network
(SPN) with labeled data first and then the predictions of trained SPN on unlabeled
data will be used as pairwise pseudo labels. In [81], pseudo labels are generated
with rank statistics of feature vectors that get updated during the training process.
All of those previous algorithms are comprised of multiple training stages, making
it difficult to implement in an end-to-end fashion. Moreover, their performances
are constrained by strong dependence on the quality of pairwise similarity pseudo

labels that can be noisy and biased.

As novel visual categories learning is closely related to clustering and zero-shot

learning, brief reviews on them are given in the remaining part.
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2.5.1 Clustering

Clustering as a classic unsupervised learning problem has been studied in many
research works [84]-[91]. In recent years, deep learning based clustering studies [88],
[89], [91]-[94] have been conducted due to favorable feature extraction capability
of neural networks. Most algorithms in this category can simultaneously learn
feature embeddings and cluster assignments. In [88], the model is first pre-trained
with deep autoencoder [95] and then optimized with pseudo targets computed
with current soft cluster assignments. [89] reduces the clustering problem into
binary pairwise-classification problem and similar to [88], pairwise pseudo labels
are calculated with current network predictions. However, the criteria used for
clustering are ambiguous due to the lack of prior knowledge. Novel categories
learning is free from such dilemma as some labeled data are given, which is able to

provide categorical information.

2.5.2 Zero-Shot Learning

Zero-shot learning [96]-[102] also deals with classification problem of images from
unseen categories during training. Unlike common classification problem, extra
information is required in zero-shot learning other than training data and testing
data, i.e., side information. Class attributes information is one popular option in
most zero-shot learning algorithms [97], [103]-[105]. The class attributes include
high-level semantic information, e.g., color, shape and texture, for each class in
training data and testing data. Another form of side information exploited by
previous researchers is textual information [106]-[108|, which can be extracted from
Wikipedia text via Word2Vec [109]. Novel categories learning problem discusses
in this thesis is different from zero-shot learning as above-mentioned additional

information is not required in novel categories learning.



Chapter 3

Deep and Wide Feature based
Extreme Learning Machine for

Image Classification

Chapter 3 investigates the effect of width and depth of CNN model as a feature
extractor on ELM classifier and introduces a novel deep and wide feature based
extreme learning machine (DW-ELM) algorithm for image classification to remedy
over-fitting problem of ELM classifier and meanwhile utilize the preferable feature
extraction capability of deep neural networks. Section 3.1 discusses the research
background and motivations for this work. Section 3.2 presents detailed explana-
tions of the proposed algorithm. Section 3.3 evaluates the proposed algorithm on

benchmark datasets.

30
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3.1 Background and Motivations

Extreme Learning Machine (ELM) [8] is an algorithm for single-layer feedforward
neural networks (SLFNs) where neurons between input and hidden layer are ran-
domly assigned. Compared with conventional deep learning techniques [2|, ELM is
much faster in training as it doesn’t need any gradient-based iterative tuning. Once
the input weights and hidden node biases are randomly generated, the optimal so-
lution for the output mapping matrix can be directly calculated. Its universal
approximation capability was proved theoretically in [25], [110]. ELM has demon-
strated its effectiveness in both supervised learning [25], [29], [30] and unsupervised
learning [33], [111], [112].

However, the shallow structure of ELM makes it infeasible to achieve good perfor-
mance when solving complex visual tasks, especially on raw pixel space. Therefore,
several works [28], [113]-[116] proposed deep ELM models by stacking ELM-AE
(ELM based Auto Encoder) or its kernel version and ELM based supervised au-
toencoders for better representation learning. To further boost the performance,
shortcut connection and residual learning are also combined with ELM based mod-
els in [117]-[119]. However, due to limited depth of these models, there is still a
significant gap between ELM based deep models and commonly used deep neural
networks (DNNs) [3]. As a consequence, extracting high-level feature representa-
tions first and then feeding those features to ELM for final classification has become
one promising direction.Accordingly, several works that combined deep neural net-
work and ELM classifier were applied successfully to various applications, such as
age classification [4], [5], document image classification [6], 3D shape recognition [7],

ete.

However, features extracted from over-deepened CNN model are vulnerable to over-
fitting problem when ELM classifier is employed. Such problem is seldom addressed
in literature due to several reasons. The first reason is that most works related to
CNN+ELM hybrid model are limited to relatively shallow CNN architecture as
residual connection is not utilized. The second reason is that well-designed algo-
rithms for specific applications have neglected such over-fitting issues for general
computer vision tasks. Therefore, this chapter aims to analyze and provide solu-
tions for the over-fitting problem under a general-purpose visual learning frame-

work.



Chapter 3. DW-ELM for Image Classification 32

To alleviate such over-fitting problem, the naive idea is to replace the deep CNN
model with a shallow one. By doing so, the problem returns to the initial dilemma,
i.e., model with shallow structure has poor performance on high-level semantic
feature extraction. To handle this, another network dimension, i.e., width of model,
is worth exploration. Width of model refers to the number of kernels for CNN
model at each layer. More feature maps can be learned such that the extracted
features are more diverse with wider CNN model. Research works [9], [13], [14]
have explored the effect of width on generalization capability of the model and
encouraging empirical results are demonstrated. In [11], wide residual network
with 40 layers is eight times more efficient in the aspect of training time than
ResNet-1001 [42] with comparable accuracy. While the wide design of residual
networks has been shown to benefit image classification in terms of accuracy and
efficiency, its application for feature extraction is not fully investigated. A novel
deep and wide feature based Extreme Learning Machine (DW-ELM) is proposed

in this chapter and the contributions can be summarized as follows:

1. A novel deep and wide feature based Extreme Learning Machine (DW-ELM)
taking advantages from ELM classifier and “widened” convolutional neural
networks is proposed. Wide architecture design of CNN model is exploited
to remedy over-fitting of ELM classifier and meanwhile the preferable feature

extraction capability of deep neural networks can be utilized.

2. Five benchmark datasets CIFAR-10, CIFAR-100, STL-10, Flower-102 and
Fashion-MNIST are used to verify generalization performance of the proposed
DW-ELM model. The experimental results show that DW-ELM is able to
achieve better and more stable generalization performance than the backbone

CNN model through out the whole training process.

3. This is the first work exploring the effect of width and depth of CNN model
as a feature extractor on ELM classifier for image recognition. Insights that
CNN model as a feature extractor for ELM image classification should be

deep and also wide are given.
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3.2 Proposed Algorithm

To solve complex visual tasks, deep neural networks (DNNs) are frequently used
to extract features first before ELM classification for the raw image data. How-
ever, features extracted from over-deepened neural network are highly likely to
cause over-fitting problem during ELM classification. Therefore, the proposed al-
gorithm is aimed to alleviate the over-fitting problem of ELM classifier by deploying
“widened” neural networks as feature extractor. For a better illustration, Figure
3.1 shows the generalization gap of an ELM classifier during the training process
of different feature extractors. As shown in the Figure, the generalization gap, i.e.
training accuracy minus testing accuracy, arising from features extracted from a
deep and thin network (PreAct-ResNet110, red dotted line) can be greatly com-

pressed by making use of a wider network (WRN, blue line) in the whole training

process.
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FIGURE 3.1: Generalization gap of ELM with features extracted by two different
models on CIFAR-10 during learning process

3.2.1 Feature Extraction

Wide residual network (WRN) is used as feature extractor in the proposed hybrid
model. WRN is built by stacking multiple units with similar structure, which are
called residual units. Figure 3.2 shows the residual unit adopted in WRN. x; is

the input for [-th unit and ;. is the output for /-th unit and also the input for
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FIGURE 3.2: Residual Unit in WRN

(I + 1)-th unit. F' is the residual function. The residual unit can expressed as:
L1 = Iy + F(l’l) (31)

As shown in Figure 3.2, pre-activation [42] is used, i.e., activation function ReLU is
before the convolution, which is employed for smoother information flow such that
better generalization performance and easier training can be achieved. For each
residual unit, there are two 3 x 3 convolutions and dropout [120] is in between of

them to prevent over-fitting of the network.

Table 3.1 shows the architecture of WRN. As shown in the table, there are totally
four convolutional groups: convl, conv2, conv3d and conv4. The input data will
first go through convl, which only consists of one 3 x 3 convolutional layer with
16 output channels and then feed in the following three groups. For group conv2,
conv3 and conv4, the number of residual units in each group is the same, denoted
by N. For WRN with depth 16, 22, 28, 40, the value of N is 2, 3, 4 and 6
respectively. The number of kernels used in each residual unit is given by the
product of widening factor k& and {16, 32, 64} for group conv2, conv3d and conv4
respectively. Downsampling is done by group conv3 and conv4. After group conv4,

a global average pooling layer followed by a fully-connected layer is used.

The architecture shown in table 3.1 is trained based on back-propagation with
training dataset from scratch. After the training, extracted features before the last

fully-connected layer is collected.
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TABLE 3.1: WRN Architecture

Layers Output Channel Output Size Residual Unit

convl 16 32 x 32 3 X 3 conv

conv? 16 x k 32 x 32 sxdeonv |y
3 X 3 conv

conv3 32 x k 16 x 16 sxeonv |y
3 X 3 conv

convd 64 x k 8 x 8 3xeonv |y
3 X 3 conv

GAP Layer | 64 x k 1x1 8 X 8 pooling

FC Layer 10 or 100

3.2.2 Classification

Regularized basic ELM is used as classifier to discriminate extracted features from
WRN for final classification. Only convolutional part of trained WRN is kept and
the fully-connected layer is discarded. The extracted feature from each training
data, i.e., feature vector ¢; for input data x;,7 € {1,2,..., N}, is fed into ELM
classifier as input. ELM classifier will make use of these features to produce the
output function H of hidden layer with random weights a; € R and bias b; € R
for each hidden node i € {1,2,...,L}, where d' is the dimension of the feature

vector ¢;.
h(¢1) G(alabl>¢l) G<aLabL>¢l)
H = : = ; : : (3.2)
h(¢N) G(31,517</§N) G(aL,bL7¢N)
where
1
G(ai7 bi> ¢J) (33)

1+ exp (—(a; - ¢; + b;))
i.e., sigmoid function is used as the non-linear activation function in the hidden
layer of ELM classifier.

Later according to ELM optimization algorithm (Algorithm 2), the hidden node
mapping matrix B € R¥*™, where m is the number of categories to classify, is

calculated as follows:
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e For large datasets with N > L:

B=(H"H+ ;)—IHTT (3.4)

e For small datasets with N < L:

I —1
B=H" (HHT + X) T (3.5)
with
t ti1 - tim
T=| : = (3.6)
th It - tNm

Nxm

where t; € R™,j € {1,2,..., N} is the one-hot ground-truth label for input data

x;. The extra term % is for regularization purpose, where I is the identity matrix

of size min(L, N) and 1 is the regularization coefficient.

The hidden node mapping matrix 3 together with hidden node parameters, i.e.,

weights a; and biases b;, give the input to output mapping function f accordingly:

f(x)=h(¢)B (3.7)

3.2.3 Complexity Analysis

The computational complexity for classification is determined by Equation (3.4)
and (3.5).

For large datasets with N > L, generating H'H has complexity of O(L?N) as
H € RY*L. The matrix inversion in Equation (3.4) has complexity of O(L?),
given H'H € RE*E. Matrix multiplication for calculating 3 in Equation (3.4)
has complexity of O(L*m + LNm), given T € R¥*™. Therefore, the summed
complexity is O(L?N + L3 + L*m + LNm). Due to the fact that N > L and
L > m, the overall computational complexity is O(L?N).

For small datasets with N < L, generating HH” has complexity of O(N?L) as
H € RY*E. The matrix inversion in Equation (3.5) has complexity of O(N?),
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given HHT € RY*Y, Matrix multiplication for calculating 3 in Equation (3.5)
has complexity of O(N?m + LNm), given T € R¥*™. Therefore, the summed
complexity is O(N2L + N3 + N?m + LNm). Due to the fact that L > N and
N > m, the overall computational complexity is O(N2L).

3.2.4 DW-ELM
3.2.4.1 Training of Feature Extractor and Classifier of DW-ELM

The proposed DW-ELM model first makes use of WRN to learn how to extract
features of the training data. In order to back-propagate the errors and update
the network via gradients, WRN with fully-connected layer is trained from scratch
with the training dataset, as shown in step 1 of Figure 3.3. In this training process,
the original architecture of WRN will be kept and training data are used to train
this network iteratively by making use of gradient-based optimization method.
After training of WRN is finished, the extracted feature vectors are used to train

a regularized basic ELM classifier, as shown in step 2 of Figure 3.3.
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FiGure 3.3: Training of proposed hybrid DW-ELM model

3.2.4.2 Testing of DW-ELM

After the training of ELM classifier, the input to output mapping function, and
more precisely the feature space to label space mapping, can be computed. More-
over, the convolutional part of the trained WRN is capable of approximating the

input space to feature space mapping. Therefore, when the trained WRN as a
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feature extractor and trained ELM classifier are combined together, as shown in
Figure 3.4, the overall framework is able to fit the mapping function from raw data
space to label space based on training data. The testing dataset is used to evalu-
ate the proposed framework. In evaluation stage, trained WRN is used to extract
features of the testing data first and then the trained ELM classifier is applied for

the final classification with extracted features from WRN.

For the proposed DW-ELM model, the most complex and time-consuming part
is the first stage, which is the training of WRN, as the structure is much more
complicated than the ELM classifier and in this stage gradient-based optimization
algorithm is used to update the parameters. For the second stage, the training
of ELM classifier, it’s much easier to implement and the time taken is negligible

compared with the time used in the first stage.
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F1GURE 3.4: Testing of proposed hybrid DW-ELM model
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3.3 Performance and Comparisons

3.3.1 Datasets

Total five different image datasets are used to evaluate the proposed model: CIFAR-
10, CIFAR-100, STL-10, Fashion-MNIST and Flower-102. A brief summary for all

datasets used is given in Table 3.2.

3.3.1.1 CIFAR-10 and CIFAR-100

CIFAR-10 and CIFAR-100 [121] are commonly used classification datasets in the
field of machine learning. CIFAR-10 dataset has a total number of 60,000 colorful
images of size 32 x 32, 50,000 of which are training data and the remaining 10,000
are testing data. There are total 10 classes in CIFAR-10 dataset, including air-
planes, cars, birds, cats, deer, dogs, frogs, horses, ships, and trucks. Each class in
CIFAR-10 has 6000 images, of which 5000 images are in training dataset and 1000
images are in testing dataset. Similar with CIFAR-10, CIFAR-100 also has a total
number of 60,000 colorful images of size 32 x 32, 50,000 of which are training data
and the remaining 10,000 are testing data. Difference between CIFAR-10 dataset
and CIFAR-100 dataset is that CIFAR-100 dataset has 100 classes. Each class in
CIFAR-100 has 600 images, of which 500 images are in training dataset and 100

images are in testing dataset.

3.3.1.2 STL-10 Dataset

STL-10 [122] dataset is similar with CIFAR datasets but with smaller number of
labeled data and higher resolution. STL-10 dataset has a total number of 13,000
colorful images of size 96 x 96, 5000 of which are training data and the remaining
8000 are testing data. There are total 10 classes in STL-10 dataset, including
airplane, bird, car, cat, deer, dog, horse, monkey, ship, and truck. Each class
in STL-10 has 1300 images, of which 500 images are in training dataset and 800
images are in testing dataset. Unlabeled data in this dataset is discarded as focus

of this work is on supervised learning.
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3.3.1.3 Fashion-MNIST

Fashion-MNIST [123] is similar with MNIST dataset [124] as both of them are in
grayscale and with low resolution. Fashion-MNIST dataset has a total number of
70,000 grayscale images of size 28 x 28, 60,000 of which are training data and the
remaining 10,000 are testing data. There are total 10 classes in Fashion-MNIST,

covering 10 fashion objects.

3.3.1.4 102 Category Flower

102 Category Flower [125] is a classification dataset for colorful images of flowers.
There are total 102 flower categories and each category consists of 40 to 258 images
with different scales. The sizes for training data and testing data are 6552 and 819

respectively.

Dataset #. Classes 7. Training - 7. Testing Dimension Color

Data Data
CIFAR-10 10 50,000 10,000 32 x 32 RGB
CIFAR-100 100 50,000 10,000 32 x 32 RGB
STL-10 10 5000 8000 96 x 96 RGB
Flower-102 102 6552 819 224 x 224 RGB
FMNIST 10 60,000 10,000 28 x 28 Gray

TABLE 3.2: Datasets Used For Evaluating the Proposed Algorithm

3.3.2 Implementation

Simple data augmentations including random cropping and horizontal flipping are
used on all datasets. For the training of WRN, optimizer used is SGD (Stochastic
Gradient Descent) with cross entropy loss, the weight decay value is set to be
5 x 107" and momentum value is 0.9. Learning rate annealing used in [11] is
adopted in the experiments, where the initial learning rate is set to be 0.1 and will
be divided by 5 at epoch 60, 120 and 160. The total number of training epochs is
200. The illustration for the learning rate annealing schedule adopted is shown in

Figure 3.6 and implementation details are given in Table 3.3.
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TABLE 3.3: Implementation details of the experiments

Optimizer SGD
Initial Learning Rate 0.1

SGD Weight Decay 5x 1074
SGD Momentum 0.9

LR Annealing Scheme stepwise
Total Training Epochs 200

For CIFAR datasets, WRN architecture specified in Table 3.1 is used. For Fashion-
MNIST dataset, all others remain the same except that the global average pooling
will change to size 7 x 7. For STL10, downsampling is performed in conv2, conv3
and conv4 and the global average pooling will change to size 12 x 12. For 102
Category Flower dataset, all input images are resized to 224 x 224 first and 7 x 7

kernel is used in convl. Downsampling is performed in convl, conv2, conv3 and
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FIGURE 3.6: Learning rate annealing schedule

conv4 and the global average pooling will change to size 14 x 14. The dropout rate
is set to be 30% according to [11].

3.3.3 Experiment Results
3.3.3.1 Performance Improvement

Testing curves for the proposed DW-ELM model with 8000-hidden-node ELM clas-
sifier and original WRN with depth 22 and widening factor 8 are presented in Figure
3.7 to Figure 3.11 for CIFAR-100, CIFAR-10, Flower-102, FMNIST and STL-10
respectively. It can be observed that the proposed DW-ELM model can exhibit dis-
tinct and consistent performance improvement in the whole training process on all
datasets. In the early training phase, testing accuracy gain brought by DW-ELM
is very significant. For CIFAR-100, Flower-102 and STL-10 datasets, the accuracy
gain is over 10% in the first 60 epochs and over 4% for CIFAR-10 and FMNIST
datasets. After the first learning rate annealing point, the accuracy gain is still
obvious and such accuracy gain has maintained all the way till the end of whole
training process. The final testing accuracy of the proposed DW-ELM model and
original WRN is shown in Table 3.4. For CIFAR-10 and Fashion-MNIST datasets,
DW-ELM has increased testing accuracy by 0.58% and 0.44% respectively. For
CIFAR-100, STL-10 and Flower-102 datasets, testing accuracy has been boosted
by 2.13%, 1.85% and 8.91% respectively.
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TABLE 3.4: Testing Accuracy of WRN and Proposed Model (%)

Dataset WRN  Proposed
CIFAR-10 94.60 95.18
CIFAR-100 76.59 T78.72
STL-10 83.31 85.16
Flower-102 83.15 92.06

Fashion-MNIST 94.62 95.06

3.3.3.2 Stability

From Figure 3.7 to Figure 3.11, it can be observed that for all datasets, the learning
curve of DW-ELM model has less noisy movements and fluctuations are greatly
compressed compared with the backbone model, resulting in much more smoother
curves. Such characteristic makes DW-ELM much more reliable than the original
WRN model. For CIFAR datasets after epoch 60, accuracy of both models jumps
to a higher level due to the change of learning rate but then a sudden drop is
observed in the the backbone model between epoch 60 to epoch 120. DW-ELM
greatly relieved this problem by maintaining accuracy in a comparably high level.
Similar effect was also found by the use of dropout in [11], therefore the proposed

DW-ELM model may have gained certain level of regularization power by the used
of ELM classifier.
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3.3.3.3 Parameter Analysis

Depth and width determine the capability of WRN as a feature extractor and the
number of hidden nodes of ELM is the key parameter for its classification power.
Therefore to better verify the effectiveness of proposed DW-ELM model, WRN
model with various depth and width combinations together with ELM classifier
with hidden nodes number ranging from 250 to 8000 are tested. Ten different
WRN models and its corresponding DW-ELM models with 8000-hidden-node ELM
classifier are compared on two CIFAR datasets. The results are shown in Figure
3.12 and Figure 3.13. The conventional notation used in [11] for WRN architecture
is used in this section, where WRN-d-w denotes WRN with depth d and widening
factor w. It can be seen that for all ten models with depth ranging from 16 to 40
and widening factor ranging from 4 to 12, the superiority of proposed DW-ELM
model is consistent as significant accuracy gain is always present. Meanwhile, by
comparing the results from models with different d and w, it can be observed that
there is no trend indicating that models with larger w or smaller d will give a
higher accuracy gain. Such observations suggest that width and depth of CNN

model should be balanced carefully if optimal performance is desired.

DW-ELM models with WRN-16-04, WRN-22-08 and WRN-28-10 together with
ELM classifier having different number of hidden nodes are also compared and the
result is given in Figure 3.14 to Figure 3.18. For CIFAR-10 and Fashion-MNIST
datasets, performance of DW-ELM model is pretty insensitive to the number of
hidden nodes on all three WRN models, which suggests that a comparable perfor-
mance with much less hidden nodes can be achieved. For the other three datasets,
it can be observed that with increasing complexity of WRN, proposed DW-ELM
model tends to be less sensitive to the number of hidden nodes. Therefore, pro-
posed DW-ELM model is able to exhibit its effectiveness across a wide range of
parameter values, indicating that little human intervention regarding parameter

tuning is required.

3.3.3.4 Ablation Study

To further verify that the superiority of proposed DW-ELM model is coming from
combination of WRN and ELM classifier, additional experiments with other resid-

ual networks and classifiers are also conducted. Pre-activation resnet with 110
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FI1GURE 3.15: Parameter Analysis: Accuracy of proposed DW-ELM model on
CIFAR-100 with varying number of hidden nodes

layers and 164 layers have very similar network architecture with WRN adopted
in the proposed DW-ELM model. The only difference between them is that WRN

is a widened and shallower version of them. These two very deep networks are
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used to do feature extraction and similar with the proposed model, the extracted
features are fed into ELM as input data for classification. The testing accuracy on

five datasets are given in Table 3.5. Among five datasets, only one shows positive
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FIGURE 3.18: Parameter Analysis: Accuracy of proposed DW-ELM model on
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but very insignificant accuracy gain, while all other four datasets indicate negative
accuracy gain for pre-activation resnet with 110 layers. For pre-activation resnet
with 164 layers, two datasets show a positive accuracy gain but still very limited
and all the others give negative gain. Therefore, the accuracy improvement in
proposed DW-ELM model where WRN is used as features extractor will vanish if
WRN is replaced by a thinner and deeper residual network (like Preact-110 and
Preact-164).
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WRN-22-08 as feature extractor with RBF-kernel SVM classifier are also tested on
five datasets and the results are listed in the third column of Table 3.6. ELM clas-
sifier outperforms kernel SVM on all five datasets with the same features extracted
from WRN-22-08.

TABLE 3.6: Ablation Study: Testing Accuracy of pre-

activation resnet and WRN with Kernel SVM classifier and
the proposed method (%)

Preact-110 Preact-164 WRN-22-08

Dataset LSVM LSVM LSVM Proposed
CIFAR-10 94 94.84 94.99 95.18
CIFAR-100 73.46 76.8 78.52 78.72
STL-10 81.1 83.36 85 85.16
Flower-102 91.7 92.43 90.84 92.06
FMNIST 94.88 94.83 95.04 95.06

Go a step further, Preact-110 and Preact-164 as feature extractor with RBF-kernel
SVM classifier are also tested on all datasets and the results are listed in the first
two columns of Table 3.6. Among five datasets, the proposed DW-ELM achieves
the best results on four of them, except for Flower-102. For dataset Flower-102,
both of Preact-ELM and Preact-SVM models can surpass the proposed DW-ELM,
which indicates that the main reason for relatively low accuracy of the proposed
DW-ELM lies in the low accuracy of WRN on dataset Flower-102. From Table
3.4, the testing accuracy of WRN on Flower-102 is only 83.15%, which is much
lower than 93.9% of Preact-110 and 93.29% of Preact-164 according to Table 3.5.
Flower-102 is one unbalanced dataset, where the number of images from the same
class ranges from 40 to 258. Therefore, the training is highly likely biased and
according to the experiment results, WRN seems to be more susceptible to it.
Although 83.15% accuracy on Flower-102 from vanilla WRN is much lower than
the results from Preact-110 and Preact-164, the accuracy of the proposed DW-ELM
can be greatly improved to 92.06%, such boosted performance can also justify the
effectiveness of the proposed model. One more thing can also be observed in Table
3.6 is that WRN is a better choice than pre-activation resnets as feature extractor
for SVM classifier as features extracted from WRN achieve the highest accuracy
among all SVM-based methods (the first three columns) on four out of five datasets.
So, WRN will benefit more than pre-activation resnets for both ELM and SVM
classifier, and ELM will be a better choice than SVM classifier when the same WRN
is used as feature extractor. Therefore, even thought SVM performs slightly better



Chapter 3. DW-ELM for Image Classification 54

than ELM classifier when Preact-164 is used as feature extractor, it doesn’t have
much realistic implications as Preact-164 itself is a suboptimal feature extractor

for both classifiers.

To summarize, two key factors that contribute to the superior performance of
proposed DW-ELM to others are firstly it can fully exploit classifying power of
ELM classifier and secondly it’s able to alleviate over-fitting by making use of deep
and wide networks, i.e., WRNs.
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3.4 Summary

This chapter presents the first work of this thesis, which has addressed the over-
fitting problem of ELM classifier when combined with deep CNN model as feature
extractor for supervised visual recognition. The motivations for this work are
presented in Section 3.1. A novel deep and wide feature based extreme learning
machine (DW-ELM) algorithm is proposed in Section 3.2. In Section 3.3, DW-ELM
is validated on five commonly used public datasets, CIFAR-100, CIFAR-10, STL-
10, Flower-102 and Fashion-MNIST. The proposed model has shown its significant
performance enhancement and stabilization mechanism in the whole training phase.
Moreover, experiments regarding parameter analysis show that proposed DW-ELM
is able to maintain its effectiveness on various width and depth selection of WRN
and hidden nodes number of ELM, which makes DW-ELM require very little hyper-
parameter tuning. Additionally, ablation study provides evidence that features
extracted by wider networks is likely to generalize better with ELM classification
than over-deepened networks. Therefore it suggests that proposed DW-ELM model
is capable of utilizing advantages of ELM classifier and WRN such that deficiency
of them can be alleviated greatly by each other. Extra experiments comparing the
effect of ELM classifier and kernel SVM classifier on features extracted by WRN
further demonstrate superior classification power of proposed DW-ELM model on

all datasets.



Chapter 4

Label Propagation via Local
Geometry Preserving for Deep

Semi-Supervised Image Recognition

Chapter 4 introduces a novel transductive pseudo-labeling based algorithm for deep
semi-supervised image recognition. Section 4.1 reviews related works in the field
of deep semi-supervised learning for visual tasks and discusses the limitations of
previous research works. Section 4.2 gives detailed explanations of the proposed
algorithm. Section 4.3 shows extensive experimental results and analysis, together
with comparisons with other previous state-of-the-art semi-supervised learning al-

gorithms.

26
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4.1 Background

Deep convolutional neural network has achieved great success in the field of visual
tasks, conventionally termed as computer vision. However, such superior perfor-
mance is primarily based on the use of a large amount of annotated data, which sets
a pretty high bar for realistic applications as annotation can be time-consuming,

expensive and require expert knowledge under certain scenarios [15].

Semi-supervised learning [16]| aims to alleviate such demands for labeled data by
utilizing additional unlabeled data, which is much easier to get without the need
for annotation, with the hope to achieve comparable or even better performance
than fully supervised learning. One branch of research work for semi-supervised
learning is mainly to add certain kinds of regularization to the network based on the
smoothness assumption [16], [45], which can be summarized as consistency-based
algorithms. Consistency-based algorithms enforce the network to minimize the
difference between predictions of original data and data with noise or perturbation
injected. Such noise or perturbation can be provided by directly injecting to the
data [46], [47] or by the network [50], [51]. Another branch of research work can be
summarized as pseudo-labeling based algorithms, where pseudo labels are produced
for unlabeled data as if they were the ground-truth labels and then the problem
can be tackled under fully-supervised learning framework. The reliability of pseudo
labels will be a crucial factor to determine the efficacy of the model. According
to how pseudo labels are inferred, there are two main approaches: inferring from

network and inferring from transductive learning.

Inferring pseudo labels from network normally will train a network with labeled
data first and then unlabeled data can be classified by such network so that in-
ferred labels will be treated as true labels of unlabeled data for subsequent training
together with labeled data [55]. Pseudo labels will be updated as the classification
capability of network is evolving during the training process. While for inferring
pseudo labels from transductive learning, a similarity graph describing the relation-
ship between all data points will be constructed first, and then label information
will be directly propagated from labeled data to unlabeled data accordingly, which
is also names as label propagation [60]. In [59], the similarity graph is built in low-

dimensional feature space, which is learned with labeled data, and similar with
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inferring from network, similarity graph will be updated to give better pseudo

labels during training process.

From empirical results in [59], the quality of pseudo labels inferred from network
is suboptimal compared with label propagation results performed in latent feature
space. The reason behind such gap is believed to be that label propagation utilizes
labeled data information in a direct way such that potential noise and information
loss are minimized. While for inference via network, the information flow of labeled
data is indirect, i.e., labeled data are used to train a classifier first and then use
the trained classifier to predict labels for unlabeled data, which is much more
vulnerable to noise and information loss as noise is highly possible to be learned
by the classifier and meaningful feature information will be missed. Therefore, this
work adopts similar philosophy, i.e., to infer pseudo labels directly by graph-based
method, and on top of it to further explore information flow with less noise and

preserve local geometry information in feature space, which is commonly ignored.

It has been observed that fully-supervised learning adopted at early stage in [59]
and other pseudo-labeling based research works [55], [57] only uses label information
from labeled data, which can cause learned model highly likely to be biased and
overfit to noise. Therefore, this work proposes to apply self-supervised learning in
the proposed algorithm for feature extraction at phase 1 (shown in Figure 4.1). Self-
supervised learning is one encouraging direction in deep feature learning for image
recognition tasks in recent years [17], [19], [20]. Pretext task replaces ground-truth
label to provide supervision signal, including colorization, solving jigsaw puzzles,
predicting geometric transformations, etc. Self-supervised learning applies to both
labeled and unlabeled data as ground-truth label information is not required, which
will be desirable for more noise-robust feature learning. By making use of self-
supervised learning, the learned feature space is expected to provide a cleaner

information flow during subsequent label propagation.

In label propagation, similarity graph construction is an important starting point
as it guides the direction of propagation. The similarity graph is expected to
reveal the relationship between data points and it can be calculated in different
ways, e.g., Euclidean distance and inner product [59], [80]. However, local geometry
structure information is lost if the similarity is solely depending on two data points.
Therefore, the idea of reconstruction in [21] is applied in the proposed algorithm

to preserve local geometry information in feature space, i.e., each feature vector
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can be reconstructed by a weighted sum of its neighbors and such weights will be
generalized as the similarity between feature vector and its neighbors. By doing
s0, the local geometry information embedded in feature space can be preserved in

information flow during label propagation.

In this Chapter, a novel transductive pseudo labeling based algorithm for deep
semi-supervised image recognition is presented, and the overall framework of the
proposed algorithm is illustrated in Figure 4.1. Inspiration from the superiority
of pseudo labels from label propagation compared with those from network, i.e.,
information flow from labeled data to unlabeled data should be kept noiseless and
with minimum loss as much as possible, is taken into consideration. Accordingly,
self-supervised learning is incorporated in feature extraction in phase 1 and local
geometry is preserved in feature space during graph construction before propagat-
ing label information in phase 2. In the later ablation study, "whole is greater than
the sum" is observed from experimental results as feature space learned from self-
supervision and local geometry preserving scheme in label propagation are found

to be mutually reinforcing. The contributions can be summarized as follows:

1. Self-supervised learning is incorporated into the feature extraction phase such
that limitations of scarce ground-truth label information can be avoided and
cleaner information flow in subsequent label propagation is achieved. This is
the first work that utilizes self-supervision in iterative graph-learning based

algorithms for image recognition.

2. Local geometry information of each data in feature space is preserved dur-
ing label propagation via reconstructing feature vector by its neighbors to
build similarity graph. Moreover, ablation study shows that such geometry
preserving scheme is synergistic with features learned with self-supervision in

the proposed algorithm.

3. Extensive experiments conducted on three image datasets (CIFAR-10, CIFAR-
100, minilmageNet) have verified the effectiveness of the proposed algorithm
and the results show that the proposed algorithm consistently outperforms
most of the state-of-the-art semi-supervised learning methods under the same

network architecture.
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4.2 Proposed Algorithm

4.2.1 Problem Formulation

Given a set of training data X = {1, 7, ..., 2, }, where z; € R%, the corresponding
labels Y are only available for a limited number of them, denoted by Y;, and
Y: = {y1,v2,...,u1}, where y; € R° and c is the number of all possible classes.
Therefore, training data X = X; U X, and there are [ labeled samples in X; and u
unlabeled samples in X, such that [+« = n. Semi-supervised learning aims to find
a mapping function fy(-) from input data space to target label space by making

use of X and Y}, such that it can predict the label of new data.

4.2.2 Motivations
4.2.2.1 Self-Supervision and Full-Supervision

One crucial part of label propagation in deep learning is the learning of feature
mapping. Instead of directly propagating labels in data space [60]-[62], extracting
features from the raw data first and then performing label propagation in feature
space are more capable of handling complex visual tasks. Such feature mapping can
be learned with deep neural networks by utilizing X and Y; in different ways. Fully-
supervised learning with X; and Y; tends to have inferior generalization capability
as noise is easily picked up by the model due to over-fitting problem, especially when
the number of labeled data is scarce. While for self-supervised learning, both X;
and X, will be used and no ground-truth label information is needed. As a result,
much less biased and more noise-robust feature learning can be achieved because
all training data are utilized. Figure 4.2 shows the testing error rate curve for
the same vanilla label propagation method with different feature learning schemes.
Same label propagation method is used to infer pseudo labels for unlabeled data
and the only difference between them is the way how feature space is learned.
The orange-triangle one propagates labels in feature space learned from X; and Y},
while the blue-dot one propagates labels in feature space learned from X;, X, and
their pseudo labels given by surrogate signals, e.g., here the degree of rotational

transformation that has been applied to raw images is used as supervision. It
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FIGURE 4.2: Testing error rate for same vanilla label propagation method with
two different feature learning schemes for CIFAR-10 dataset with 500 labels.

can be observed that self-supervision based feature learning scheme can largely

outperform the full-supervision one for label propagation in deep learning.

4.2.2.2 Local Geometry Preserving

A graph capable of capturing the relationship between data points is required
for label propagation in data space. As the proposed algorithm is to perform label
propagation in feature space, a graph is constructed to characterize the relationship
between feature vectors. Such a graph can be represented by a similarity matrix
of size n x n with each element representing the similarity between two feature
vectors. Most of the works [59], [61], [80] define the similarity as pairwise Eu-
clidean distance (in Gaussian kernel) or pairwise inner product. However, neither
Euclidean distance nor inner product can characterize or preserve the local geom-
etry as only two individual feature vectors are considered when computing their
similarity. By making use of the reconstruction concept, which will be discussed
in detail in Section 4.2.3, the local geometry in feature space can be preserved.
Figure 4.3 shows the label propagation results in the same feature space but with
different similarity matrix construction methods for CIFAR-10 dataset with 500
labels. It can be observed that preserving local geometry can boost the label prop-

agation performance by a large margin. In Figure 4.3, the feature space is learned
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with self-supervision and the inference accuracy of pseudo labels produced by label

propagation for X, can be improved from 24.21% to 32.83%.

4.2.3 Label Propagation via Local Geometry Preserving

In this section, detailed explanations for the proposed algorithm are presented.
There are two phases in the proposed algorithm: self-supervised feature learning

phase and semi-supervised label propagation phase.

4.2.3.1 Phase 1 — Self-Supervised Feature Learning

Different from [59], where supervised learning with labeled training data is used
to learn a feature representation, the superior generalization capability of self-
supervision is exploited. In the proposed algorithm, RotNet [20] is used for self-
supervised feature learning. Given the original training image X, four different
rotation transformations (0°,90°,180°,270°) are performed on each x;. Then for
the transformed images, a set of pseudo labels P = {D1,D2, -, Dn} is created ac-
cording to the transformation that has been applied to them, i.e., p; = [0, 1,2, 3] for
transformed images after rotation of 0°,90°, 180°, 270°, respectively. Then a neural
network will be trained to map the transformed training data X to the pseudo
labels P. By doing so, all training data will be used during the feature learning
phase, which can produce a less noisy feature representation as over-fitting problem

is greatly alleviated, as opposed to fully supervised learning with limited labeled

training data in [59]. Training scheme for phase 1 is summarized in Algorithm 3.

4.2.3.2 Phase 2 — Semi-Supervised Label Propagation

After the first phase, a feature mapping function ¢( - ) given by the trained neural
network can project all training data to a feature space, as shown in Equation
(4.1).

zi = ¢(x;) (4.1)

In the feature space, a sparse similarity matrix W of size n x n will be constructed.

The proposed algorithm makes use of the idea from locally linear embedding (LLE)
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(a) Label propagation result with graph constructed by pairwise inner prod-
uct, inference accuracy is 24.21%
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FIGURE 4.3: Label propagation results with two different graph learning meth-
ods given the same data features. The dataset used is CIFAR-10 with 500 labels
and t-SNE is used for dimension reduction. The figures here only show 100
sampled data points from the same class for visualization purpose.
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[21] that a data point can be reconstructed by a weighted sum of its neighbors to

learn a similarity matrix, which can preserve the intrinsic geometry information.

In [21], a data point z; can be reconstructed by a weighted linear combination of

its neighbors:

Ti R D eN(wr) Wii T

s.t. Wi >0, Zj:zjel\f(xi) Wi; = 1 (42>

where N (z;) is the collection of z;’s k nearest neighbors. Weight w;; indicates
the contribution of data point z; to reconstruct data point z; if x; is one of z;’s
k nearest neighbors, and a large weight value means a large portion of z; can be
solely reconstructed by z;, implying two data sample points are very similar to
each other. In the proposed algorithm, the same reconstruction rule is applied to
measure the similarity of feature vectors in the feature space, as shown in Equation
(4.3).

2 R Z Wi 2 (4.3)

The reconstruction error function to be minimized will be

e =2z — 3 ene wis%ll?
(2

s.t. Wi > 0, Zj:ZjeN(Zi) Wy; = 1 (44>

which can be further rewritten as

e o= D> wyE— Y, wyzl’

i jizi €N (2;) Jiz; €N (21)
= ZH Z wij(z — 2)|?
o jizi €N (2;)
= Y _wlew;

7

J:z; €N (2;)

where W, = [w;j,, wij,, ..., wi;, |7, similarity vector of z; with its & nearest neighbors

N(z), and element in a-th row and b-th column of matrix G* is

9oy = (2 — 2.)" (2 — 2;,) (4.6)
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where a,b = 1, ..., k. For each feature vector z;, constructing the similarity vector
W; requires to solve quadratic programming problem in Equation (4.5), which can
be efficiently solved via existing solvers, such as CVXOPT [126].
After solving the optimization problem, the sparse weight matrix W (w;; = 0 if
z; ¢ N (z;)) can be calculated, but it can be observed that w;; may not be the same
as wj;, which makes weight matrix W non-symmetric. One more step is added to
fix this by

W=Ww+Ww" (4.7)

By doing so, the weight matrix W now becomes symmetric and all diagonal el-
ements are zero. Then the weight matrix is normalized to W = D 5W D=5

for the convergence of label propagation [61|, where D is a diagonal matrix with
di = Z W,‘j.
J

After weight matrix W is calculated, similar approach in [59], [61] is followed to
propagate label information from X; to X, in feature space. The label propagation
rule is to propagate label information in an iterative manner, as shown in Equation
(4.8).

Fl=aWF '+ (1-a)Y (4.8)

where F" denotes the label information at ¢-th iteration, o € (0, 1) is the coefficient
controlling the amount of label information to propagate and Y represents initial
label information, i.e., F* = Y. Y is a matrix of size n x ¢ with each element

defined as

1 ifx; € Xpandy, =3
Yij = (4.9)
0 otherwise

Equation (4.8) can be rewritten as
t—

F'=(aW)'Y + (1 —a) ) (aW)'Y (4.10)

=0

[ay

AsO<a<1land W = D"WD 9% the following two limits can hold:

lim (W)™ =0

t—o00
t—1
lim Y (aW)' = (I —aW)™! (4.11)

t—o00
=0
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Therefore, Equation (4.8) will eventually converge to
F=F*=(1-a)I-aW)'Y (4.12)
Matrix F is of size n x ¢ and the pseudo label for z; € X, is inferred as
pi = argmax f;; (4.13)

where f;; is the element of matrix F.

Let P = {pis1, Prso, .-, Pn}, SO now labeled data X; and unlabeled data X, have true
label Y; and pseudo label P respectively. A unified single weight value to compress
the pseudo label loss is not reasonable as pseudo labels for each unlabeled data don’t
have equal uncertainty. The uncertainty weighting scheme in [59] is employed to

give different weight for each pseudo label:

— >, fijlog(fi)
log(c)

i =1-— (4.14)
where Ej is row-normalized counterpart of f;; such that each row of matrix F can
be viewed as a probability distribution. One more weighting coefficient ¢; to tackle
imbalanced dataset issue originating from pseudo labels is introduced:

n/c

where n is the size of dataset X, ¢ is the number of all possible classes and X% =
{JTiGXlIyi:Ci}U{JTi € X, Zpi:Ci}.

The final loss function to be minimized will be:

l n
1 1
058 l;(y,yHuiZl;lu (@i 1) (4.16)

where y; = f.(z;) = fo(x;) and f.(-) is the classifier. The model is trained in an
iterative way such that after pseudo labels P inferred and the loss in Equation
(4.16) back propagated to the whole network fp(-) , the feature mapping function
¢(+) in Equation (4.1) will also be updated and then new pseudo labels will be

generated. Training scheme for phase 2 is summarized in Algorithm 4.
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Algorithm 3 Self-Supervised Feature Learning

1: Input: Training image data X = {x1, 2z, ..., 2}

2: for i <~ 1ton do

3: x; < rotate x; by 0°,90°, 180°, 270°

4 | P [0,1,2,3]

50 X 4 {71, T2, .0, B}

6: P+ {]/9\1,]/9\2, ...,]/?\n}

7. Train the network fy(-) with X and P to minimize:
loss + Z;L(fg(@),@)

: Output:_ Feature extractor parameters 6 for ¢(-)

o

Algorithm 4 Semi-Supervised Label Propagation

1: Input: Labeled training image data and the corresponding labels {X;,Y;}, un-
labeled training image data X, trained feature mapping function ¢( - ), number
of nearest neighbors k, label propagation coefficient «

2: for epoch <~ 1 to T' do

for 1 < 1 ton do

find k£ nearest neighbors N (z;)
solve Equation (4.5) to get W;

W« W+ W7T
W + D7 9°W D=5 where D is a diagonal matrix with d; = Do Wij
J

9: F«+ (1—a)(I—aW) 'Y, where Y is constructed by Equation (4.9)
10: for : < 1 ton do

11: p; — arg max lfij R

12: uﬁ—l—;;%%§ﬁ

13: for  + 1 ton do

14: | calculate 9; by Equation (4.15)

15: | loss « Z L(flz)ow) + 30 pbiL(ful=). )

16: update fc( ) and ¢(-) - > back-propagation

17: Output: Model parameters 6 for fy(-)
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4.2.3.3 Complexity Analysis

Similarity graph is updated per epoch, which means the calculation for the simi-
larity weight matrix is performed after each training epoch. Therefore, the com-

putational complexity for similarity matrix construction is analyzed.

The optimization problem in Equation (4.5) determines the complexity of similarity
matrix construction. Searching for z;’s k nearest neighbors A (z;) has complexity
of O(n?), where n is the total number of training data. Solving the quadratic
programming problem in Equation (4.5) has complexity of O(nk?) [21]. Therefore,
the overall complexity for similarity matrix construction is O(n? 4+ nk?) for each

training epoch.

For datasets used in the experiments in Section 4.3, n = 50,000 and k = 50. The
computational complexity is acceptable for such relatively small datasets. However,
large datasets with over millions of training data will have large computational
burden due to O(n? + nk?®) complexity. Therefore, the proposed similarity graph
construction algorithm is not feasible for large datasets from the perspective of

computational efficiency.

4.2.4 Combining with Consistency-based algorithms

As aforementioned in Section 2.3.1, consistency-based algorithm is one promising
direction for semi-supervised learning and consistency constraints are complemen-
tary with pseudo-labeling based algorithms, to which the proposed algorithm be-
longs. Therefore, consistency-based regularization is integrated into the proposed
approach described in Algorithm 3 and 4, i.e., one more consistency loss is added
as regularization to Equation (4.16). Inspired by [47], AutoAugment [127] is used
during phase 2 to augment input data x; to get x; and then optimize the final full

loss function:

i=l+1

l n
loss = %ZL<f9(l’i);yi) + % Z i0i L(fo(xi), pi)

+ 3 D@l o) (4.17)
I+1

7
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4.3 Experiments

4.3.1 Datasets

e CIFAR-10[121] A dataset comprising 60,000 colorful images with size 32 x
32. There are 10 different classes in the whole dataset and images for each
class are evenly distributed, i.e., 6000 images for each class. For each class,
5000 images belong to training dataset and the remaining belong to testing

dataset.

e CIFAR-100[121] Similar with CIFAR-10, there are 60,000 colorful images
with size 32 x 32. Total 100 different classes are in this dataset and images
for each class are evenly distributed, i.e., 600 images for each class. For each
class, 500 images belong to training dataset and the remaining belong to

testing dataset.

e minilmageNet|[128]| A lightweight version of ImageNet, which comprises
60,000 colorful images with size 84 x 84. There are 100 different classes in
the whole dataset and images for each class are evenly distributed, i.e., 600
images for each class. The train/test split in [59] is adopted, where 500
images are assigned to training dataset and the remaining are assigned to

testing dataset for each class.

4.3.2 Implementation

For most of the experimental settings, similar approaches used in [59] is followed.
The 13-layer CNN model [51], [52], [59] is used for CIFAR-10 and CIFAR-100
datasets and ResNet-18 [3] for minilmageNet. The classifier used is the last fully-
connected layer followed by a softmax function, i.e., features before the last fully-
connected layer for each data will be z; in Algorithm 4. The initial learning rate
is 0.1 for CIFAR-100 and miniImageNet, 0.05 for CIFAR-10, which will follow a
cosine annealing schedule [129] with a period of 210 epochs. The illustration for
the learning rate annealing schedule adopted in this work with initial learning rate

of 0.1 is shown in Figure 4.4.

SGD optimizer is used with a momentum of 0.9 and weight decay of 0.0002. The

total number of training epochs is 180 in phase 1 and 200 in phase 2. For training
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FIGURE 4.4: Learning rate annealing schedule with initial learning rate of 0.1

in phase 2, both labeled data and unlabeled data will be seen in each batch. The
number of labeled data in each batch is 31 for CIFAR-100 and minilmageNet and
50 for CIFAR-10. The batch size is 128 for CIFAR-100 and miniImageNet and 100
for CIFAR-10. For every dataset, all training images are augmented by standard
random cropping and horizontal flipping followed by channel-wise normalization
to have zero mean and unit variance, unlabeled data of which will be augmented
one more time with policies from AutoAugment [127]. The number of nearest
neighbors k and label propagation coefficient « in Algorithm 4 is set to be 50 and

0.99 respectively. The implementation details are given in Table 4.1.

For the labeled /unlabeled dataset split, scheme from previous research works [51],
[52], [59] is adopted. As shown in Figure 4.5, the unlabeled data are evenly dis-
tributed among all classes. For the number of labeled data in the following parts,

all stated values are the total number of labeled data for the whole dataset.

4.3.3 Experiment Results

In this section, an ablation study is done to analyze the effects of individual com-
ponents in the proposed algorithm first and followed by discussions and compar-
isons with previous methods in literature for the experiment results on benchmark

datasets.
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TABLE 4.1: Implementation details of the experiments

CIFAR-10 CIFAR-100  munilmageNet

Network 13-layer CNN  13-layer CNN ResNet-18

Initial Learning Rate 0.05 0.1 0.1

Batch Size 100 128 128

#. of Labeled Data in Each Batch 50 31 31

Optimizer SGD

SGD Weight Decay 2 x 1074

SGD Momentum 0.9

LR Annealing Scheme cosine

k 50

a 0.99

Total Training Epochs 180 in phase 1 and 200 in phase 2
cat dog bird frog deer horse

- labeled |:| unlabeled

FIGURE 4.5: Labeled /unlabeled dataset split scheme

4.3.3.1 Ablation Study

As discussed in Section 4.2.2, self-supervision tends to provide better feature learn-
ing capability and preserving local geometry during graph construction in label
propagation will benefit the inference performance for unlabeled data, which are
the two main motivations of the proposed algorithm. In the proposed algorithm,
these two ideas are combined in order to have information flow from X; to X, with
less noise and less information loss, which is expected to boost the final classifica-
tion performance. To verify and analyze the effect from each of them, experiments
are conducted for all three datasets with different numbers of labeled data under
four different settings, and the results are shown in Figure 4.6, Figure 4.7 and Table
4.2. Moreover, the performance gain due to self-supervision for feature extraction
and geometry preserving in graph construction is listed in Table 4.3 and Table 4.4,

respectively. It should be noted that all experiments conducted for ablation study
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35 Full-Supervision w/o geometry preserving
'K -~ Full-Supervision w/ geometry preserving

30 1N -4k Self-Supervision w/o geometry preserving
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error rate (%)

500 1000 2000 4000
number of labeled data

FIGURE 4.6: Testing error rate for CIFAR-10 with 500, 1000, 2000, and 4000
labels with different feature learning schemes (self-supervision or full-supervision)
and different graph construction methods in label propagation (preserve local
geometry or not)

purpose in this part are using a simplified version of the proposed algorithm, i.e.,
here the focus is label propagation performance alone so the consistency loss is not
included. By doing so, it can be observed from Figure 4.6 and Figure 4.7 that the
label propagation method (green-triangle line) of the proposed algorithm outper-
forms the label propagation method in [59] (orange-cross line) by a large margin

as here the effects of consistency loss are excluded for both methods.

CIFAR-10: For CIFAR-10 dataset, it can be observed that the use of self-
supervision largely diminishes the impact of labeled data size, as the curves of
self-supervision based algorithms are much flatter than the full-supervision based
ones in Figure 4.6. The favorable generalization capability of self-supervised fea-
tures is very pronounced during low labeled data regime, as more than 14% perfor-
mance improvement can be achieved for 500 labeled data regardless of the method
used for graph construction (in Table 4.3). Then for the use of geometry pre-
serving based graph construction, the results in Table 4.4 are interesting. When
full-supervision is used to extract features, preserving local geometry or not doesn’t
seem to give very different results. While self-supervision is used for feature extrac-
tion, preserving geometry can provide a stable and sustainable performance gain

across different labeled data regimes. It is believed that such behavior difference is
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(a) Testing error rate for CIFAR-100 with 4000 and 10000 labels with different

feature learning schemes (self-supervision or full-supervision) and different
graph construction methods in label propagation (preserve local geometry or
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(b) Testing error rate for miniImageNet with 4000 and 10000 labels with differ-
ent feature learning schemes (self-supervision or full-supervision) and different

graph construction methods in label propagation (preserve local geometry or
not)

FIGURE 4.7: Performance of label propagation for CIFAR-100 and
minilmageNet with varying number of labeled data under different settings.
For each dataset, the labeled data split for each configuration (#. of labeled
data) is the same for fair comparisons. It can be observed that how different
feature learning schemes (self-supervision with {X;, X,,} or full-supervision with
{X1,Y;}) and graph construction methods (preserve local geometry via recon-
structing feature vectors as in Equation (4.5) or without geometry preserving by
constructing graph with pairwise inner product) will affect the final classification
performance. The green-triangle line corresponds to the proposed algorithm and
the orange-cross line corresponds to the method in [59].
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due to that feature space geometry learned from full-supervision is more noisy and
biased than the one learned from self-supervision. Therefore, even if the geometry

is preserved, such information will be less helpful in label propagation.

CIFAR-100: For CIFAR-100 dataset, self-supervision shows its superiority at
both low and hight labeled data regimes regardless of the method used for graph
construction, and larger gain is observed for low labeled data regime (3.54% and
2.85% for 4000 labeled data compared with 0.76% and 1.43% for 10000 labeled
data from Table 4.3). By preserving local geometry for graph construction in
label propagation, the performance is boosted for both self-supervised and fully-
supervised features, which suggests that CIFAR-100 dataset is less susceptible to
noisy feature space geometry during label propagation, as the geometry information

can always provide performance gain under both feature learning schemes.

miniIlmageNet: For minilmageNet, it can be observed that the effects of self-
supervision and geometry preserving are very noticeable, especially at low labeled
data regime. Self-supervision can improve the performance under both graph con-
struction methods. However, the gain of 10.01% and 6.3% when geometry pre-
serving based graph construction is used is obviously higher than 5.41% and 3.05%
without geometry preserving for 4000 labels and 10000 labels respectively (shown
in Table 4.3), which indicates that self-supervised features are better utilized by
geometry preserving based label propagation. The use of geometry preserving
based graph construction gives very different results under the two feature learning
schemes in Table 4.4. Preserving local geometry gives 4.9% and 1.51% performance
improvement when self-supervision is used, while only 0.3% and even -1.74% when
full-supervision is used, for 4000 and 10000 labeled data respectively. Preserv-
ing the local geometry is not only helpless but also harmful to the performance
under full-supervised feature learning scheme, which implies that miniImageNet
dataset is more sensitive and susceptible to noisy feature space geometry during

label propagation.

To summarize, the effectiveness of self-supervision for feature extraction and geom-
etry preserving based graph construction for label propagation are verified on all
datasets across all labeled data regimes and each of them plays a vital role in the
proposed algorithm. Moreover, geometry preserving during label propagation and

self-supervision based feature learning scheme are mutually reinforcing, as neither
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can benefit performance the most without the other, especially for dataset sensitive

to noisy feature space geometry.

4.3.3.2 Proposed Algorithm

Here the results from the proposed algorithm optimized by the full loss function in

Equation (4.17) is reported and discussed .

Visualizations: 2D t-SNE visualizations of embeddings before the last linear
layer for CIFAR-10 testing data are shown in Figure 4.8. From Figure 4.8a to
Figure 4.8b, the effectiveness of the proposed local geometry preserving scheme
with feature learning under self-supervision can be clearly demonstrated. In Figure
4.8a, only 3 classes (class ‘7’, ‘9, ‘1’) can be relatively separated from other classes
and the worst performance is on two pairs: class ‘0’ airplane and class ‘8" ship,
class ‘5" dog and class ‘3’ cat. It can be seen that points belonging to class ‘5’
almost fully overlap with points belonging to class ‘3’, which indicates that the
model cannot distinguish images of dog and cat, and a similar case for class ‘0’ and
class ‘8. Sample images from these two challenging pairs are shown in Figure 4.9,
which can be observed that indeed the contrast between them is not significant,
especially for dog and cat. In Figure 4.8b, a very pronounced improvement can be
observed that almost all ten classes can be separated from each other. For the two
challenging pairs, class ‘0" and class ‘8’ can be separated now and the overlapping
between points of class ‘3’ and class ‘5’ is greatly alleviated. Moving to Figure 4.8c,
i.e., visualization for embeddings from the proposed algorithm where consistency
constraints are utilized on top of the pseudo-labeling approach in Figure 4.8b.
Although there are still some overlapping points from class ‘3’ and class ‘5, the
embeddings now are closer to a perfect clustering compared with Figure 4.8b,
which can confirm that the proposed pseudo-labeling scheme is complementary to

consistency-based algorithms.
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FIGURE 4.8: 2D t-SNE visualizations of embeddings before last linear layer for
CIFAR-10 testing data under different training schemes (all trained with the
same 500 labeled data split): (A) fully-supervised feature learning w/o geome-
try preserving, (B) self-supervised feature learning w/ geometry preserving and
(C) the proposed algorithm. Each point represents one testing image and colors
correspond to ground-truth labels (class 0 to 9 correspond to airplane, automo-
bile, bird, cat, deer, dog, frog, horse, ship, truck). Recommend to view in color
version.
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H "1 .I
5
g, Sp—

Class '0': airplane Class '8': ship

(a) Samples images of airplane and ship from CIFAR-10 testing dataset.

Class '5': dog Class '3': cat

(b) Samples images of dog and cat from CIFAR-10 testing dataset.

FI1GURE 4.9: Two challenging pairs of visual categories in CIFAR-10 dataset:
airplane & ship, dog & cat.
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TABLE 4.6: Top-1 error rate on minilmageNet dataset (%)

Dataset manilmageNet
#. of labeled data 4000 10000
Mean Teacher[52]* 72.51 £0.22 57.55 £ 1.11
AutoAugment|127] 71.76 £0.97  56.71 £+ 0.47

LP[59]1 72.78 £0.15  57.35 £ 1.66
MUSCLE [130]* 62.65 £0.25 52.70 £ 1.12
Proposed 49.21 £ 0.59 41.68 +0.23

1 denotes numbers are results reported in their orig-
inal research works. * For Mean Teacher algorithm,
the numbers are from [59] as their reproduced results
are better than the original work of Mean Teacher
in [52] and they reported results on more datasets.
For AutoAugment algorithm, this result is gener-
ated empirically. x MUSCLE [130] is from a recent
research work in late 2020, which is published after
the proposed algorithm in this chapter.

Comparisons with the state-of-the-art: In Table 4.5 and Table 4.6, the pro-
posed algorithm is compared with previous state-of-the-art semi-supervised learn-
ing methods. All methods in Table 4.5 use the same 13-layer CNN network archi-
tecture and all methods in Table 4.6 use the same ResNet-18 network architecture
for fair comparisons. The results averaged over three different data splits for each
configuration are reported. As AutoAugment [127| is used in consistency con-
straints for the proposed algorithm, a baseline model is generated by using it alone
and also report its performance in Table 4.5 and Table 4.6. AutoAugment is used
for data augmentation in fully-supervised training in its original paper, here it is
utilized in consistency-based semi-supervised learning by optimize the loss function
in Equation (4.17) without the pseudo-labeling loss, i.e., the second term, and all
other settings remain the same. The top part of Table 4.5 and Table 4.6 summa-
rizes consistency-based semi-supervised learning algorithms and the bottom part
summarizes pseudo-labeling based algorithms. MUSCLE [130] is from a recent re-
search work in late 2020, which is published after the proposed algorithm in this
chapter. MUSCLE is included in Table 4.5 and Table 4.6 to further strengthen
the comparisons with related research works. TSSDL [57], LP [59] and MUSCLE
[130] have incorporated consistency loss in their works, similar with the proposed
algorithm. Among all algorithms, the proposed algorithm achieves the best results

on all three datasets from low labeled data regime to high labeled data regime.
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CIFAR-Datasets: Among pseudo-labeling based algorithms, the improvement
that the proposed algorithm has made over the previous state-of-the-art [59] is
ranging from 3.96% to 14.13%. Comparing with AutoAugment baseline model, it
can be observed that the proposed pseudo-labeling scheme is capable of boosting
the performance by a large margin, especially in low labeled data regime (up to
10.62% performance gain). Such behavior once again verifies the efficacy of the pro-
posed pseudo-labeling scheme for semi-supervised learning, as the model capability

in extreme low labeled data regime reveals its core competence.

minilmageNet: The proposed algorithm achieves very notable performance on
manilmageNet dataset by giving an error rate lower than 50% and 42% with only
4000 labels and 10000 labels respectively. Performance gains of 21.08% and 15.67%
have been made over the previous state-of-the-art [59] with 4000 labels and 10000
labels respectively. 49.21% error rate with 4000 labels has been achieved, which is
lower than 57.35% with 10000 labels by [59], meaning that the proposed algorithm
can beat previous state-of-the-art with 2.5x fewer labels by 8.14%.
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4.4 Summary

This chapter presents the second work of this thesis, i.e., a novel transductive
pseudo-labeling based semi-supervised learning algorithm, which has addressed
the biased and over-fitted feature mapping problem during label propagation for
pseudo label inference. Related research works and their limitations are discussed
in Section 4.1. Existing label propagation based methods fail to extract clean
semantic features due to noisy fully-supervised training with limited labeled data
and commonly ignore local geometry information in latent feature space. In Section
4.2, a novel pseudo-labeling scheme via label propagation for deep semi-supervised
visual recognition is proposed. The proposed scheme incorporates self-supervised
learning into feature extraction to utilize all training data so that unbiased and
clean information flow can be achieved in subsequent label propagation. Local
geometry information is preserved in the proposed scheme by reconstructing feature
vector with its neighbors during similarity graph construction. In ablation study of
Section 4.3, synergistic effects are observed on features learned with self-supervision
and local geometry preserved label propagation. Such empirical results confirm
that information flow from labeled data to unlabeled data should be kept noiseless
and with minimum loss for semi-supervised learning, which may inspire future
research works. The proposed pseudo-labeling scheme is applied together with
consistency constraints in the proposed algorithm as they are complementary to
each other. In Section 4.3, experiments conducted on three benchmark datasets
demonstrate the effectiveness of the proposed algorithm and results show that
the proposed algorithm consistently outperforms most of the state-of-the-art semi-

supervised learning methods under the same network architecture.



Chapter 5

End-to-end Novel Visual Categories
Learning via Auxiliary

Self-Supervision

Chapter 5 explores the use of self-supervised learning in novel visual categories
learning as an auxiliary task and introduces an end-to-end novel visual categories
learning algorithm by utilizing self-supervision signals simultaneously with pairwise
similarity information. Section 5.1 reviews the limitation of previous related works
in novel visual categories learning and presents the research motivations. Detailed
explanations of the proposed end-to-end novel visual categories learning algorithm
via auxiliary self-supervision are given in Section 5.2. Section 5.3 validates the pro-
posed algorithm on three benchmark datasets for both novel categories clustering

task and mixed classification task.

86
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5.1 Background and Motivations

Semi-supervised learning has largely alleviated the strong demand for large amount
of annotations in deep learning. Many state-of-the-art semi-supervised learning
methods are capable of achieving good performance with much less labels than
those of supervised baseline [46], [47], [49], [51], [52], [55], [59], [131], [132]. Under
a common assumption adopted by semi-supervised learning algorithm, there is
always labeled data available from the same class of unlabeled data. However,
it is difficult to satisfy such strict assumption in most real-world situations. The
unlabeled data may come from novel categories, which means that no overlapping
between existing classes of labeled data and unknown classes of unlabeled data. In
this work, the focus is on semi-supervised learning when the categories of unlabeled
data and labeled data are disjoint from each other. As shown in Figure 5.1, the
labeled /unlabeled dataset split scheme for novel categories learning is different from

the one in Chapter 4 (Figure 4.5).

......

cat dog bird frog deer horse

- labeled |:| unlabeled

FIGURE 5.1: Labeled/unlabeled dataset split scheme

One example in real-world applications is e-commerce platform. For the e-commerce
platform, products need to be categorized for the convenience of users. However,
a flux of new products come in everyday and even every second. How to do the
classification for those new products that belong to unseen categories? This is the

question that this chapter is going to discuss.

When labeled and unlabeled data belong to disjoint categories, label information
from labeled data is not related to unlabeled data, which means that discriminative
information has difficulty to transfer from labeled data to unlabeled data. Previous
research works [81]-[83] have utilized pairwise similarity information to handle such
problem. Pairwise similarity refers to identifying whether two data are similar or

dissimilar and it is assumed that two images belong to the same category if they are
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similar, otherwise they belong to different categories. Pairwise similarity informa-
tion is a weaker supervision signal compared with multi-class label information, and
the empirical results [81]-[83] suggest that such weak supervision signal is more apt
to novel visual categories learning than the other. KCL proposed in [82] and MCL
proposed in [83| generate pairwise similarity pseudo labels for unlabeled data by a
similarity prediction network (SPN), which is trained by labeled data at the first
stage. As the SPN is solely learning on the pairwise relationship of labeled data, the
model is biased and can easily over-fit noises. AutoNovel proposed in [81] utilizes
RotNet for feature learning and feature vectors are compared via rank statistics
to construct pairwise similarity pseudo labels. The use of self-supervised learning
(RotNet) in AutoNovel has alleviated the over-fitting problem on labeled data, but
problems still remain. In AutoNovel, most convolutional blocks of the model are
frozen after the RotNet pre-training stage and only one single convolutional block
together with the linear layer are updating in the subsequent discriminative train-
ing stage, which is to avoid the forgetting issue as the network may once again

over-fit to labeled data if the whole network is updated.

In this work, an end-to-end novel visual categories learning algorithm is proposed
by introducing auxiliary task via self-supervision. Self-supervised learning has
demonstrated very prominent results in the field of unsupervised feature learning
[133]. Pretext tasks are defined in self-supervised learning and the required su-
pervising signals are free to get, e.g., angle of rotational transformation that has
been applied [20], color of the image [17] and order of patches from the same image
[19]. Such self-supervision signals apply to both labeled and unlabeled data, and
are argued to be able to teach models on studying high-level features. Instead
of utilizing self-supervision as a pre-training stage, which is commonly adopted
for semi-supervised learning purpose [20], [81], [134], self-supervision signals are
incorporated with pairwise similarity information to supervise the model simulta-
neously in the proposed algorithm. Thus, supervising signals injected to the model
will have strong regularization so that performance degradation caused by noisy

and biased pairwise pseudo labels can be largely alleviated.

Moreover, local data structure information in feature space is exploited to fur-
ther improve the quality of pairwise pseudo labels. Methods proposed in [82] and
[83] generate pseudo labels with static function/network, whereas [81] constructs

pseudo labels on-the-fly with rank statistics. Inspired by the superior performance
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of the latter one in [81], similar philosophy is adopted, i.e., producing pairwise
pseudo labels by comparing feature vectors. However, feature space trained with-
out ground-truth label information is noisy. Vanilla similarity metrics, e.g., cosine
similarity, may fail to capture correct relationship between feature vectors. There-
fore, conditional probability in symmetric Stochastic Neighbor Embedding (SNE)
[22] is proposed to be used as pairwise similarity measure to enforce local proper-
ties, which are more robust to noisy feature space.

The main contributions are summarized as follows:

1. An end-to-end novel visual categories learning algorithm is proposed by uti-
lizing self-supervision signals simultaneously with pairwise similarity informa-
tion, which is the first research work that does not require model pre-training
such that end-to-end learning can be achieved for novel visual categories

learning.

2. Robust local structure properties in noisy feature space are utilized for the
construction of pairwise similarity pseudo labels. In the ablation study, exper-
iment results have verified that pairwise similarity pseudo labels constructed
by the proposed algorithm can capture data relationship more accurately

than that of commonly-used cosine similarity method.

3. Extensive experiments conducted for three commonly-used visual datasets,
i.e., CIFAR-10, CIFAR-100 and SVHN, have demonstrated the effectiveness
of the proposed algorithm as it is observed that the proposed algorithm has

outperformed other state-of-the-art methods on benchmark datasets.
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5.2 Proposed Algorithm

5.2.1 Problem Formulation

Given a set of image data X = {1, xs, ..., xnx }, labels are only known for part of the
classes, denoted by {X;,V;}, and Y; = {y1, 42, ..., u1} are the corresponding labels
for labeled data X;. The number of all possible classes in Y] is denoted as ¢;. For
remaining data in X, the corresponding labels are unknown, denoted by {X,, Y, }.
The number of all possible classes in Y, is denoted as ¢,, which is assumed to be
known. Y, (Y, = &, i.e., the label classes in X, are disjoint from label classes in
X;. X;and X, are assumed to share certain common knowledge such that they do
not differ too much. The objective is to correctly cluster X, into the number of ¢,

classes as much as possible with given {X;,Y;}.

5.2.2 End-to-end Novel Visual Categories Learning via Aux-

iliary Self-Supervision

The illustration of the proposed algorithm is shown in Figure 5.2. Predicting the
angle of rotational transformation that has been applied to original images pro-
posed in [20] is utilized in the proposed algorithm as auxiliary self-supervision
task. Three different linear classifiers are used to map data points from sharing
feature space to three target spaces, i.e., pairwise similarity pseudo label space,
categorical label space and self-supervision label space respectively, which corre-
spond to three modules in the proposed algorithm. In the following subsections,

detailed explanations are presented for each module.

5.2.2.1 Pairwise Similarity Learning

Without any pre-training or fine-tuning being performed, the proposed algorithm
starts with a random initialized CNN network. Image data in X is fed into the
network and the corresponding feature vector ¢; before linear layers for each x; €
X, is collected to compute the pairwise similarity. As there is no label information
for X, the learned feature space is vulnerable to noise. Therefore, robust local data

structure information in the feature space is proposed to be exploited to mitigate
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such impact. Conditional probability proposed in symmetric SNE [22] is used to
represent the similarity s;; between ¢; and ¢;, computed with Equation (5.1) and
Equation (5.2).

exp(—|l¢; — ¢ill*/T?)

= 5.1

Pis = S ep (=11, — B4/ T) (5-1)
1

sij = 5 (Pilj + i) (5.2)

where p;; represents the conditional probability of ¢; being selected as a neighbor
of ¢;, given by a Gaussian distribution centered at ¢;, as shown in Equation (5.1).
If two feature vectors are not close enough to each other, the probability will be
small. Temperature coefficient T' controls the number of neighbors being consid-
ered.

After the computation of similarity s;;, binary cross-entropy loss is calculated ac-
cordingly to enforce the network giving similar predictions for image data with

similar feature vectors, as shown in Equation (5.3) and Equation (5.4).

1 e — T~
Lpcr = 3 Z Z{Aw log(y; -¥j) + (1 — Ajj) log(1 — yi “yi)} (5.3)

i=1 j=1

A = 1L ifsy>T (5.4)
si; otherwise

where y; = softmax(fe1(¢;)) € R, the output from linear layer f. for feature
vector ¢; followed by a softmaz function. In the proposed algorithm, the network
is expected to be updated once per batch. Therefore, Lgcp is calculated for image
data in a batch and m is the number of unlabeled data in a batch. Similarly, the
calculation of s;; is done for each batch, instead of the whole dataset. A;; equals
to 1 if two image data x; and x; are considered to be similar, i.e., s;; is larger than
the threshold value 7. Here the inner product between y; and y; measures the

similarity between network predictions for image data z; and x;.

As the calculation of pairwise pseudo label A;; is performed for every batch, the cor-
responding computational complexity is O(m?) according to Equation (5.1). The
computational complexity is independent with the training data size, which makes
the proposed algorithm more applicable to large datasets from the perspective of

computational efficiency.



Chapter 5. E2E Novel Visual Categories Learning 93

5.2.2.2 Mixed Label Classification

Besides pairwise similarity learning for unlabeled data, discriminative feature learn-
ing for classification is essential as label information is known for X;. Firstly cross-
entropy loss £; between the network predictions and Y] is calculated for all data in
X;. For cross-entropy loss £, on unlabeled data, predictions f.;(¢;) produced by
the network in the previous pairwise similarity learning can be used to infer pseudo
labels. Therefore, cross-entropy loss is computed between the network predictions
and true labels for X; together with pseudo labels for X,,. One more linear layer f.o
is added to the network to map feature vectors to label space of dimension ¢; 4 ¢,.

The computation of Log is shown in Equation (5.5).

£CE - [,l + ﬁu

1 ~ ~
= _ﬁ( Z log(Yi)yi + )‘pl lOg(Yi>pi)

1T, €X) 12, €Xy

(5.5)

where n is the batch size, i.e., the total number of labeled data and unlabeled data
in a batch, y; = softmax(feo(¢;)) € R, the output from linear layer f.o for
feature vector ¢; followed by a softmax function, y; is the ground-truth label, A, is
the weight coefficient for pseudo labels and the pseudo label p; for each unlabeled
data is inferred with Equation (5.6).

pi = ¢ + arg max{softmax(fa(¢:))} (5.6)

Pseudo label p; is inferred by the output from the first linear layer f.; incremented
by ¢;, as pseudo labels are mixed together with ground-truth labels to calculate
the loss. Similar to [81], consistency loss is added on the output from linear layer
fe1 and f.o to enforce the stability and robustness of the proposed algorithm, as

shown in Equation (5.7).

Lass = —— 3 llsoftmar(fa(é0) = softma(fa(6:)|

1 €X]
X (5.7)

t Y llsoftmar(fua(1)) = softmaz(f(60)|*

i €EXy

where éﬁ\l denotes the feature vector of Z;, a random-augmented counterpart of x;.
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TABLE 5.1: Different linear layers of the proposed algorithm

Linear Layer Output Dimension Loss Function

fcl Cu £BCE
fe2 Cy+ C Lcg
fes 4 LRot

5.2.2.3 Self-Supervised Learning

Pairwise similarity learning builds the pairwise relationship between unlabeled data
based on the learned feature space, which is primarily supervised by the label
information of X, shown in Equation (5.5). However, the extracted features solely
depending on image data from labeled classes are highly likely to be biased and
its generalization capability for unlabeled data will be degraded. To alleviate such
problem, the proposed algorithm gives additional supervision signal other than the
label information, which is only available for limited number of data. In [20], the
network is trained to predict rotational geometric transformation that has been
applied to the image data, serving the role of self-supervision. The rotation-based
self-supervision signal is incorporated into the proposed algorithm by requiring the
network to classify image categories and rotational transformations that has been
applied simultaneously.

Every image z; € X is rotated by {0°,90°,180°,270°}, and the rotated images
X are fed into the same network to get feature vectors, as shown in Figure 5.2.
The third linear layer f.3 is added to map feature vectors of rotated images to
surrogate label space of dimension 4. Rotation loss Ly, is calculated by computing
the cross-entropy loss between network prediction y; and rotational surrogate label
r = {0,1,2,3} for images after rotational transformation of {0°,90°, 180°,270°}

respectively, as shown in Equation (5.8).

1
=—= " log(Fi)n, .
£Rot n Og<y1>n (5 8)

iz, €X

where y; = softmaz(fs(¢;)) € R, the output from linear layer f.3 for feature
vector ¢; of all rotated images followed by a softmaz function. The summary of

the three different linear layers f.;, f.o and f.3 is given in Table 5.1.

The overall objective function is computed in Equation (5.9).

Lai = (1 = Agot)(Lecr + Log + BLMSE) + Arot L Rot (5.9)
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where Ag,; controls the relative importance between auxiliary self-supervision and
explicit label information, and 8 determines the weight of consistency loss. The

pseudocode for the proposed algorithm is summarized in Algorithm 5.

Algorithm 5 End-to-end Novel Visual Categories Learning via Auxiliary Self-
Supervision

1: Input: Labeled training images from known classes and the corresponding
labels {X;,Y;}, unlabeled training images X, from novel classes, the number
of all possible labeled classes ¢;, the number of all possible novel classes c,,
temperature coefficient 7', threshold value 7, weight coefficient \,;, Ay and
B, convolutional layers of random initialized neural network gs( - ), three linear

layers fcl(')foQ(')foB( )

2: for epoch < 1 to # of training epochs do
3: for sampled minibatch B do
4: bicn < 9o(T:)
5: fori,j € BNX, do
. . exp(—||¢;—ill*/T?)
6: Pili = 5 exn(= 8, /T2
7 sij < 3(Pij + Pjii)
8: Lpcr < Y L(Ay, fa(di), fe (), where A;; is defined in Equation (5.4)
9: pi < ¢ + argmax{softmax(fa(p;))}
10: Lop < Y iepnx, LWis fea(0) + A X iepx, Lpis fea(9))
11: Tiep « randomly augment z;
12: ¢Z < gg(Z/L’\Z) N R
13: Larse < D iepnx, Lfea(9i), fe2(90)) + X icpax, L(fer (i), far (i)
14: T < rotate x; by 0°,90°,180°,270°
15: OF < go(al)
16: riep < {0,1,2,3}
17: Lgot < ZieB L(rs, fe3(6))
18: loss <= (1 — Agot)(LBer + Lo + BLuSE) + ArotLRot
19: update fei(-), fea(+), fes(+) and go(-) > back-propagation
20: Output: Model parameters 6 of go(-) and fei(-), fea(+), fes(+)
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5.3 Experiments

5.3.1 Datasets

e CIFAR-10 dataset [121] is one commonly-used benchmark dataset for visual
classification. There are total 60,000 color images of size 32 x 32, evenly
distributed among ten different classes. For each class, 5000 images belong

to training data and the rest 1000 images belong to testing data.

e CIFAR-100 dataset [121] is similar to CIFAR-10 in terms of dataset size,
but CIFAR-100 is much more challenging than CIFAR-10 as there are more
diverse images in CIFAR-100. There are total 60,000 colorful images of size
32 x 32, evenly distributed among 100 different classes. For each class, 500
images belong to training data and the rest 100 images belong to testing

data.

e SVHN (Street View House Numbers) dataset [135] is a real-world digit num-
ber recognition dataset, comprising 73,257 and 26,032 colorful images of size
32 x 32 for training and testing data respectively. There are total 10 classes

in SVHN dataset, where each digit number represents one class.

5.3.2 Implementation

The network architecture used is ResNet-18 [3]. For CIFAR-10 and SVHN dataset,
half of the training data are used as labeled data and the other half are used as
unlabeled data, i.e., ¢, = ¢, = 5. An illustration for CIFAR-10 dataset split is

given in Figure 5.3.

For CIFAR-100, 80 classes of training images are used as labeled data and the rest
20 classes of training images are utilized as unlabeled images from novel categories,
i.e., ¢, = 80 and ¢, = 20. For the hyper-parameter setting, Agr. is set to be 0.8 for
all datasets and the settings reported in [81] are followed for the weight coefficient
Api of pseudo labels and the weight 3 of consistency loss. A\, and [ take the form

of a ramp-up function w(t) along the training process, computed with Equation
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(5.10).

to
w(t) = exp(=5(1 = 7)°) (5.10)

Apt = Api cw(t), B(t) = Anpse - w(t)

where t is the current training epoch and T is the total number of epochs in one
period. T is set to be {50,300,80}, A,.sis set to be {5,25,50} and A, = 0.05 for
{CIFAR-10, CIFAR-100, SVHN}. The total number of training epochs is set to be
{200,400, 200} and initial learning rate is set to be {0.05,0.1,0.05} for { CIFAR-10,
CIFAR-100, SVHN}. The illustration for the ramp-up function w(t) for CIFAR-100

is shown in Figure 5.4.

1.0

© © o
IN o o)

ramp-up function

©
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epochs

FIGURE 5.4: Ramp-up function for CIFAR-100

For all datasets, Stochastic Gradient Descent (SGD) optimizer is used for back-
propagation and the learning rate follows a cosine annealing scheme [129]. The
batch size is set to be {128,256, 128}, temperature coefficient 7" in Equation (5.3)
is set to be {1,0.5,1}, and threshold value 7 in Equation (5.4) is set to be 0.01 for
{CIFAR-10, CIFAR-100, SVHN}. The implementation details are given in Table
5.2.
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TABLE 5.2: Implementation details of the experiments

CIFAR-10 CIFAR-100 SVHN

Initial Learning Rate 0.05 0.1 0.05
Batch Size 128 256 128
Total Training Epochs 200 400 200
a 5 80 5
Cu 5 20 5
T 50 300 80
Anse 5 25 50
T 1 0.5 1
Network ResNet-18
Optimizer SGD

LR Annealing Scheme cosine

ARot 0.8

Ay 0.05

T 0.01

5.3.3 Evaluation

As the objective is to cluster X, the proposed algorithm is evaluated with clus-

tering accuracy ACC metric in Equation (5.11):

1
ACC = max R —— (5.11)

permeP N — l

where 7; is the network prediction for unlabeled data x; € X, i.e.,
y; = arg max{softmazx(fe.1(¢;))} and y; is the ground-truth label. P denotes all
possible permutations for the indices of ¢, clusters. ¢ denotes Kronecker delta

function.

5.3.4 Experiment Results
5.3.4.1 Clustering accuracy

The clustering capability of the proposed algorithm is compared with previous
state-of-the-art methods in Table 5.3. JRLNCD [136] is from a recent research work
in 2021, which is published after the proposed algorithm in this chapter. JRLNCD
is included in Table 5.3 to further strengthen the comparisons with related research

works. Seven methods listed in the bottom part of Table 5.3 including the proposed
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algorithm have utilized self-supervised learning, whereas those listed in the upper
part haven’t. Methods in the bottom part of Table 5.3 generally perform better
than those in the upper part, which indicates that it is beneficial to use self-
supervised learning for the clustering task of concern. Among all methods that
have utilized self-supervised learning, the proposed algorithm achieves the best
results on all three datasets. The results of the proposed algorithm surpass the
previous state-of-the-art results of AutoNovel [81] by 1.9%, 6.1% and 0.2% on all
three datasets. Moreover, it can be observed that the proposed algorithm has more
stable performance compared with AutoNovel [81]. For CIFAR-100 dataset, the
clustering accuracy of the proposed algorithm has a standard deviation of 1.9%,
which is much smaller than that of AutoNovel (4.2%).
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5.3.4.2 Mixed classification performance

Besides the clustering capability of the trained model on unlabeled training images,
classifying new and unseen images from either "old" classes or "novel" classes is
of great significance for practical applications. Therefore, the proposed algorithm
is further evaluated together with other state-of-the-art ones on classification per-
formance on testing images in these three datasets. In this case, the output from
linear layer f. is evaluated, and the results are listed in Table 5.4 and Table 5.5. On
CIFAR datasets in Table 5.4, the proposed algorithm achieves the best results for
all categories. The proposed algorithm has outperformed others on both "old" and
"novel" classes. It indicates that the proposed algorithm is not biased to either cat-
egory, as the trained network generalizes equally well on both. For SVHN dataset
in Table 5.5, the proposed algorithm achieves the best result on "old" classes, but
AutoNovel [81] beats the proposed algorithm on "novel" classes. As classifying
SVHN dataset is a relatively easier task compared with CIFAR datasets, the rea-
son is deduced to be that over-fitting has degraded the performance. In AutoNovel
[81], label information is only used to tune the last block of network while most
parameters are frozen after self-supervised learning, which limits the learning capa-
bility but meanwhile largely avoids over-fitting. Comparing with AutoNovel [81],
the proposed algorithm is able to capture more information as the whole network
is updating during the training process, whereas over-fitting problem may arise
when dealing with relatively easy datasets. Despite its suboptimal performance on
"novel" classes, the proposed algorithm still achieves the best result on the whole

testing dataset including all images from both "old" and "novel" classes.
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TABLE 5.5: Mixed Classification Performance on SVHN dataset
(%)

Dataset SVHN

Category Old Novel All
KCL[82] w/ SSL.  90.3+0.3 65.0+0.5 81.0+0.1
MCLI[83] w/ SSL 94.0+0.2 48.6+0.3 77.24+0.1
DTC[92] w/ SSL  90.5+0.3 728+0.2 84.0+0.1
AutoNovel [81] 96.3+0.1 96.14+00 962+0.1
Proposed 976 +02 948+0.3 96.5+0.1

5.3.4.3 Ablation Study

To evaluate each module of the proposed algorithm, ablation study is performed
on CIFAR-100 dataset and the results are listed in Table 5.6.

Self-supervised learning: First of all, the bias between mixed classification per-
formance on "old" classes and "novel" classes are largely alleviated due to the use
of self-supervision, as the discrepancy, i.e., the classification accuracy gap between
"old" classes and "novel" classes, 8.90% of proposed and 12.54% of variant (7)
are lower than 18.96% of variant (1). Secondly, it is observed that self-supervised
learning can always boost the performance on both clustering and mixed classifi-
cation for "novel" classes by comparing variant (7) and proposed with variant (1).
Lastly, the results have verified the argument that leveraging self-supervision simul-
taneously with pairwise similarity information can further boost model’s learning
capability as the proposed algorithm outperforms variant (7) by a significant mar-
gin on all evaluation metrics. The difference between the proposed algorithm and
variant (7) is the way how self-supervision is utilized: self-supervision and pairwise
similarity information are jointly training the network in the proposed algorithm

while self-supervision is only used for pre-training in variant (7).

The learning curves for the proposed algorithm and variant (7) are presented in
Figure 5.5. It can be observed that at the initial training stage, variant (7) outper-
forms the other, which is reasonable as variant (7) is fine-tuned with labeled data
after pre-training. As the training continues, the lead of variant (7) shrinks quickly,
especially during the last 150 epochs. On the contrary, the clustering accuracy of

the proposed algorithm is improving significantly with more training epochs. As
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the whole network is updating in the proposed algorithm, the learning capability
of the model is better than the one in variant (7). For variant (7), error signals
only back-propagate to the final convolutional block and the linear layer (the pa-
rameters for the rest of the network are frozen) to avoid the forgetting issue, which

greatly limits the learning capability of the model.

0.8 1

e o o
I [ o

clustering accuracy

o
w

—— Proposed
Variant 7

o
N

0 50 100 150 200 250 300 350 400
epochs

FIGURE 5.5: Ablation study: Self-supervised learning. For variant (7), the pre-
training and fine-tuning schemes in [81] are followed.



106

Chapter 5. E2E Novel Visual Categories Learning

"UOIYRZI[RITUL JIOM)SU 9} 10] ATjuspuadopur pazi[in A[uo st

Surures] posiatodns-Jos “o'1 ‘pomo[[o] aIe [[g] ur seweros Suruny-ouy pue Jururer)-oid o], ,
‘[18] ur sorystyess yuer yym pooepder st Ariqeqord Teuonpuoo pasodoxd oy, *

"HD8 7 J0 UOTYR[NO[RD O} I0J SINSBOUL A}LIR[IWUIS SB

nﬁ = ltg o1 “Lyrrerruats oursoo Yjm pooerdor st Lyifiqeqoid [euorjipuod pesodoid oy T, L
GL'89 GL'8G  6CTL G6FL LUolyezIfenyur sk GG YA pasodorg (L) Juerrep
6LTL GLT9 6GGL VIVL X¥SO1YSTYRYS SURT [iim pasodord  (q9) juerrep
96'cL SV'E9  6EGL 966 }&yurerruats outsod i pesodord  (v9) jueLIRA
ce'e9  0V'1E  10°CL 16°¢¢ 4087y qnotyim pesodorg  (G) juerrep
0229 06LV GLLL 67°¢L "7 yoyyim pasodord  (F) yueLIRA

ve'8  Gvee IT¥ 00'TS 17 motym pesodord  (g) yueLIRA

9T'eL G799  60°GL L6'6L TSIy qnotym pesodorg  (g) yuetIep

c6'TL G8LG  T89L 86°0L a7y motyim pesodord (1) yuerrep
60F7L 00L9 066GL 6608 pasodoiq
IV [PAON  PIO OOV uoneIqy

UOIYedYISSB[)) POXIJ]A SJulidjsni)

(%) Apnjg uone[qy :9°¢ @1dv],



Chapter 5. E2E Novel Visual Categories Learning 107

Pairwise similarity learning: Firstly, it is observed that pairwise similarity
learning is the most crucial module for novel categories learning as only 33.51%
and 31.40% accuracies have been achieved by variant (5) for clustering and mixed
classification on "novel" classes respectively, which are the worst results among
all variants. Secondly, the use of conditional probability as pairwise similarity
measurement can capture such pairwise relationship much more accurately in the
feature space than commonly-used cosine similarity. It can be observed by com-
paring proposed with variant (6a) that the proposed algorithm has outperformed
variant (6a) by significant margins of 5.43% and 3.55% for clustering and mixed
classification on "novel" classes respectively. Moreover, the rank statistics pro-
posed in [81] are also compared with the proposed one, as shown in variant (6b).
The result indicates that the rank statistics are less robust to noises in the feature
space trained with the proposed learning framework, as the clustering and mixed
classification accuracy of variant (6b) are less than 75% and 62% on "novel" classes

respectively, which are even poorer than those of variant (6a).

The learning curves for the proposed algorithm, variant (5), variant (6a) and variant
(6b) are presented in Figure 5.6. First of all, the effectiveness of pairwise similarity
learning is further verified as the clustering accuracy of variant (5) remains at pretty
low level compared with others. Secondly, it can be observed that the learning
curves for the proposed algorithm, variant (6a) and variant (6b) almost overlap
with each other during the first 100 epochs and they can only be differentiated
clearly during later training epochs. The reason is believed to be that the noise in
the feature space during early training stage is relatively high such that different
pseudo label construction schemes perform similarly and the superiority of effective
construction scheme can only be revealed during late training stage as noise is

reduced after certain training epochs.

Mixed Classification: By comparing variant (3) and (4) with the proposed al-
gorithm, it can be noticed that mixed classification plays an important role for
both "old" and "novel" classes learning. Without £,, the pseudo labels inferred by
output from f.; are not utilized. Both clustering accuracy and mixed classification
performance on "novel" classes have dropped and the trained network is largely bi-
ased to "old" classes during mixed classification, as the highest mixed classification

accuracy on "old" classes has been achieved but it only reaches 47.90% accuracy
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FIGURE 5.6: Ablation study: Pairwise similarity learning. For variant (5), Lpcp
is not included for the model optimization. For variant (6a), the proposed con-
ditional probability is replaced with cosine similarity. For variant (6b), the pro-
posed conditional probability is replaced with rank statistics in [81].

on "novel" classes for variant (4). Without £;, i.e., the ground-truth label infor-
mation for "old" classes is removed, all evaluation metrics have dropped a lot. The
effectiveness of consistency loss L£j;5p has been demonstrated by comparing the

proposed algorithm with variant (2).

The learning curves for the proposed algorithm, variant (2), variant (3) and variant
(4) are presented in Figure 5.7. As the loss term £, contributed by pseudo labels
of X, and the consistency loss term L,;5r have weight coefficient in the form of
ramp-up functions (as shown in Figure 5.4), the effectiveness of the two loss terms
is gradually demonstrated along the training process (corresponds to the three
learning curves of the proposed algorithm, variant (2) and variant (4) in Figure
5.7). For the learning curve of variant (3), although the clustering accuracy is
improving with more training epochs, the performance is left behind by others
with a significant margin. Such results indicate that the use of prior knowledge,

i.e., the labeled data for novel categories learning, is beneficial for clustering.

To summarize, the proposed algorithm achieves best results on both clustering and



Chapter 5. E2E Novel Visual Categories Learning 109

0.8' JVMV—’*'-"' -
0.7
3 0.6
o
=}
0.5
[@)]
£
o 0.4
®
3
Y 0.3
—— Proposed
0.2 Variant 2
—— Variant 3
0.1 —— Variant 4
0 50 100 150 200 250 300 350 400

epochs

FIGURE 5.7: Ablation study: Mixed Classification. For variant (2), Lasg is
not included for the model optimization. For variant (3), £; is not included
for the model optimization. For variant (4), £, is not included for the model
optimization.

mixed classification tasks on "novel" classes. Although the highest mixed classifi-
cation accuracy on "old" classes is achieved by variant (4), the price is to sacrifice
the classification capability on "novel" classes. The effectiveness of proposed pair-
wise similarity pseudo label construction scheme has also been demonstrated by
the comparisons with variant (6a) and (6b). Moreover, the superiority of the pro-
posed end-to-end training via auxiliary self-supervision is clearly validated by the

comparison with variant (7).

From Figure 5.8 to Figure 5.10, 3D t-SNE visualizations for feature vectors ¢
of training images from novel classes are demonstrated for models with different
training schemes. Without Lg,, i.e., only pairwise similarity information and
ground-truth label information are supervising the model, feature vectors belonging
to different classes are not well separated and some parts are connected with each
other as shown in Figure 5.8. For the case when pairwise similarity is measured by
cosine similarity or rank statistics, there are more feature vectors clustered to the
wrong groups compared with the proposed algorithm as shown in Figure 5.9 and
Figure 5.10, indicating using conditional probability as pairwise similarity criterion

is more accurate than cosine similarity and rank statistics.
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(a) The proposed algorithm

(b) The proposed algorithm w/o Lget

FI1GURE 5.8: 3D t-SNE visualizations of embeddings ¢ for CIFAR-100 unlabeled
training data under different training schemes (A). Each single point represents
one unlabeled training image and different colors correspond to ground-truth
labels. Recommend to view in color version.
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(a) The proposed algorithm

(b) The proposed algorithm w/ cosine similarity

FI1GURE 5.9: 3D t-SNE visualizations of embeddings ¢ for CIFAR-100 unlabeled
training data under different training schemes (B). Each single point represents
one unlabeled training image and different colors correspond to ground-truth
labels. Recommend to view in color version.
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(a) The proposed algorithm

(b) The proposed algorithm w/ rank statistics

FI1GURE 5.10: 3D t-SNE visualizations of embeddings ¢ for CIFAR-100 unlabeled
training data under different training schemes (C). Each single point represents
one unlabeled training image and different colors correspond to ground-truth
labels. Recommend to view in color version.
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5.4 Summary

This chapter presents the third work of this thesis, i.e., a new end-to-end novel
visual categories learning algorithm, which has addressed the learning difficulty of
novel categories due to over-fitting problems on known categories. In Section 5.1,
previous research works are reviewed and motivations of this work are discussed.
Two major issues inherent in prior relevant methods reported in literature are
limitation of learning capability due to the difficulty for end-to-end training and
pairwise similarity pseudo labels’ vulnerability to noise and bias. In Section 5.2,
the end-to-end novel visual categories learning algorithm where self-supervision is
utilized as an auxiliary task is proposed. To address the limitations of previous
methods, surrogate labels from self-supervision are proposed to be used together
with pairwise similarity pseudo labels to train the model simultaneously, which is
expected to provide extra supervision and regularization for end-to-end learning.
Moreover, robust local data structure information in noisy feature space is proposed
to be exploited for the construction of pairwise similarity pseudo labels. As such,
the quality of pairwise pseudo labels can be further improved. The ablation study
in Section 5.3 has demonstrated the contribution from each single module and
has shown the efficacy of proposed designs. Experiments have been conducted on
three commonly-used visual datasets i.e., CIFAR-10, CIFAR-100 and SVHN. The
results have indicated the effectiveness of the proposed algorithm as the proposed

algorithm has outperformed previous state-of-the-art algorithms significantly.



Chapter 6

Conclusions and Future Works

Chapter 6 gives a summary for this thesis based on Chapter 3, Chapter 4 and
Chapter 5 in Section 6.1 , followed by a discussion on future research directions in

Section 6.2.
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6.1 Conclusions

This thesis investigates the over-fitting problem in deep feature learning for visual
recognition under different frameworks. Figure 6.1 shows the overall structure for
the main contents in this thesis. Starting from the over-fitting problem, two major
perspectives are defined, i.e., the model architecture and data annotation. The first
work in Chapter 3 is focusing on the over-fitting problem due to model architecture.
To be more specific, the over-fitting problem arising from over-deepened CNN
model as the feature extractor for ELM classifier is addressed in Chapter 3. The
second and the third work are focusing on the over-fitting problem due to the
lack of data annotation. The second work in Chapter 4 has addressed the over-
fitting problem of feature mapping during semi-supervised learning, where a large
amount of the data are unlabeled. The third work in Chapter 5 has explored the
novel visual categories learning, i.e., the categories of labeled data and unlabeled
data are disjoint from each other, which highly likely gives rise to overfitting on

labeled categories.

Over-fitting

Model Data

Architecture Annotation
1. Supervised Hybrid 2. Semi-Supervised 3. Novel Visual
Model: CNN + ELM Image Reconition Categories Learning
Over-deepened Structure Lack of Annotation

FIGURE 6.1: Overall structure of this thesis

The main conclusions and insights of this thesis are summarized as follows:

(1) CNN model as a feature extractor for ELM classifier on image classification

should be deep and also wide.

ELM is an efficient and powerful classifier, as reviewed in Section 2.1. For solving

complex visual tasks, CNN model as a deep feature extractor is a perfect choice
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to combine with ELM classifier to form a hybrid model. The overfitting problem
addressed in Chapter 3 suggests that such hybrid model should not be constructed
blindly as ELM classifier will over-fit to training data when the fed-in features are
learned by over-deepened CNN models. The proposed DW-ELM in Chapter 3 aims
to alleviate such over-fitting problem by focusing on another network dimension,
i.e., width of the model. The proposed DW-ELM utilizes the good generalization
capability of widened residual network to remedy the over-fitting problem of fea-
tures extracted by deepened residual networks. Extensive experiments have been
conducted on five benchmark datasets to explore the effects of network depth and
width on ELM classifier for image classification tasks and the empirical results have
verified that wider network architecture design is beneficial for the performance of
CNN-ELM hybrid models.

(2) Self-supervised learning as a feature learning scheme is beneficial for label prop-

agation in feature space on semi-supervised visual recognition task.

For pseudo-labeling based semi-supervised learning, label propagation is one trans-
ductive method to provide information flow from labeled data to unlabeled data.
One main objective is to minimize noise in such information flow. For image data,
propagating label information in latent feature space is more helpful to avoid re-
dundant and noisy information, compared with that in raw data space. Therefore,
learning a good feature mapping is crucial for the final performance of label propa-
gation. Chapter 4 have discussed the limitation of previous research works, i.e., the
biased and over-fitted feature mapping due to limited number of labeled data. The
proposed algorithm in Chapter 4 has well addressed such problem by exploiting
the use of self-supervised learning for feature learning. Instead of learning feature
mapping by labeled data, the proposed algorithm takes advantages of RotNet, a
self-supervised learning framework, to train a feature mapping with both labeled
and unlabeled data. By doing so, the learned feature mapping is capable of study-
ing from all data such that over-fitting problem arising from scarce data annotation
is greatly alleviated. The ablation study in Section 4.3.3.1 have empirically demon-
strated the performance gain from self-supervised feature learning scheme, which
shows very promising results (e.g., more than 14% improvement has been achieved
with only 500 labeled data for CIFAR-10 dataset).

(3) Local geometry preserving during graph construction provides more complete

and meaningful information flow from labeled data to unlabeled data, which can
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improve the quality of pseudo labels from label propagation.

The other main objective of label propagation for pseudo-labeling based semi-
supervised learning is to minimize information loss during the label knowledge
transfer process, i.e., flow of information from labeled data to unlabeled data. The
information flow is characterized by the similarity graph of the data, which de-
fines the relationship between data points. Previous methods commonly ignore
the local geometry information, which results in incomplete and inaccurate label
propagation. The proposed algorithm in Chapter 4 preserves the local geome-
try information by employing the reconstruction idea in LLE, i.e., to rebuild the
data/feature vector by weighted sum of its neighbors. The ablation study in Section
4.3.3.1 suggests that preserving local geometry is capable of boosting the quality of
pseudo labels if the geometry information is measured in the feature space learned
with self-supervised learning. Such synergistic effect indicates that the two main
objectives are key components that determine the final quality of the proposed

semi-supervised learning algorithm, and neither one is dispensable.

(4) Joint and simultaneous supervision from surrogate signals of self supervision
and pairwise similarity information makes end-to-end training feasible, which can

boost the overall learning capability of the model for novel visual categories learning.

Novel visual categories learning has been introduced and explored in Chapter 5.
The task handles visual recognition problem where labeled data and unlabeled data
belong to disjoint classes. Previous methods are limited by two main problems, i.e.,
the over-fitting problem on labeled classes and the restricted learning capability
due to multi-stage training framework. The proposed algorithm in Chapter 5
aims to achieve end-to-end training and give strong regularization to the model by
introducing an auxiliary task via self-supervision. The proposed algorithm exploits
the effect of joint training, i.e., the network is supervised simultaneously by pairwise
similarity information in feature space and surrogated labels from self-supervision
(e.g., the rotation angle of the transformed image). The proposed algorithm has
been validated on three visual benchmark datasets in Section 5.3. The experiment
results indicate that: 1) The utilization of surrogate labels from self-supervision
can largely alleviate the over-fitting problem on labeled classes for novel categories
learning. 2) The proposed end-to-end training framework outperforms the multi-
stage training framework. The effectiveness of the proposed algorithm has been

demonstrated in Section 5.3 by comparing with previous state-of-the-art methods.
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(5) Local property in feature space is robust to noises, which helps to capture pair-

wise data relationship more accurately.

Besides the surrogate labels from self-supervision, pairwise similarity pseudo labels
are the main supervising signals for novel categories learning. The pairwise pseudo
labels are constructed by comparing the data points in feature space, which is
vulnerable to noises due to lack of annotation for images from novel categories.
Local data structure is enforced in the proposed algorithm in order to capture
more accurate data relationship. The experiments conducted in Section 5.3.4.3
compares the effects of different pairwise pseudo label construction schemes and
the empirical results indicate that the proposed scheme where local property in the

feature space is emphasized can outperform others by a significant margin.
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6.2 Future Works

After investigation of various topics in this thesis for countering over-fitting prob-
lems under different learning frameworks, some related research directions are

worth for further exploration.

1. In Chapter 3, the effect of width and depth of CNN model as a feature
extractor on ELM classifier is analyzed. The insight given is that CNN model
as a feature extractor for ELM image classification should be deep and also
wide. However, such claim is vague for practical deployment as a quantitative
metric for optimal CNN model architecture is not given. The empirical results
in Section 3.3.3.3 indicate that width and depth of CNN model should be
balanced carefully for optimal performance. Therefore, a quantitative metric,
which takes both width and depth of CNN model into consideration, deserves

further research on.

For the proposed DW-ELM hybrid model in Chapter 3, CNN model and ELM
classifier is training separately such that the superiority of ELM classifier in
the early training phase cannot benefit back to the CNN model. Multi-
head CNN architecture where both fully-connected layer and ELM classifier
are attached to the last convolutional block is one possible direction. The
double-head architecture is capable of back-propagating error signals via the
fully-connected layer and meanwhile the ELM classifier after the calculation
of hidden layer output weight can be treated as a SLFN with fixed weight
parameters. Asshown in Equation (6.1), the objective function is to minimize
the loss from fully-connected layer and ELM classifier jointly. By doing so,
end-to-end learning framework of ELM classifier and CNN model can be

achieved.

mein ZL<f9 » Yi +ZL ¢z /6 yz (61>

2. For the proposed algorithm in Chapter 4, the local geometry preserving is
achieved by the use of reconstruction idea, i.e., the feature vector is recon-
structed by its neighbors in the feature space. According to Equation (4.5),
the calculation of similarity weight matrix W; requires to solve a quadratic
programming problem. For industrial applications, massive datasets with
over millions and even billions of data are commonly used [138|. Even though

there are existing efficient solvers, e.g., CVXOPT [126], the computational cost
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is expected to be pretty high for massive datasets, e.g., ImageNet [15] and
Places 205 [139]. Moreover, the collection of k nearest neighbors N (z;) for
each data point z; is required for the calculation in Equation (4.5), which
poses computational burden for large datasets. In Section 4.2.3.3, the corre-
sponding computational complexity is analyzed to be O(n?+nk?). Therefore,
to preserve the local geometry and meanwhile lower the computational re-
quirement, e.g., to avoid the quadratic programming problem during each
training epoch and exploit the use of approximate nearest neighbors (ANN)

search algorithms, need to be addressed for large datasets.

3. The novel visual categories learning is discussed in Chapter 5. The proposed
algorithm utilizes self-supervision as an auxiliary task to overcome the over-
fitting problem. The motivation behind this work is to alleviate the bias
arising from lack of annotations for images from novel categories. According
to [81], self-supervised learning does not demonstrate its effectiveness on Im-
ageNet and OmniGlot [140] for novel categories learning. The reason behind
is claimed to be that the diversity and abundance of those large datasets have
already reduced the bias between different categories. Therefore, the focus
of novel categories learning problem for such kind of datasets may not be
on eliminating the bias between various categories. To further explore effec-
tive algorithms of novel visual categories learning for abundant and diverse

datasets is one future research direction.

Moreover, the novel categories learning problem discussed in this thesis as-
sumes that the number of novel categories is known, which may not be sat-
isfied for realistic applications. In a more challenging setting, the number of
novel categories/number of clusters for unlabeled data is unknown and needs
to be approximated. For the e-commerce platform example given in Section
5.1, the total number of unseen categories is highly likely to be unknown.
How to determine the number of clusters for novel categories learning is an
important question worth further research on. According to the research work
in [92], approximating the number of novel categories with prior information
in labeled data is one possible direction. In [92], probe dataset X,,.ope con-
sisting of unlabeled data X, and a subset of labeled data X; is constructed.
Constrained k-means clustering is performed on X, with different £ and
the optimal value of k is determined by the clustering accuracy on labeled

data in X ope.
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