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Abstract

A high quality and large scale training data-set is an important guarantee to teach

an ideal classifier for image classification. Manually constructing a training data-

set with appropriate labels is an expensive and time consuming task. Active

learning techniques have been used to improved the existing models by reducing

the number of required annotations. The present work aims to investigate

the way to build a model for identifying and utilizing potential informative

and representativeness unlabeled samples. To this end, two approaches for

deep image classification using active learning are proposed, implemented and

evaluated. The two versions of active leaning for deep image classification differ

in the input space exploration so as to investigate how classifier performance

varies when automatic labelization on the high confidence unlabeled samples

is performed. Active learning heuristics based on uncertainty measurements

on low confidence predicted samples, a pseudo-labelization technique to boost

active learning by reducing the number of human interactions and knowledge

transferring form pre-trained models, are proposed and combined into our

methodology. The experimental results on two benchmark image classification

data-sets verify the effectiveness of the proposed methodology. In addition,

a new pool-based active learning query strategy is proposed. Dealing with

retraining-based algorithms we define a ”forgetting event” to have occurred when

an individual training example transitions the maximum predicted probability

class over the course of retraining. We integrated the new approachwith the semi-

supervised learning method in order to tackle the above challenges and observed

good performance against existing methods.
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Sammanfattning

En högkvalitativ och storskalig träningsdataset är en viktig garanti för att bli

en idealisk klassificerare för bildklassificering. Att manuellt konstruera en

träningsdatasats med lämpliga etiketter är en dyr och tidskrävande uppgift.

Aktiv inlärningstekniker har använts för att förbättra de befintliga modellerna

genom att minska antalet nödvändiga annoteringar. Det nuvarande arbetet syftar

till att undersöka sättet att bygga en modell för att identifiera och använda

potentiella informativa och representativa omärkta prover. För detta ändamål

föreslås, genomförs och genomförs två metoder för djup bildklassificering med

aktivt lärande utvärderas. De två versionerna av aktivt lärande för djup

bildklassificering skiljer sig åt i undersökningen av ingångsutrymmet för att

undersöka hur klassificeringsprestanda varierar när automatisk märkning på de

omärkta proverna med hög konfidens utförs. Aktiv lärande heuristik baserad

på osäkerhetsmätningar på förutsagda prover med låg konfidens, en pseudo-

märkningsteknik för att öka aktivt lärande genom att minska antalet mänskliga

interaktioner och kunskapsöverföring av förutbildade modeller, föreslås och

kombineras i vår metod. Experimentella resultat på två riktmärken för

bildklassificering datauppsättningar verifierar effektiviteten hos den föreslagna

metodiken. Dessutom föreslås en ny poolbaserad aktiv inlärningsfrågestrategi.

När vi använder omskolningsbaserade algoritmer definierar vi en ”glömmer

händelse” som skulle ha inträffat när ett individuellt träningsexempel överskrider

den maximala förutsagda sannolikhetsklassen under omskolningsprocessen. Vi

integrerade den nya metoden med den semi-övervakad inlärning för att hantera

ovanstående utmaningar och observeras bra prestanda mot befintliga metoder.

Nyckelord
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1 INTRODUCTION

Artificial Intelligence (AI) and one of its popular applications, Machine (Deep)

learning are becoming an increasingly ubiquitous part of our daily lives. Machine

learning is a tool which is utilized in a plethora of learning methods in a

variety of domains. At a high level, it is a subset of Artificial Intelligence

which seeks to provide knowledge to computers through using training data,

buildingmodels based on that data, generalizing into new settings and interacting

with people. It is used in a variety of domains, like health care (prediction

of cancer, drug discovery), retail (product recommendations, customer service)

and also in a vast number of other sectors and applications. In recent years,

machine learning technologies represent state-of-the-art results and have made

breakthroughs which have turned science fiction into reality. This technical

evolution undoubtedly reframes the way science is conducted.

Nevertheless, an important guarantee to teach an ideal classifier is the availability

of vast amounts of high quality and large scale data-sets. Most of the Machine

learning models are built from human-generated data. Therefore, traditional

approaches to this problem rely on human and machine collaboration. More

specifically, in machine learning engineering, one of the most challenging parts is

the way that a user can properly understand the application in order to provide

features that can be used to train models. This is called Feature Engineering.

Deep learning can automatically generate features, but at the same time requires

larger amounts of labeled data, which may be expensive to obtain. Manually

constructing a training data-set with appropriate labels for a data-hungry model

is a time consuming and expensive task.

In the supervised learning setting, the models require as a training set data

points with ground-truth labels, traditionally hand-labeled by humans. Machine

learning models can also work under semi-supervised learning methods in order

to reduce the need for labeled data. In this case, the existing models are trained in

both labeled and unlabeled data. Another method that can be used for saving the

labeling effort for training models is Transfer Learning. Transfer learning aims to

boost the learning process by transferring knowledge from other domains as often
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as possible to help learn the current domain.

Active learning (AL) [21] is a powerful technique for attaining data efficiency based

on ”human in the loop” approach to data labeling. Active learning has been used to

improve the existing models by incrementally selecting and annotating the most

informative unlabeled samples from a pool of available unlabeled data. Active

learning has already made real-world impact in various domains such as medical

imaging, manufacturing, robotics and recommender systems. The thesis work is

focused on exploring the way the aforementioned tools interact when their power

is combined based on few labeled target training examples.

In this thesis project, we focus on the problem of identifying and utilizing

potential unlabeled informative and high confidence samples that exist in Deep

Image Classification using Active learning, Pseudo-Labeling and Deep Networks

algorithms. We focus on this specific angle of the problem, because we strongly

believe that it is extremely important to tackle these aspects of the problem

together to gain additional knowledge and at the same time decrease the cost in

real world applications.

In the rest of this chapter, we firstly identify the problem that we are going to

tackle in the thesis project. After that, we mention the research motivation of

the project and the reasons that we strongly believe that it is vital to conduct

more research in this direction. Subsequently, we transform the context and the

motivation into a well defined set of research questions followed by a one-to-one

mapping of the contributions that follow from answering these research questions

and a pipeline of the methodology which we are going to build. We conclude this

chapter describing an outline of the way that the thesis is going to be organized.

1.1 Problem Statement

Based on the exponential growth of Machine learning models that are used in

diverse fields such as computer vision, speech recognition, and natural language

processing and on the very important impact that labeled examples have to

teach machines, a lot of attention has been focused on human and machine

collaboration. These concerns have to do with finding an efficient way to build
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such applications using a small set of labeled target training examples and at the

same time label them smartly reducing the labeling costs. This labeling cost is

more evident in cases where vast amount of data are available and even more in

specific domain cases such asmanual labelmedical images. For instance, the final

decision is more objectionable in cases like deciding the final diagnosis of medical

images where the decision is based on the experience of the expert. In these cases

multiple oracles or specialists with a lot of experience are needed to determine the

final outcome of the diagnosis. Therefore, manual inspection of data can be cost

intensive, time consuming and bias to errors.

The main problem is making decisions that lead to the highest productivity

and improvement in test accuracy under a fixed labeling budget. Thus, in this

thesis project, we focus on making an analysis and creating a methodology to

solve problems with insufficient labeled target training examples adjusting active

learning to deep learning applications.

1.2 Research Motivation and Use-Case

The purpose is to create a methodology which can identify and utilize potential

unlabeled informative and high confidence samples that exist in Deep Image

Classification using Active learning, Pseudo-Labeling and Deep Neural Networks

algorithms. Taking into account that a lot of research has been conducted

towardsmakingMachine Learningmodelsmore accurate and only a small portion

has been focused on making these models more effective by utilizing unlabeled

samples in respect to active learning methods, we strongly believe that we should

focus towards this direction. Furthermore, based on the recent exponential

growth in the use of Deep Learning models and their use in replacing human

decision makers, it is vital to create a new possible synergy among different

existing techniques. Thus, a possible synergy combing active and semi-supervised

learning techniques is studied in this thesis in order to improve the classification

accuracy and reduce the human annotation task.
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1.3 Research Questions

Driven by our research motivation, in this thesis project we focus on exploring

ways of identifying and utilizing potential unlabeled informative and high

confidence samples in Machine Learning image training data through semi-

supervised and active learning strategies for the specific task of building accurate

and robust models with limited labeled data.

Our focus in this thesis project is to address the followingmain research question:

Main Research Question

RQ: How to actively select new training data for a Machine Learning model,

by integrating informative and automatically selected and annotated high

confidence samples, in order tomaximize themodel’s performance andminimize

the labeling effort?

In order to answer thismain research question we split it to the following research

sub-questions that need to be answered first. Also, the methods which we

are going to develop in order to answer each of the research sub-questions are

provided in an explicit way.

Research Sub-Questions

RSQ1: Could the forgetting dynamics of the neural network during retraining

phases actually create a new heuristic for Active Learning strategies?

RSQ2: How well does the new heuristic based on forgetting dynamics of

the neural network during retraining phases generalize with semi-supervised

methods?

RSQ3: How much does the size of the initial labeled training set influence the

performance of the combined system of semi-supervised and active learning

algorithms?

RSQ4: How much does the confidence threshold of the self training influence

the performance of the combined system of semi-supervised and active learning

algorithms?

We are going to perform an in-depth research in the related bibliography
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to identify the state-of-the-art methods and their limitations that are related

to Active Learning for Deep Image Classification. Furthermore, the same

experiments will be implemented to two different data-sets with different number

of classes in order to observe how the proposed methodology generalizes under

more complicated circumstances. Finally, one additional goal is to deliver to the

company a set of tools that can be applied to future projects.

1.4 Contributions

In this thesis project we propose a methodology that aims in finding ways of

detecting and utilizing informative and high confidence examples that may exist

in Machine learning data through active learning query strategies for the use-

case of image classification with a limited amount of available labeled data. The

methodology consists of three main steps: Firstly, we implement active learning

queries adapted to deep learning applications to detect informative images from

the data. Secondly, we use the predicted pseudo labels on the high confidence

examples in order to obtain more representative features of the image data that

matter in the classification in a way that is directly interpretable to less costs of

labeling and at the same time to construct highly accurate models. Finally, we

develop a new active learning query strategy for selecting informative samples

based on the forgetting dynamics during multiple training phases and we observe

how the aforementioned methodology generalizes in combination with semi-

supervised learning. Therefore, we bring the following three main contributions:

CO1: The first contribution of the thesis is an in-depth systematic literature

review of state-of-the-art methods and their limitations related to Deep Active

Leaning with limited labeled data. We investigate existing literature on the topics

of definitions and evaluation measures of active learning strategies and queries,

semi-supervised learning algorithms for limited labeled data and neural networks

for active learning, which enable us to highlight current limitations as well as to

come up with possible future directions in the field of forgetting dynamics and

neural networks. It enables us answer the first research sub-question (RSQ1).

CO2: The second contribution is the answer to the first and the second research
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sub-questions (RSQ1, RSQ2). More specifically, it is an analysis of the active

learning query method that we propose in order to detect informative samples in

Deep Learning Image Classification data. The forgettablility sampling technique

is further integrated with the the semi-supervised learning methodology. It

enables us to observe how well the proposed method generalizes in the combined

system. This work demonstrates the potential synergy between active learning

strategies and the selected and pseudo annotated high confidence samples.

CO3: The third contribution is related to the interaction between semi-

supervised learning and active learning algorithms. This is explored using various

percentages of initial labeled samples and various thresholds in high confidence

samples. Their impact on the performance of the combined system is further

analyzed using the generated learning curves. This is the answer to the third and

fourth research sub-questions (RSQ3, RSQ4).

1.5 Real-World Business Cases

This section analyzes different Real-World business aspects where active learning

can be applied. Hence, the basic challenges in combination with deep learning

models are introduced and the following questions are being addressed: When

is the correct time to stop the process? Does active learning actually work for

deep learning models? What is the most time consuming procedure when active

learning is applied to real world applications? We discuss the different questions,

provide direction for future studies, and consider ethical issues.

To answer the previous questions we must consider which are the principals

of active learning in business. An algorithm which provides accurate and fast

customer solutions is essential. Having an active learning strategy integrated with

the current system implies that a stopping criteria must be found for the process.

Active learning is an iterative process therefore the stopping criteria would be

either static or dynamic. Three different aspects for the stopping criteria are

defined: available budget, model performance and incremental gain. There is a

cost attached to each further labeled data point. That cost could be the amount of

money and time the company will decide to spend to acquire the labels therefore
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the stopping criteria is static and based on the available budget. Another static

criteria could be a predefined performance target in the beginning of the process.

Finally, another stopping criteria is the incremental gain in the performance of

the model. The incremental gain includes the case where the model records the

gain in performance over each round of active learning and decides to stop when

there is no need to acquire more labels due to the reason that it has reached the

incremental performance plateaus.

As already mentioned deep learning is a tool which is utilized in a plethora of

learningmethods in real world cases. Thus, a logical question for companies could

be: Does active learning actually work for deep learning models? It is obvious

that the cost in terms of performance improvement versus acquisition cost to

train neural networks with single labeled data-points would be inefficient. The

deep learning models train on batches of data, thus a straightforward solution is

to create heuristics to select large enough subsets of data points to label at each

iteration. Of course such solutions don’t guarantee that diverse and independent

samples will be picked.

The most cost-effective procedures in active learning are relevant to the waiting

time of selected instances to be annotated from experts and the time for multiple

training phases of the model. In production applications the batch of the selected

samples are obtained from parallel procedures. In order to speed up the time

consuming process multiple oracles are available. As far as the cost for the

multiple training phases is concerned, the business strategies of each company

should make a selection between annotation cost and computational time. Thus,

the answer about annotation cost versus computational time depends on the

current business needs.

This thesis is focused on the pool based active learning under a predefined

available budget. In more detail, the query strategy needs to choose a set of

samples from the pool of all the unlabeled data at each iteration. The process

finishes based on a static stopping criteria which is the amount of samples that

will be annotated for every project. Therefore, we take the idea of uncertainty

and semi-supervised learning and examine it in the context of deep learning. It is

necessary to sum up the fundamentals elements we considered to define an active
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learning system. Themain aspects of an active learning system that are considered

in this thesis are divided into two parts. First of all, the basic elements that are

needed in order to simulate the experimental procedure are described in Table

1.1. After that, the main elements that can be adjusted to meet the needs of the

existing active learning systems are illustrated in Table 1.2.

Basic Elements Description

Model
A model architecture to perform the image
classification task.

Labeled Data-set
Initial labeled training samples to train
the model.

Unlabeled Data-set A data-set which contains unlabeled samples.

Test-set
Using a labeled test-set to evaluate different
methods and query selection strategies.

Table 1.1: Basic elements to define an active learning system

Adjusted Elements Description

Model
Fine tune pre-trained models to achieve high accurate
results in the specific domain task.

Human Supervision
Simulate human supervision to evaluate the
methodology.

Query strategy
Different active learning sample selection criteria
can be selected.

Computational Time
Less computational time can be performed using AL
Strategy adapted to deep learning applications.

Annotation Cost
The reduction of the annotation cost while maintaining
accurate models using AL and Semi-Supervised Learning
Strategy adapted to deep learning applications.

Table 1.2: Elements that can be adjusted to meet the needs of the existing active
learning systems

The future perspectives for active learning and AI (Artificial Intelligence) are

endless. In the human-in-the-loop learning the user is an active member of

the production process in real world applications. Humans interact with the Al

providing feedback and evaluating data to the algorithms. The automation of

deep learning models to eliminate oracles’ involvement is inconceivable since the

current environment is non stationary and changes happened over time. The

model should keep its knowledge up to date and AI and humans are responsible to
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maintain the performance of the model over time with the usage of humans into

the changing parameters.

1.6 Outline

The remainder of this degree project is organized as follows. Chapter 2 introduces

the state-of-the-art works in order to gain a deeper understanding of the problem

as well as the methods used to approach it. After that, Chapter 3 gives the

experimental setup, and Chapter 4 describes the proposed semi-supervised

learning framework for deep active learning for image classification in detail.

For evaluating the effectiveness of the proposed pipeline, Chapter 5 shows the

experimental results for each approach and its interpretations. We finish with

discussion and conclusion in the last Chapter.
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2 THEORETICAL BACKGROUND

The structure of this chapter is inspired by [20] work presenting research on the

general procedure of active learning and its application to image classification

tasks and review of state-of-the-art active leaning methods in order to discuss

and illustrate their underlying characteristics. All of the aforementioned topics

are discussed in the upcoming sections reviewing the current literature and

presenting the existing status of this field of study and the work that has been

done on it so far. We conclude this chapter by presenting the limitations of the

existing deep active learning methodologies with neural networks which we aim

to attenuate in this research.

2.1 Semi-Supervised Learning for Image Classification

This degree project focuses on combining techniques from various fields, in

which some techniques of semi-supervised learning, such as self-learning, active-

learning and transfer learning are adopted for deep active learning image

classification. Firstly, it is very important to introduce all the necessary definitions

and terms of current methods in Machine Learning with respect to get more

labeled training data creating robust models. To be able to do so, we perform

a three step procedure. As a first step, we define and distinguish the different

techniques of semi-supervised learning that are adopted for image classification

taskswith limited labeled data. As a second step, wequote different applications of

active learning that have been analyzed in the literature. Finally, we demonstrate

the current state-of-the-art methodologies that apply active learning in deep

neural networks.

Self-supervised learning: One possible way to use unlabeled data-points in

classification is self-training learning. The process starts by training only on the

labeled data and after that a subset of the unlabeled data is labeled based on the

current decision function [26, 27]. Therefore, the supervised model is retrained

using a combination of existing labeled points and predictions that come from the

existing model. This technique can be utilized to replace labels that are annotated
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with human supervision by pseudo-labels which are computed from themodel on

its own.

Seed selection: Seed set selection is commonly used in a semi-supervised

framework in order to select a subset and train an initial classifier. This technique

can easily affect the performance of the final classifier when the seed set is not

representative of the distribution of the data-set. The most common way to select

seeds is randomly, based on all the available unlabeled data and using a threshold

in order to control the scale of the seeds [20]. Therefore, there is a high risk that

such random sampling techniques will prove to be ineffective with more complex

distributions. In such cases other methods like clustering are considered for seed

selection in the unlabeled data.

Transfer learning: The transfer learning setting is another field of research

which tries to address the difficulties of data labeling to boost the knowledge in

the learning process. The aim is to take models that already have been trained on

different data-sets and apply them to the new task by transferring knowledge from

related previous tasks. Different knowledge sources have been analyzed in the

literature: models [24], instances [23] and features [53]. Using other models give

the opportunity to initialize the target learning process without the need to store

the source data. Instances and features can actually improve the performance over

a poorly training set and simplify the representation of the target task respectively

[51, 52, 50].

Active learning: In active learning, which is another kind of semi-supervised

learning strategy, the goal is to make use of the experts more efficiently by label

instances that are the most meaningful for the model. After that, these data-

points are added to the labeled training data-set to improve the performance of

the model. In the most cases, active learning was applied to straightforward

supervised learning setting to minimize the costs of labeling and at the same

time maximize the model performance. However, active learning can also be

efficiently combined with semi-supervised learning as it is extensively explained

subsequently (Chapter 4). A well-studied active learning query strategy, which

is studied and tested in this thesis, is the pool based sampling. In pool-based

active learning, methods select new training samples from a large predefined
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unlabeled data set [3, 1]. After that, an iterative process is started where in every

step new samples should be selected to be annotated from an oracle. The process

continues until the desired amount of samples or test accuracy has been reached.

The detailed description about the interaction between pool based active learning

and semi-supervised learning is discussed in subsection 4.5.

2.2 Active Learning

This section provides the classification between all cases of active learning in the

literature. After that, the possible active learning queries in order to select the

most meaningful data-points to annotate are explained in more detail. Finally,

we briefly describe, analyze and compare each case of active learning.

Based on literature [20] active learning can be divided into the following three

cases:

• Membership query synthesis

• Stream-based selective sampling

• Pool-based active learning sampling

The way each algorithm gathers and processes the existing unlabeled data-points

to train the models is different for every case from the aforementioned ones.

Moreover, at each case different query strategies can be used to select the most

informative examples which will be utilized to further improve the model.

2.2.1 General Active Learning Query Scenarios

There are three different cases where active learning has been studied in the

literature: membership query synthesis, stream-based selective sampling and

pool-based active learning. In every case, at each iteration an existing model is

responsible to decide which unlabeled example should be queried to be labeled

next. The key difference in the mentioned scenarios is the way that the most

informative labels are gathered and processed at each case.
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Membership query synthesis : As its name indicates, the model is responsible

to produce examples that later on would be labeled from an oracle. The idea of

synthesizing queries means that the existing model would be capable to capture

the data distribution well enough to create reasonable and meaningful examples.

An important disadvantage of this specific technique, is the case where the

synthetic examples would be hard to be categorized and explained by human

oracles. Due to this limitation, the Membership Query Synthesis scenario is the

less studied in the literature.

Stream-based selective sampling: This technique randomly gets a stream of

examples from the training data and the model decides whether this instance

should be labeled or not based on a query strategy. It is called stream-based

process due to the reason that the instances are sampled one by one from the

actual training data. Thismethodology can be extremely powerful for applications

with limited memory or processing power. The pipeline of the stream-based

selective sampling approach can be depicted in Figure 2.1.

Figure 2.1: Pipeline of Stream Based Active Learning

Pool-based active learning sampling: In this case, all unlabeled examples from

the unlabeled training set are ranked based on the prediction of uncertainty of

the existing model which was trained on a labeled pool. The most uncertain

examples are chosen to be labeled from that pool from an expert and then

added to the labeled training set with the provided label. This technique is most

preferable when gathering data is a simple procedure, but the labeling process is

expensive. The pool-based technique is computationally expensive in comparison

with stream based selective sampling since it needs to compare all examples at

every iteration. Moreover, it is probable to negatively affect the performance of
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the model due to the reason that it is more likely to select outliers. Nonetheless,

pool-based active learning is the most well studied type of active learning in the

literature due to good performance results for the models. In this thesis work we

consider the pool-based sampling cases, since we are investigating which large

amounts of unlabeled data are available. The workflow of this approach project

can be depicted in Figure 2.2.

Figure 2.2: Pipeline of Pool Based Active Learning

2.2.2 General Active Learning Strategies

As mentioned in [36] human-in-the-loop learning can be distinguished into two

methods, namely the label-free and the label-based methods. The criteria to

make this differentiation is based on the decision of the active learning algorithms

to utilize the true annotation from the experts to update the model or creating

models that can learn separately of the true labels. For instance, label-free

methods can be characterized by dissimilarity-based approaches [34] and density

or diversity-basedmethods [35]. In the first case, themost representative samples

are selected by minimizing the dissimilarity between the chosen queried samples

and the remaining unlabeled data. On the other hand diversity-based methods

simply select samples in order tomaximize the similarity from the existing labeled

instances. Therefore, label-free methods can be described as unsupervised active

learning approaches. The possibility of the most representative samples to be

selected ahead from the correct labels has shown to be a significant advantage

with respect to these aspects. However, [37] proved that although such methods
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perform well in the first stage they tend to fail to outperform in later stages. The

most common techniques that seem to be promising in the existing literature tend

to use label-based methods. The received true label from the oracle will affect

the decision of the model for the next sample selection. In traditional machine

learningmodels, the learner can either select single samples to query every time or

a batch of instances is queried at each iteration. The first method is called myopic

active learning. In terms of cost is the performance of the myopic active learning

almost forbidden in deep learning models. In the batch mode active learning

a batch of samples is provided and labeled in one iteration. Batch mode active

learning can be used with multiple or parallel labeling platforms which improve

the total time of learning. At the same time based on batch mode active learning

the computational time to train the model significantly decreases compared to

single sample selection. The concerns with this method is the criteria in order

to guarantee the diverse distribution of the selected batch. More specifically

in [38, 39] clustering methods for batch mode active learning were explored.

The goal was to first select an amount of informative instances, based on some

rules such as uncertainty scores, and then divide the selected instances into a

predefined number of clusters in order to choose one sample for each cluster.

Similarly in [45, 42, 44, 46, 47, 48], a balance amount of examples was used as

a selection criterion through uncertainty score and diversity or density methods.

The weaknesses of these modes concerns the choice of how to set this combined

selected amount[49]. In a similar fashion in [51, 52] the fact is stressed, that it

is vital to be able to conduct more research using more sophisticated methods

such as a greedy algorithm [50]. The weakness using such approaches is that they

converge only to a local optimum.

2.3 Query strategies

In all query scenarios some informativeness measure is necessary to determine

which data sample to query next. The pool-based active learning algorithms can

be further classified, based on the query strategy that is used to select examples,

into the following three categories: heterogeneity-based models, performance-

based models and representativeness-based models.
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2.3.1 Heterogeneity-based models

The key idea in the heterogeneity-based models is either to explore the most

uncertain examples of unlabeled data or to detect and utilize the most diverse

samples compared to what has been used for training so far. It is worth noting

that such models don’t focus on the performance of the model on the remaining

unlabeled observations and that they are only responsible for the heterogeneity

behavior of the queried sample. One of the most important drawbacks of the

heterogeneity-based models is the impact of noisy data. That may lead to models

that are able to only identify noisy examples and not being possible to capture the

true distribution of the data.

2.3.1.1 Uncertainty sampling

A lot of work has been done on the topic of uncertainty sampling. It is one

of the most effective and simplest query strategies proposed by [5]. An active

learner selects the unlabeled sample of which the modes is least certain. There

are different uncertainty measurements that have been proposed in the literature

such as sampling closest to the decision boundary [7, 8], entropy sampling [6] or

based on the amount of confidence [6].

2.3.1.2 Query by committe

In the query by committee strategy, a number of diverse learning models are

developed on the available labeled data. After that, the committee is responsible to

find the most informative examples based on a measure of disagreement between

the models, such as vote entropy or KL-divergence. In this work, we focus on

a single convolution neural network rather than combining multiple models.

Therefore, no further analysis on this topic is provided.

2.3.1.3 Model change

Another active learning approach is based on expected model change. In more
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detail, the active learner should identify, utilize and add labels to examples that

will cause the biggest effect to the existing model. This approach is used by [9]

where the authors calculate the expected gradient length of the loss with respect

to model parameters, when the expectation is over the posterior distribution

over the labels induced by the trained classifier. Their results show significant

improvements for text and speech recognition tasks when compared to random

sampling. Unfortunately, [4] proved that this method is not suited for image

classification tasks using convolutions neural networks.

2.3.2 Performance-based models

The most common performance based techniques that are used to optimize the

overall performance of the learning model are: Expected Error Reduction and

Expected Variance Reduction. In more detail, these models try to observe the

changes in the performance of the model, when the queried samples are added to

the model, on the remaining unlabeled instances.

2.3.2.1 Expected Error Reduction

Expected Error Reduction methods attempts to discover the examples, that

should be labeled and added to the training set, in order to reduce the

generalization error as much as possible. One of the drawbacks of estimating the

expected future error of the current model on the remaining unlabeled samples in

the unlabeled training set of is that you need to incrementally re-train the network

for each new labeled example. Thus, expected Error Reduction methods leads to

significant expensive and time consuming procedures.

2.3.2.2 Expected Variance Reduction

The generalization error is defined as the sum of true label noise, model bias

and variance. The key idea in this methodology is to minimize only the model

variance instead of the complete generalization error due to the fact that the

selected samples are highly related with the last term of the generalization error.
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The advantage of this representation is that at the same time the computational

effort can be significant decreased and the computation efficiency will increase.

2.3.3 Representativeness-based models

Representativeness-based models are studied in various papers [14, 15]. Such

models try to query observations such as the selected examples simulate the

overall population of training instances better. This could be accomplished by

weighting dense regions of the unlabeled training data to a higher degree. These

methods try to find a trade off between the representativeness and the uncertainty

criteria of the queried instance.

2.4 Retraining-based Active Learning

Based on literature [48] active learning methods can be distinguished into the

following two cases: Retraining-based active learning andRetraining-free active

learning methods. Firstly, we have a look on retraining-based active learning

methods. In suchmethods, the existingmodel is used in order tomake predictions

from the pool of the unlabeled data. Retraining-based active learning methods

measure the information of each unlabeled instance by labeling it with any

possible category and then adding it to the training set to retrain the model. After

that, based on some criteria the algorithmmakes a selection of the instanceswhich

will be added to the training set to retrain themodel. Secondly, the retraining-free

active learning approach includes methods which don’t need to repeatedly train

the model for each unlabeled instance during one single selection. For instance,

the uncertainty sampling and query-by-committee belong to the retraining-free

approach. It should be noted that in the mentioned approaches the true label

for the selected instance is unknown. Therefore, retraining-based active learning

methods are enforced to calculate the average-case or worse-case criteria based

on the unknown label.

In this part of the literature review, we are focusing on methods that use re-

training based techniques to identify informative samples in active learning. More

18



specifically, we focus on exploring and understanding the retraining-based active

learning. In [48] a retraining-based active learning method is proposed which

focuses on binary classification problems. The extension of the methodology to

multi-class problems is trivial. In more detail, a selected criteria is defined as

V (xi, yi)where xi is a feature vector and yi is the class label of xi. In the beginning,

an example is selected from the pool of the unlabeled data and all possible labels

are assigned to it. After that, the labeled training set is updated, based on the

selected example and themodel is retrained. We can use the new trained classifier

to evaluate some kind of selection criteria such as the generalization error. In

order tomeasure the performance of themodel, different criteria such as average-

case in [53, 54] , worst-case in [55], or even the best-case criteria[56] are defined.

The most important drawback of these methods is the high computational cost to

train the model for the possible labels from all the unlabeled data.

2.5 Active Learning and Neural Networks

Active learning is applied to many learning problems, such as image and video

categorization or text and web classification, where unlabeled data are available

in large quantities but annotation is a slow and expensive process. Active learning

has been used to improve the existing models by incrementally selecting and

annotating the most informative unlabeled samples. Visual recognition tasks

gained significant popularity over the last years by using deep learning methods.

Nevertheless, in many real world applications for image classification the labeled

data are rarely enough. Most of the Deep Learning models are built from human-

labeled data. Thus, in such a case, the labeled training samples given by current

active learning algorithms are insufficient for convolution neural networks to

obtain proper feature representations. Active learning targets to solve this

problem by choosing the less and the most useful samples from a large collection

to create an accurate model with a minimum number of labeled samples.

This section provides a literature review of several works that have been proposed

in the recent years regarding the combination of active learning with deep neural

networks. This method [11] was based on the idea to use Bayesian CNNs in order

to measure the model uncertainty. The developed methodology obtains results
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which outperform the existing results that are obtained using the confidence score

of typical CNNs. Moreover, the proposed methodology works well even with a

small number of training samples. After new training examples have been added

in the data-set it is needed to reset the neural network. Various acquisition

functions, such as maximum entropy, maximum information gain, maximum

variation ratios and maximum mean are defined based on a criterion in order to

select new examples. Moreover, the authors tried to evaluate their technique on a

cancer diagnosis task from lesion image data.

This method [10] was based on batch active learning on convolution neural

networks. A method based on the selection of a core-set in the input data is

developed in order to select a subset which is an accurate representation of the

remaining data points. Competitive results were achieved. Something similar was

proposed with the greedy k-centers algorithm. At each iteration, it was chosen to

label these examples that maximize the distance with the nearest labeled sample.

It should be noted that the distances are recomputed at each iteration based on

the new training set and the model is retrained based on the updated training

set. Their methodology is tested on three different data-sets of CIFAR [18],

Caltech-256 [17] and SVHN [19]. The method has been evaluated based on the

accuracy of the proposed architecture and various state of the art active learning

methods such as random sampling, Deep Bayesian active learning, k-medians,

uncertainty sampling, best oracle uncertainty and discriminative-representative

active learning. Both fully supervised and weakly weakly-supervised scheme were

studied. Unlike most previous works, this method is a batch active learner. One

of the most important drawbacks of this method is the assumptions, such as zero

training error assumption.

Thedevelopedmethodology [13] proposes anActiveDeepLearning strategywhich

is able to create new training examples without human intervention. In this paper

a small labeled set of images was used and then iteratively added new labeled

images to the training set and retrained the model. In order to decide which

images should be labeled next they made use of how certain is the model about

its first guess in comparison with its certainty about its second guess. From this

uncertainty, the classifier can decide whether to ask for a ground truth label or
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not. After that, new training samples are chosen from the test set based on their

uncertainty. In order to evaluate the proposed method they generated synthetic

images and made a comparison between the proposed methodology and correct

labeled samples, random correct samples, correct and certain samples. It should

bementioned that this architecture outperforms the others. However, it would be

interesting to know what would actually happen if incorrectly labeled samples are

added or different measures of uncertainty are introduced.

Wang et al. [12] proposed a technique which incorporates standard uncertainty

techniques to deep neural networks using the confidence score given by the neural

network and the combination of pseudo-labeling technique in high confidence

samples to extractmore discriminative feature representations. Themethodology

is tested on a face recognition task on CACD database[16] and an object

categorization task on Caltech-256[17]. Their method is a batch active learner,

ranking the samples according to the confidence score and selecting a batch of

instances to label in agreement with their rank. There are a lot of common key

points in the proposed method and in our project. Furthermore, the experiments

are conducted on small data-sets and we thought that it would be interesting to

evaluate the methodology on larger data-sets or data-sets with even more classes.

2.6 Definitions of bias in Machine Learning

Before delving into the different terms of bias and noise in Machine Learning

we think it makes sense to have a look firstly to the definition of bias in general

according to the dictionary’s definition. Therefore, according to Cambridge

dictionary bias 1 is defined as: ”the action of supporting or opposing a particular

person or thing in an unfair way, because of allowing personal opinions to

influence your judgment” and according to Thesaurus bias 2 is defined as: ”a

particular tendency, trend, inclination, feeling, or opinion, especially one that is

preconceived or unreasoned”. Thus, we can infer from these definitions that bias

is a phenomenon that cannot be totally avoided.

In real world applications the presence of noise in data is an unavoidable problem.

1https://dictionary.cambridge.org/dictionary/english/fairness
2https://www.dictionary.com/browse/bias?s=t
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Humans are responsible to annotate different type of data such as images, text,

video in order to construct full labeled data. After that, supervised machine

learning models can actually learn from these data. The gathering of such high-

quality manual annotations suffers from two defects: the long time humans

need to provide annotations to the data and the incorrect decisions from the

experts which are propagated to the models. A simple solution to solve the

second problem could be the verification from multiple experts to reduce the

label error. However, this simplified solution requires not having to deal with

massive amounts of data and at the same having a significant amount of budget

available for labeling. Another solution to collect labeled data is to allow for aweak

supervision of the data with noisy labels that could come from search engines,

social media websites and not specialized human annotators. A lot of researches

prove that low-cost approacheswhich introduce label noise can significantly affect

the accuracy of the models[31, 32]. In addition to that, the data that require

human labeling can easily be affected by bias and judgment which can be injected

by humans themselves. Therefore, we can easily understand that the only case

where a perfect data-set could be created would be if and only if ideal oracles are

available. Even in the case where the data are totally labeled from oracles the

accuracy of the model cannot reach 100% [33].

When applying active learning in real life, informative samples will need to be

sent to humans for labeling. The process cannot be continued until the samples

are labeled from the oracles. The waiting time depends on the person who will

provide the labeled data. In a production case, the strategy will also include a

platform where all the unlabeled instances will exist, an attractive user interface

to generate labels and a platform where you can transfer the labeled points in the

models. It is obvious, that in order to create a useful and successive procedure for

active learning methods, the interruption between iterations should be as small

as possible.

At the artificial intelligence companywhere this thesis was held on such a platform

exists. Therefore, the direct implementation of the proposed methodology can

actually be further combined with the existing platform. BrainMatter is a labeled

platform which was created by machine learning engineers for Data Scientists.
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BrainMatter facilitates the creation of high quality structured data-sets from any

data source at enterprise scale. The platform can be used in a variety of data

such as images, speech, text , sensor data, video and audio. The platform can be

used to speed up the time consuming and costly operation of building high quality

labeled data-sets. The integration of semi-supervised and active learningmethods

in the existing platform could actually further improve and help the procedure of

building high quality real world labeled data-sets. For all previous reasons, the

proposed methodology can be implemented, tested and evaluated in real world

scenarios.
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3 EXPERIMENTAL SETUP

We developed the Semi-Supervised and Active Learning methodology as an

incremental learning procedure for image classification, in our attempt to alleviate

the existing gap on cost-effective sample selection strategies with less manual

annotations and to improve the classification performance of themodels as stated

in Section 1. In this chapter, the details concerning the technical description of the

implemented methods are demonstrated. We will first elaborate on a detailed

description on the experimental environment and basic definitions about the

data-sets characteristics. We then elaborate on the hyper-parameter selection,

the evaluation measures and the computational resources.

3.1 Experimental Environment

As a machine-learning framework for this thesis PyTorch has been selected and

used for writing the deep (machine) learning pipelines. PyTorch was initially

created by the Facebook AI Research group and its main focus is research [22].

Pytorch is an open-source machine learning package with two main features,

namely: Tensor computation with strong GPU acceleration and Automatic

differentiation for building and training neural networks. Moreover, Python has

been used as the main programming language. The reason behind using Pytorch

as a framework is that, anyPython library canbe used in combinationwithPytorch

and its syntax should be very natural for anyone with any Python experience.

Furthermore, debugging ismuch easier in PyTorch compared to other frameworks

for training neural networks.

3.2 Dataset Description

For the purpose of this academic research, our experiments are performed on

CIFAR-10 and CIFAR-100 data-sets. Both data-sets are standard and established

computer-vision data-sets, used for object recognition tasks that differ for the

number of classes. Based on the facts that CIFAR-10 and CIFAR-100 are widely

used data-sets for image classification research, we consider that they fulfill our
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requirements in order to evaluate our hypothesis and to answer our research

questions.

The CIFAR-10 data-set is composed of 32x32 color images belonging to 10

different classes. The classes are well balanced, in fact, there are 6.000 images per

class. The data-set is divided into training and test sets with respectively 50.000

and 10.000 images. The classification task consists of the identification of the class

for each image choosing between: airplane, automobile, bird, cat, deer, dog, frog,

horse, ship and truck. The classes are mutually exclusive so there is no overlap

between them.

Figure 3.1: Examples of CIFAR-10 images and their associated label

CIFAR-100 data-set is similar to CIFAR-10 but with 100 classes. The samples

between classes are exactly balanced containing 600 images each. There are

500 training images and 100 testing images per class. Each sample of the data-

set belongs to a class and to a superclass. Totally there are 20 superclasses

which contain the 100 mentioned classes. The classification task consists of the

identification of the class for each image, choosing between: apple, aquarium

fish, baby, bear, beaver, bed, bee, beetle, bicycle, bottle, bowl, boy, bridge, bus,

butterfly, camel, can, castle, caterpillar, cattle, chair, chimpanzee, clock, cloud,

cockroach, couch, crab, crocodile, cup, dinosaur, dolphin, elephant, flatfish,

forest, fox, girl, hamster, house, kangaroo, keyboard, lamp, lawn mower,

leopard, lion, lizard, lobster, man, maple tree, motorcycle, mountain, mouse,

mushroom, oak tree, orange, orchid, otter, palm tree, pear, pickup truck, pine

tree, plain, plate, poppy, porcupine, possum, rabbit, raccoon, ray, road, rocket,

rose, sea, seal, shark, shrew, skunk, skyscraper, snail, snake, spider, squirrel,

streetcar, sunflower, sweet pepper, table, tank, telephone, television, tiger,

tractor, train, trout, tulip, turtle, wardrobe, whale, willow tree, wolf, woman,

worm.

CIFAR-10 and CIFAR-100 are fully annotated data-sets which will be used to
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evaluate an active learning procedure, therefore fully annotated data-sets will

be split using the following rules: The test set will be used only to measure the

accuracy of the model at each iteration. The training set, considering N as its

full size and initially labeled samples, will be split in two parts, respectively of

size |L| = n (annotated samples) and |U | = N−n (not annotated samples) using a

uniform sampling procedure to select the initial set. Subsequently, active learning

queries will be applied only to the training set withmquery amount of data to label

in each iteration.

3.3 Hyper-parameter Selection

Hyper-parameter selection is a very important process for improving the

performance of deep learning algorithms on a particular data-set or data-sets.

Therefore, as a first step, all deep learning models were needed to be tuned

in accordance with their hyper-parameters. In order to evaluate the methods

which are discussed in this thesis, we have decided to use transfer learning and

fine-tune a ResNet-18 model. Other strategies which can be used to implement

transfer learning in neural networks architectures, such as the feature extraction

methodology has also been tested. Nevertheless, the usage of a pretrained model

and the process of updating only the final layer weights of the model to derive

predictions according to the data-set, seems to be running into performance

issues. Therefore, the effects of a specific classification accuracy plateau on its

performance can lead to difficulties among various learning curves for active

learning. It should be mentioned that other pre-trained models can also be used

in order to evaluate our pipeline. ResNet-18 [57] was chosen due to the fact that

is has shown to produce competitive classification results in several tasks.

For CIFAR-10 data-set a Resnet-18 has been used as an architecture. The network

was pre-trained on ImageNet with initial weights provided by PyTorch. We fine-

tuned a ResNet-18 for 5 epochs. Moreover, the CIFAR-100 data-set was used in

order to scale up and test the problem with more than 10 classes. For CIFAR-100

a Resnet-18 has been used as an architecture. The network was also pre-trained

on ImageNet with initial weights provided by PyTorch. We fine-tuned a ResNet-

18 for 7 epochs. Images were resized to 224×224 before fed to the network in both
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data-sets. The final layer of the pretrained model was reshaped to have the same

number of outputs as the number of classes in the new data-set. Furthermore, the

networks were reset to the pretrained ImageNet weights at the beginning of every

iteration.

The training process was run with the following hyper-parameters for both data-

sets:

• The Adam optimizer with learning rate equal to 1e − 5 and the mini-batch

size is 100 for all cases and all data-sets.

The sample acquisition set up for each data set is:

• The number of samples in the initial training set which is equal to 500

samples for CIFAR-10 and 5.000 samples for CIFAR-100.

• The number of acquisition iterations which is 15 for CIFAR-10 and 10 for

CIFAR-100.

• The number of selected samples to be labeled from the unlabeled set at each

iteration is equal to 500 and 2.500 for CIFAR-10 andCIFAR-100 respectively.

3.4 Evaluation Measures

In the literature we couldn’t find a specific methodology to evaluate the active

learning algorithms with neural networks. In most cases in the literature it is

mentioned that when they have to deal with a fully annotated data-set they split

the training set into two subsets, namely: the initial training set |L| = n (annotated

samples) and the pool of unlabeled data |U | = N−n (not annotated samples). The

same procedure was followed in this master thesis. In addition to that, the test

set has been used only to measure the accuracy of the model after each iteration.

The accuracy is the ratio of the correct classified samples divided by the total

number of elements in the test set. Due to the reason that CIFAR-10 and CIFAR-

100 are not imbalanced data-sets the accuracy of themodel can capture efficiently

the total performance of the model. Therefore, an efficient algorithm consists of

maximizing model performance with a minimum of labeling effort.
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In order to evaluate the performance using the fully supervised learning the

classification accuracy of each method is recorded and compared. In case of

the semi-supervised learning the error rate of the high confidence examples is

also demonstrated. The data-sets are fully annotated with correct labels. Based

on that fact, we were able to measure the average error of the pseudo labeling

methodology in order to detect and analyze how reliable the implemented pipeline

is in assigning pseudolabels.

For evaluating the performance of our method, the following baselines methods

have been implemented and compared. All themethods use the same architecture

on both data-sets and the only distinction is the decision for sample selection

method.

• Random Sampling: Random technique has been implemented as the

baseline. From the unlabeled set the query strategy randomly selects

samples to label.

• Least Confidence: The queried samples are chosen according to the

uncertainty sampling decision rule, detailed in Section 4.3.

• Margin Sampling: The queried samples are chosen according to the

margin sampling decision rule, detailed in Section 4.3.

• Entropy Sampling: The queried samples are chosen according to the

entropy sampling decision rule, detailed in Section 4.3.

• Forgettability sampling: The implemented method which is detailed in

Section 4.4.

3.5 Evaluation Methodology

A single experiment is identical for all the above mentioned methods. We should

report that a single experiment for a method runs in the following way :

• Step 1: The method starts with a random uniform initial labeled set and a

large unlabeled set.

• Step 2: Aneural network is trained on the labeled set and the resultingmodel
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is handed over to themethod. Themodel architecture and hyper parameters

are the same for all the models.

• Step 3: The model accuracy on a held-out test set is recorded. This test set

is the same for all the experiments and methods.

• Step 4: The method uses the model for choosing an amount of samples to

be labeled and those samples are added to the labeled set.

• Step 5: Repeat from step 2 for a predetermined amount of iterations.

3.6 Computational resources

All the experiments were conducted using the available technological

infrastructure from the company Braincreators. An iterative procedure, such as

active learningmethodology, requiresmultiple training phases which is expensive

in terms of computational time and costs. Therefore, the implemented procedure

stands in need for powerful computing machines.

Furthermore, it would be very expensive to conduct our research, if the available

resources from Braincreators was not at our disposal. It should be noted that the

experimentswhichwere conducted needmost of the computation time to train the

models at each iteration, rather than for all the remaining procedures. The results

presented in the Section 5 have been conducted using the following resources:

• CPUs : Dual 20-core Intel® Xeon®E5-2698 v4 2.2 GHz

• GPU: 4x Tesla V100 in the 16GB configuration.

• RAM: 256 GB

29



4 METHODOLOGY

This chapter elaborates on the methodology used to answer our research

questions, as stated in Chapter 1.3. We developed an effective pipeline for the

Deep Active Image Classification in order to generate accurate models that can be

integratedwith Semi-supervised learning in our attempt to alleviate the expensive

labeling costs. In order to evaluate the usefulness of the two versions of deep

active learning with limited labeled data in increasing models’ effectiveness and

efficiency, we evaluated the pipeline in two data-sets with five sampling selection

strategies. We first elaborate on a detailed description of the proposed pipeline to

enhance Active Learning using the Selective Self-Training methodology (Section

4.1, 4.2). Moreover, a detailed description of the sampling strategies which are

used in our experiment is provided (Section 4.3). After that, the new proposed

active sampling selection strategy is explained (Section 4.4). We then elaborate

on the alternative to update and handle the pseudo labeled samples in the

unlabeled data-set. The chapter concludes with details concerning the technical

implementation of the pipeline (Section 4.5).

4.1 Deep Active and Semi Supervised Learning Pipeline

The existing active learning sampling strategies only select the most informative

and representative unlabeled samples. The proposed methodology combines the

selected high confidence pseudo-annotated samples with the standard pool-based

active learning methodology, as presented in Figure 4.1. In the beginning, the

existing trained convolutional neural networkmodel is used to infer the unlabeled

samples. Therefore, according to the output of the neural network model two

kinds of samples are selected to retrain the model: informative samples and high

confidence samples.

First of all, individual images are selected to be labeled from human experts

based on some acquisition criteria, which is the typical procedure for pool-

based active learning. These images are called the most informative or uncertain

samples. The reason is that these images have the most uncertainty regarding the

predicted class. For the selection of these uncertain images, the proposed pipeline
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Figure 4.1: Deep Active and Semi-Supervised Learning Pipeline
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examines three common active learning sampling strategies: least confidence,

margin sampling and entropy sampling. The selected images aremanually labeled

by users and then they are added into the labeled set. After that, the pipeline

automatically assigns pseudo-labels to the most high confidence images without

human labeling costs. These images are called high confidence images due to the

reason that the predicted labels of samples, according to the output of the neural

network model, have the most certainty.

Consequently, all the images in the labeled data-set and the currently pseudo-

labeled high confidence images are combined to retrain the convolutional neural

network model. The experiment is repeated until the predefined available budget

for annotations is covered. The proposed pipeline utilizes the advantages of these

two kinds of samples in order to observe the interaction between active learning

and semi supervised learning methods. The synergy of high confidence and

uncertainty samples lead to more discriminative feature representations and at

the same time to more powerful models.

In the overall experimental setup various experiments are conducted using

active and semi supervised learning techniques against only active learning

queries techniques. Therefore, two versions of deep active learning for image

classification are implemented and compared: semi supervised learning and fully

supervised learning. In the semi supervised learning the algorithm explores and

utilizes both high confidence images and at the same time informative instances

using active learning sampling strategies. In the fully supervised learning,

the data-set only consists of labeled images which are provided through active

learning sampling strategies.

4.2 Initialization

An initial uniform and random labeled set is used as a starting point. In the

beginning, the L labeled data-set is empty. In more detail, for each class we

randomly select and manually annotate a small number of examples for training

the neural network. The resulting neural network is handed over to the chosen

method. The test set that is used for the experiments is the same for all methods.
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The active learning query chooses a specific amount of samples to be labeled and

these examples are added to the labeled set. At each iteration, the amount of

data that is asked to be queried are defined as mquery. A brief description of the

necessary core set symbols and the explanations ofwhat they represent is provided

in Table 4.1.

Symbols Description

W Network parameters

x′ The selected sample to annotate

mquery Amount of data to label in each iteration

n Amount of noise ratio

t Initial confidence threshold

L Labeled Data-set

U Unlabeled Data-set

Table 4.1: Description of the symbols

4.3 Active Learning Sample Selection

Different existing sampling strategies have been implemented and compared in

the proposed pipeline to select the mquery most informative samples: namely

margin sampling, least confidence sampling, entropy sampling and random

sampling. Moreover, a new active learning algorithm is proposed in this master

thesis, namely forgettability sampling. The new technique is based on the

integration of the margin based technique and the statistics of the maximum

predicted labels for the unlabeled examples during the retraining phases of the

experiment. We denote by D = {xi}ni=1 the data-set of m classes and n samples.

The currently labeled images are denoted as Lwhile the unlabeled ones as U . The

label of each instance xi in order to define in which class it belongs, is denoted

as yi = j, j ∈ {1, ...,m}. Furthermore, we denote by p(yi = j|xi;W ) the softmax

output of the convolutional neural network for the jth category. In other words, it

represents the probability of the sample xi belonging to the jth class. The possible

criteria for sample selection are described as follows:
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1. Least confidence sampling: The unlabeled training setU is sorted in an

ascending order based on the most probable predicted class of each sample.

This method selects at each iteration the firstmquery instances that have the

lowest certainty about the most probable predicted class of each sample.

x′
LC(i) = max

j
p(yi = j|xi;W ) (1)

2. Entropy sampling: From thewhole unlabeled training set the firstmquery

instances with the highest entropy of the model predictions are selected to

be labeled. It should be noted that the unlabeled training set is ranked

in a descending order based on the network’s predictions. For measuring

the uncertainty for a specific image at the entropy sampling method all

the class label probabilities are taken into consideration. A higher entropy

value means that the model is more uncertain about the label of the specific

sample.

x′
EN(i) = −

m∑
j=1

p(yi = j|xi;W ) log p(yi = j|xi;W ) (2)

3. Margin sampling: The unlabeled training set is ranked in an ascending

order, according to the first (j1) and second (j2) most probable network’s

predicted class for each sample. After that, the margin sampling strategy

selects the firstmquery instances. A smaller difference means the classifier is

more uncertain about the sample.

x′
MS(i) = p(yi = j1|xi;W )− p(yi = j2|xi;W ) (3)

4. Random sampling: This method randomly selects at each iteration

mquery instances from the whole unlabeled training set to be labeled from

an oracle.

5. Forgettability sampling: Based on the forgetting dynamics between

the retraining phases we develop a new query strategy for active learning.

Therefore, we define a forgetting event to have occurred when an individual
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training example transitions the maximum predicted probability class

among multiple retraining phases over the course of the available budget.

Themethod selects the firstmquery instances that have the highest transitions

during iterations for the maximum predicted class. In the next section, the

proposed strategy is explained in more detail.

4.4 Forgettability sampling

The idea behind this method is to utilize the forgetting dynamics between the

retraining phases in order to identify and utilize informative samples. Hence, each

unlabeled sample is associated with a value obtained using the times each sample

is confused from the inference of the model. We have made the assumption that

the examples which are confused from the model the most times regarding the

predicted class would either be noisy or informative images. We believe that this

kind of images should be further explored in active learning processes. Therefore,

we are interested in querying these images and assigning them to experts in

order to observe how the learning curves will perform over time. Moreover,

the proposed methodology is combined with semi-supervised learning in order

to observe how well the developed strategy based on the forgettability sampling

generalizes when high confidence examples are also selected.

The idea of the forgettability sampling as a new active learning query strategy

is inspired by [28] work related to catastrophic forgetting during deep neural

network learning. In this paper the term ”forgetting event” is introduced,

considering the changeover of an individual training instance frombeing correctly

classified to misclassified during the learning process. They demonstrate that

there are examples during training within a task where the model changes the

opinion during training and at the same time some examples are unforgettable.

They are inspired by the fact of catastrophic forgetting where the models tends to

forget previously known information when trained on new tasks [29, 30]. This

approach concludes that the unforgettable instances are less informative during

training and therefore it is possible to remove a subset of these examples and

still have a robust model. Hence, inspired from the mentioned research we try

to extend the idea in active learning methodology. However, it is important to
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Figure 4.2: Deep Active and Semi-Supervised Learning Pipeline for the
Forgettability Sampling strategy
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point out that the term ”forgetting event” at [28] considers the changeover of an

individual training instance from the actual true label. In our approach ”forgetting

event” is defined based on the transitions of an individual training instance from

the maximum predicted class during the retraining phases.

To demonstrate the effectiveness of the proposed idea, two different approaches

of forgettability sampling were developed, tested and evaluated. As a first version,

the selectedmquery instanceswere chosen based only on the top ”forgetting events”

from the unlabeled set U . In more detail, we decide at each iteration to keep the

predictions of all the unlabeled images from the pool and count the times the

model changed its mind more frequently about the predicted class. Forgettable

examples, are ranked in a descending order based on the network’s change

decision predictions for each sample after each iteration. After the third iteration,

the method selects the first mquery instances that have the highest transitions for

the predicted class. In the beginning of the process due to the reason that there

are no available statistics about the unlabeled images we randomly select images

to be labeled from an oracle.

After that, a new heuristic by combining the margin sampling strategy and the

forgettability sampling strategy was created. The new heuristic was developed

and tested in order to evaluate the performance of the algorithmwhen uncertainty

based active learning queries and the topmost forgettable examples are combined.

The idea behind this method is to explore forgetting dynamics and confidence-

based information for creating a batch of unlabeled images in order to find

informative samples. In the beginning, images are randomly selected and given to

an expert. After the third iteration, the method selects samples using the margin

sampling and the forgettability sampling strategy. As Figure 4.2 illustrates, the

proposed forgettability sampling selects the top mquery

2
transisioning images from

the unlabeled set and the mquery

2
images based on the margin sampling strategy.

For the selected unlabeled images labels are provided from experts. After that, the

pipeline automatically assigns pseudo-labels to the most high confidence images

without human labeling costs. All the images in the labeled data-set and the

currently pseudo-labeled high confidence images are combined to retrain the

convolutional neural network model. The experiment is repeated until the costs
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for annotations are covered.

4.5 High Confidence Samples and Self-Learning

In order to improve the existing architecture ourmodel is able to further select and

utilize high confidence examples from the pool of unlabeled instances. Therefore,

the model automatically selects and assigns pseudo labels in the high confidence

samples based on a threshold (maximum predicted probability greater than a

threshold). The high confidence examples are used to retrain our model and are

then placed back into the pool of unlabeled samples. The previous active learning

queries strategies are combinedwith pseudo labeling anddifferent learning curves

are produced.

Due to the reason that the labeling is not permanent, our procedure could also

be called ”soft labeling”. The choice of ”soft labeling” in our pipeline is done in

order to avoid an error propagation during training that could actually decrease

the performance of the model. It is expected that as the model is updated with

more labeled examples from experts it is logical to have a reduced error in the

prediction of the unlabeled instances.

One of the most significant hyper-parameters in the self learning strategy is the

value for which we are confident enough to collect samples that can be assigned

to the maximum predicted class and can be used to train the model at the current

iteration. In the next chapter we demonstrate the effectiveness of different

thresholds based on the complexity of the data-set and the available budget

(RSQ4). Furthermore, in order to provide answers to our research question

(RSQ3) regarding different initial labeled training sets, we evaluate whether

model performance, specifically the performance of the model under the semi-

supervisedmethodology, can be influenced from incorrect decisions regarding the

initial training set.

It is worth noting that the experiments are performed to completely annotated

data-sets which are customized in order to evaluate our methodology. Moreover,

the provided true labels from both data-sets are completely correct without noise

so as to simulate an ideal oracle. Nevertheless, in real world applications such a
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case is not realistic due to incorrect classified examples from the oracle. Based on

these facts, the methodology of semi-supervised learning and active learning is

further combined with various percentages of noise to simulate not ideal experts

and to create robust algorithms.

Based on [33] two types of artificial label noise are identified. Namely, the first

one is a symmetric noise, whereas the second one is an asymmetric noise. We

implemented the symmetric approach noise in our semi-supervised and active

learning approach as this allows us to conduct a thorough analysis of the problem.

Therefore, in order to conduct the experiments with the symmetric label noise

we implemented the following procedure. The noise is added by using a random

one-hot vector to replace the ground-truth label of an image with a probability of

noise ratio n = 0.03, 0.05 and 0.1. The asymmetric label noise is described as a

simulation of real mistakes between classes. This is an interesting approach that

should be developed and tested in the future in synergywith active learning. A rule

based approach to mimic this procedure was considered to be out of the scope of

this thesis.
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5 EXPERIMENTAL RESULTS

In this chapter, we present our experimental results with respect to the research

questions described in Chapter 1. Sections 5.1 and 5.2 demonstrate the results on

active learning queries, the synergy of active learning queries and semi-supervised

learning, the proposed methodology of forgettability sampling, the analysis of

fully supervised and semi-supervised learning for different parameters and useful

visualizations on CIFAR-10 and CIFAR-100 respectively. In Section 5.3, we

investigate the reliability of the proposed methodology of assigning pseudo-

labels to the high confidence examples and to demonstrate the distribution of

those examples during training. Finally, in Section 5.4 the results under noisy

experiments are illustrated.

5.1 CIFAR-10 Results

To illustrate that our proposed active and semi-supervised learning pipeline

can improve the classification performance with less annotated data, baseline

methods, only active learning queries techniques and active and semi-supervised

learning techniques have been compared. It can be depicted from the results

below, that there is suggestive evidence that the differences in the learning curves

for different strategies are more or less negligible, with all of the active learning

techniques performing much better than random sampling. Thus, we are more

interested in comparing the influence of three main factors: the active and semi-

supervised learning techniques against only active learning queries techniques,

the active and semi-supervised learning techniques based on various confidence

thresholds and the size of the initial labeled training set. The compared methods

share the same CNN architecture. Moreover, an initial uniform and random

labeled set is used as a starting point. The data-set consists of 50.000 images and

the initial labeled set is equal to 500 initial labeled images. The mquery amount

of labeled data which were added after each iteration is 500 labeled images. In

this subsection the results and a comparison of method experiments for CIFAR-

10 data-set are presented.
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5.1.1 Active Learning Queries

In Table 5.1 the classification accuracy results obtained using only active

learning techniques per some specific iterations on the CIFAR-10 data-set are

demonstrated. The available budget, which works as a stopping criteria for

the process, is equal to 15.000 human annotated images. The results for the

experiments using only active learning techniques were implemented with amore

elastic available budget for annotation. The choice of focusing on 15.000 human

annotated images as a stopping criteria was made for the following reasons.

First of all, to observe and compare how the learning curves from different

query strategies perform over time when more labeled data are available to train

our model. Secondly, to be able to perform a detailed comparative analysis

and get useful insights, from the identification of the maximum accuracy in the

performance of themodel, among active and semi-supervised learning techniques

and active learning queries.

As seen in the below Table, active learning queries obtain similar results that

outperform the one obtained using random sampling. The accuracy gap between

random sampling and the other implemented queries increases at each iteration.

Based on the previous argument, the random sampling technique identifies the

process with the slower learning rate. It should be noted that, our proposed query

strategy based on forgetting statistics performs slightly better than the existing

uncertainty queries in selecting informative samples.

Training Iter. 1 4 8 12 16 20 24 28 29
Amount of
labeled
samples

1000 2500 4500 6500 8500 10500 12500 14500 15000

AL-LC 60.21 76.43 83.20 86.36 88.36 89.84 90.24 91.90 91.43
AL-MS 63.74 76.89 83.89 86.54 88.84 90.04 90.79 91.52 91.58
AL-EN 61.62 74.73 81.96 85.41 88.12 89.48 90.64 91.62 91.54
AL-Rand 63.96 74.77 82.20 84.87 86.41 87.97 89.06 89.09 89.84
AL-FG-ALL 61.65 77.04 83.46 86.94 88.60 90.64 91.08 91.18 91.13
AL-FG 65.23 77.45 83.98 86.92 88.97 89.89 90.83 91.47 91.96

Table 5.1: CIFAR-10 Active learning strategies: Achieved classification accuracy
for given number of iterations and strategy.

Specifically, the six active learning selection strategies are defined as follows:

Least Confidence (AL-LC), Margin sampling (AL-MS), Entropy sampling (AL-
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EN), Random sampling (AL-Rand) and two variations of the Forgettability

sampling (AL-FG, AL-FG-ALL). In more detail, to evaluate our proposed

methodology of forgettability sampling two different variations are implemented

and discussed. Both are illustrated in the following Table. The forgettability

sampling strategy (AL-FG-ALL), where the selected mquery amount of labeled

data is equal to the highest statistics of the most forgettable images during the

retraining phases. The forgettability sampling strategy (AL-FG) as a new heuristic

technique where the selectedmquery amount of labeled data is equal to
mquery

2
of the

marginal sampling strategy plus mquery

2
of the forgettability sampling strategy (AL-

FG).

5.1.2 Active Learning Queries and Semi-Supervised

In this subsection the classification accuracy using pseudo labeling for the high

confident unlabeled images (t = 0.9) and active learning queries on the CIFAR-

10 data-set per some specific iterations is indicated. The available budget,

which works as a stopping criteria for the process, is equal to 8.000 human

annotated images. In Table 5.2 can be seen that the classification accuracy

using semi-supervised and random sampling gives the less accurate results. The

implementation of our forgettable query strategy achieves better results in the

first iterations of the process but a drop in the performance of the model can be

observed at the last iterations of the experiment.

Training Iter. 1 2 4 6 8 10 12 14 15
Amount of
labeled
samples

1000 1500 2500 3500 4500 5500 6500 7500 8000

PS-LC 63.18 68.71 81.36 87.93 89.75 90.82 91.31 92.20 92.07
PS-MS 64.60 69.35 83.74 88.53 89.49 90.57 91.56 91.42 92.16
PS-EN 61.61 68.49 82.59 87.68 89.14 90.14 90.83 91.60 91.69
PS-Rand 62.90 69.74 83.19 86.97 88.06 88.97 89.13 89.68 89.76
PS-FG-ALL 63.24 69.03 83.72 88.71 89.90 90.46 90.93 91.07 90.88
PS-FG 64.66 70.69 83.35 88.92 90.39 91.04 91.37 91.58 92.03

Table 5.2: CIFAR-10 Semi-Supervised and Active Learning Strategies t = 0.90:
Achieved classification accuracy for given number of iterations and strategy.

More specifically, the six active learning selection strategies using active and semi-

supervised learning are defined as follows: Least Confidence (PS-LC), Margin
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sampling (PS-MS), Entropy sampling (PS-EN), Random sampling (PS-Rand) and

two variations of the Forgettability sampling (PS-FG, PS-FG-ALL). Furthermore,

as a baseline method the entire training samples are manually labeled and used

to train the neural network. This method (AL-All) can be considered as the upper

bound with the best performance the model can reach when the entire training

examples are labeled. For CIFAR-10 data-set, the AL-All method achieves 93.78%

accuracy on the test set.

(a) Margin Sampling (b) Least Confidence

(c) Entropy Sampling (d) Forgettability Sampling

Figure 5.1: Different informative sample selection criteria on the CIFAR-10 data-
set. These criteria includeMargin Sampling(MS), Least-Confidence (LC), Entropy
Sampling(EN) and Forgettability Sampling(FG) for both Semi-Supervised and
Fully-Supervised strategies.

The results obtained using semi-supervised and active learning outperform the

active learning queries on the aspects of the classification accuracy and the

amount of human labeled samples. Regardless the classification accuracy,

for a predetermined amount of manually labeled samples, the usage of semi-

supervised and active learning strategies can undoubtedly achieve a clear margin.
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Specifically, this margin is more obvious when the amount of the annotated

samples is low. As far as the amount of human labeled samples is concerned,

in order to achieve approximately 92% classification accuracy on the test set,

AL-LC and AL-FG require 15.000 labeled training samples therefore require 30%

labeled images. In comparison, semi-supervised and active learning require only

8.000, 16% labeled training samples and reduce by 14% the user annotations. It

is obvious that semi-supervised and active learning can dramatically influence

the need for labeled samples. In Figure 5.1 the curves of the accuracy-amount of

labeled samples for each possible sample selection method are demonstrated. A

comparison between the upper bound of the performance of the entire training

set to be manually labeled, random sampling selection and the corresponding

sampling selection criteria using only active learning or using semi-supervised and

active learning is illustrated.

5.1.3 Fully Supervised and Semi-Supervised Learning under Forgettable
Dynamics

To answer the first and second research questions (RSQ1, RSQ2) of this master

thesis, Figure 5.2 depicts the accuracy evolution of the forgettability sampling in

fully and semi-supervised strategies. The idea of forgettability sampling is a very

different approach to other active learning methods. In the following line graphs,

the differences among the two variations of forgettability sampling and random

sampling under both active learning queries strategies and semi-supervised and

active learning strategies are illustrated. The proposed methodology outperforms

by a consistent margin the one obtained using random sampling. From Figure

5.2, three conclusions can be drawn. Firstly, there is a huge improvement

in the accuracy curve using the procedure described in Section 4.4 compared

to random sampling under both strategies. Secondly, the two variations of

forgettability sampling namely FG and FG-ALL produce almost similar results

for fully-supervised learning. Finally, the proposed method of forgettability

sampling (FG) achieves the highest improvement in the test set accuracy at the

final iterations. Thus, the following experiments in this section are performed

based on the forgettability sampling technique (FG) using an equal balanced
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subset among the firstmquery instances that have the lowestmargin certainty about

the predicted class and the firstmquery instances that have the highest transitions

for the predicted class.

(a) Fully-Supervised Forgettability Sampling (b) Semi-Supervised Forgettability Sampling

Figure 5.2: Comparison of the Fully-Supervised and Semi-Supervised strategy
based on Forgettable Dynamics on the CIFAR-10 data-set

We visualize in Figure 5.3 some examples that have been most forgotten in the

CIFAR-10 data-set. The most forgotten examples exhibit more ambiguous or

noisy characteristics that may not align with the learning signal common to other

examples from the same class.

Figure 5.3: Pictures of the forgettable examples on CIFAR-10 data-set. The
examples are sorted by number of forgetting events.
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5.1.4 Fully Supervised and Semi-Supervised Learning Analysis For
Different Parameters

In order to answer the fourth research question (RSQ4) : How much does

the confidence threshold of the self training influence the performance of the

combined system of semi-supervised and active learning algorithms? different

experiments are conducted. First of all, an in depth analysis of different thresholds

in the high confidence examples are conducted to observe the interaction between

the number of classes and available budget in the performance of the model. In

Table A.2 we can see the results of three different thresholds at 0.95, 0.9 and 0.8

for three active learning sampling strategies namely least confidence (LC), margin

sampling (MS) and the proposed forgettability sampling (FG).

A clear initial observation from the experiments is that the confidence threshold

for the self training procedure consistently influences the performance of the

model. First of all, lower confidence thresholds can achieve better resultswhen the

available budget for labeling is limited. Moreover, pseudo-labeled high confidence

samples for every threshold outperform fully supervised learning. Finally, lower

thresholds results increased rapidly between 1.000 and 3.000 labeled images then

gradually decreased over the next labeled examples. It should be noted that the

selection of the threshold has a powerful effect on the amount of the current

used pseudo-labels and the computational time for the experiment. In Figure 5.4

can be observed the comparison of various confidence thresholds for three active

learning sampling strategies. For more details about the number of automatically

labeled samples per iteration based on various confidence thresholds, the reader

could refer to Appendix A (Figure A.2).
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(a) Margin Sampling (b) Least Confidence

(c) Forgettability Sampling

Figure 5.4: Comparison of various confidence thresholds for different informative
sample selection criteria on the CIFAR-10 data-set. These criteria includeMargin
Sampling(MS), Least-Confidence(LC) and Forgettability Sampling(FG).

In the literature, the active learning algorithms would initially be trained using

just a few labeled training instances. Suppose that the initial training set consists

of only approximately 6% of the total labeling budget. Using such a limited

initial training set, it might be harder for the pool based model to choose

unlabeled images that would provide useful information to identify the target

classes. Randomly selecting more labeled observations for the creation of the

initial training set may produce a valuable model that can be able to query more

informative samples from the pool of the unlabeled data. On the other hand, the

selection of the initial training set to 50% of the total labeling budget may prevent

the model from selecting the most informative samples from the unlabeled set.

In such a case, it could be that the model would not be as accurate as with a

smaller initial labeled set. Therefore, an additional experiment was conducted to

answer the third research question (RSQ3): ”How much will the initial labeled
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samples affect ourmodel?” with various initial percentages of labeled images. For

CIFAR-10 three different experiments were conducted with 25%, 50% and 75%

of the available budget for human annotation used as an initial labeled training

set. Based on previous results and for computational cost reasons we decided to

run the experiments for the margin and least confidence sampling methods using

either active learning or active and pseudo labeling learning with the threshold

being equal to 0.95. Of course, the rate of the labeled samples that are added in

every step could also affect the performance of the model. Different sensitivity

tests about the amount of the labeled data that are added in every step of the

experiment were conducted. Nevertheless, the cost to train neural networks with

small and not sufficient amount of data for every class negatively affects the

performance of the model.

Interestingly, while the initial labeled size increases the performance of themodel

gradually decreases for all fully-supervised methods. However, in the case of

semi-supervised methods when the initial labeled set is smaller or equal to 50%

the model is able to achieve the best performance. Furthermore, the performance

of the model drops when 75% of the total budget has been utilized as an initial

labeled set. The results are illustrated in Table 5.3 for themargin sampling criteria

and in Table 5.4 for the least confidence criteria.

Initial Size Accuracy AL Accuracy AL-PS

25% 88.38 92.53

50% 87.77 92.45

75% 87.41 92.02

Table 5.3: All initial labeled percentages used in active learning experiments for
the CIFAR-10 data-set with confidence threshold=0.95 for themargin uncertainty
strategy.
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Initial Size Accuracy AL Accuracy AL-PS

25% 88.36 92.55

50% 87.96 92.65

75% 87.24 91.78

Table 5.4: All initial labeled percentages used in active learning experiments for
the CIFAR-10 data-set with confidence threshold=0.95 for the least confidence
uncertainty strategy.

5.1.5 Visualization

(a) Fully-Supervised Strategy (b) Semi-Supervised Strategy

Figure 5.5: CIFAR-10: Test classification accuracy and comparison for all the
implemented methods for fully supervised and semi-supervised learning.

The results using only active learning methods or using active and semi-

supervised learning are demonstrated in Figure 5.5 (a) and Figure 5.5 (b)

respectively. The images in Figure 5.6 present the results obtained until the

entire training set has been labeled. This clearly shows that the active and semi-

supervised learning technique can achieve the same result with the full labeled

data-set using only 20%manually labeled images of the total amount of the 50.000

unlabeled images. Moreover, using only active learning techniques almost 50% of

the images must be labeled in order to achieve the same performance with the

fully labeled data-set.
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(a) Margin Sampling (b) Least Confidence

Figure 5.6: CIFAR-10: Test classification accuracy and comparison for all the
implemented methods for both strategies

Figure 5.7: Label Distribution based on Active Learning Queries

InFigure 5.7 the average distribution based on the different active learning queries

is illustrated. CIFAR-10 is a balanced data-set, thus a representative selection

of images is expected to be demonstrated at the random sampling distribution.

Interestingly, all methods except from random sampling tend to select images

from the same five classes as the most informative ones, namely: cat, bird, dog,

deer and plane. Moreover, our method seems to select in a more uniform way

compared to margin sampling.
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5.2 CIFAR-100 Results

As in the previous case, the following results demonstrate the accuracy trends

in the supervised and semi-supervised case on the CIFAR-100 data-set. The

compared methods share the same CNN architecture. Moreover, an initial

uniform and random labeled set is used as a starting point. The data-set consists

of 50.000 images and the initial labeled set is equal to 5.000 initial labeled images.

The mquery amount of labeled data which were added after each iteration is 2.500

labeled images.

5.2.1 Active Learning Queries

In Table 5.5 the classification accuracy results using fully-supervised learning

per some specific iterations for all the implemented active learning queries on

the CIFAR-100 data-set are illustrated. The available budget, which works as

a stopping criteria for the process, is equal to 40.000 human annotated images.

More specifically, the six active learning selection strategies are defined as on the

CIFAR-10 data-set.

Training Iter. 1 2 4 6 8 10 12 14
Amount of
labeled
samples

7500 10000 15000 20000 25000 30000 35000 40000

AL-LC 53.18 57.92 65.04 68.81 72.65 75.13 76.67 77.01
AL-MS 55.63 58.82 65.94 70.43 72.40 75.05 76.25 77.28
AL-EN 52.97 58.33 64.39 69.78 72.95 75.10 76.03 77.81
AL-Rand 54.13 59.35 65.97 69.77 71.90 74.44 75.28 75.87
AL-FG-ALL 55.49 60.33 66.82 69.81 73.63 75.56 76.19 76.97
AL-FG 55.67 60.41 66.76 71.20 73.21 75.37 76.34 76.91

Table 5.5: CIFAR-100 Active learning strategies: Achieved classification
accuracy for given number of iterations and strategy.

As seen in the above Table, the active learning queries LC, MS, EN obtain similar

results that outperform the one obtained using random sampling. The accuracy

gap between random sampling and the other implemented queries increases at

each iteration. Based on the previous argument, the random sampling technique

identifies the process with the slower learning rate. It should be noted that, in
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the forgetting sampling strategy the same pattern is again present. While in the

begging of the experiment this method seems promising, after the first 35.000

labeled images a sudden drop in the performance is demonstrated.

5.2.2 Active Learning Queries and Semi-Supervised

In this subsection the classification accuracy using pseudo labeling for the high

confidence unlabeled images (t = 0.9) and active learning queries on the CIFAR-

100 data-set per some specific iterations is indicated (Table 5.6). The available

budget, whichworks as a stopping criteria for the process, is equal to 30.000human

annotated images. More specifically, the six active learning selection strategies

using active and semi-supervised learning are defined as previous for the CIFAR-

10. For CIFAR-100 data-set, the AL-All method achieves 78.14% accuracy on the

test set.

Training iter. 1 2 4 6 8 10
Amount of
labeled
samples

7500 10000 15000 20000 25000 30000

PS-LC 53.81 60.44 67.93 73.55 76.02 77.62
PS-MS 54.65 61.50 69.80 73.98 76.66 77.64
PS-EN 53.96 58.66 67.55 73.17 75.77 77.50
PS-Rand 54.37 61.54 67.70 72.39 74.29 75.17
PS-FG-ALL 55.29 60.44 68.58 73.79 75.68 76.54
PS-FG 54.28 60.95 67.96 73.64 76.06 77.19

Table 5.6: CIFAR-100 Semi-Supervised and Active Learning Strategies t = 0.90:
Achieved classification accuracy for given number of iterations and strategy.

The results for the problem of classifying samples into more than ten classes

using semi-supervised and active learning are illustrated. Dealing with more

classes, the semi-supervised learning outperform the active learning queries on

the aspects of the classification accuracy and the amount of human labeled

samples. Regardless the classification accuracy, for a predetermined amount

of manually labeled samples, the usage of semi-supervised and active learning

strategies can undoubtedly achieve a clear margin among the curves. More

specifically, this margin is more obvious when the amount of the annotated

samples is more than 15.000 labeled images. As far as the amount of human
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(a) Margin Sampling (b) Least Confidence

(c) Entropy Sampling (d) Forgettability Sampling

Figure 5.8: Different informative sample selection criteria on the CIFAR-100
data-set. These criteria include Margin Sampling(MS), Least-Confidence(LC),
Entropy Sampling(EN) and forgettability Sampling(FG) for both Semi-Supervised
and Fully-Supervised strategies.

labeled samples is concerned, in order to achieve approximately 77% classification

accuracy on the test set, AL-LC andAL-FG require 40.000 labeled training samples,

therefore require 80% labeled images. In comparison, semi-supervised and active

learning require only 27.500, 55% labeled training samples and reduce by 25%

the user annotations. It is obvious that semi-supervised and active learning can

dramatically influence the need for labeled samples in case with more classes.

From the above results, in Figure 5.8 the curves of the accuracy-amount of labeled

samples for each possible sample selection method are demonstrated. Similar

to the CIFAR-10 experiment results, a comparison between the upper bound

of the performance of the entire training set to be manually labeled, random

sampling selection and the corresponding sampling selection criteria using only

active learning or using semi-supervised and active learning are also illustrated in

the following figures.
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It is somewhat surprising that the semi-supervised techniques with random

sampling queries at 30.000 labeled images tend to converge with the methods

that are using only active learning queries. When the sampling selection criteria

is based on identifying random images from the unlabeled set, then the accuracy

gap increases between PS-MS and all the other criteria.

5.2.3 Fully Supervised and Semi-Supervised Learning under Forgettable
Dynamics

TheCIFAR-100data-setwas used to study the performance of all the implemented

methods when the data-set contains more classes to identify the target variable.

To illustrate that our proposed method can also generalize under more difficult

data the accuracy evolution of the different methods, in the fully and semi-

supervised cases, is discussed. In the following line graphs, the comparison

between the two variations of forgettability sampling and random sampling under

both active learning queries strategies and semi-supervised and active learning

strategies are illustrated (Figure 5.9).

(a) Fully-Supervised Forgettability Sampling (b) Semi-Supervised Forgettability Sampling

Figure 5.9: Comparison of the Fully-Supervised and Semi-Supervised strategy
based on Forgettable Dynamics on the CIFAR-100 data-set.

The proposed methodology outperforms by a consistent margin the one obtained

using random sampling. Another result that stands out is that the proposed

method of forgettability sampling (FG) achieves the highest improvement in the

test set accuracy at the final iterations. Dealing with more classes, forgettability
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sampling method seems to represent well the informativeness of each sample.

We visualize in Figure 5.10 some examples that have been most forgotten in the

CIFAR-100 data-set.

Figure 5.10: Pictures of the forgettable examples on CIFAR-100 data-set. The
examples are sorted by number of forgetting events.

5.2.4 Fully Supervised and Semi-Supervised Learning Analysis For
Different Parameters

The experimental results for the classification accuracy based on different

thresholds on the CIFAR-100 data-set are presented in Table A.3. We can

observe the results based on three different thresholds namely 0.9, 0.8 and

0.7 for three active learning sampling strategies(LC,MS,FG). In Figure 5.11

can be observed that the confidence threshold for the self training procedures

consistently influences the performance of themodel. Thus, three conclusions can

be drawn. Firstly, the confidence threshold depends from the number of classes in

the data-set. A lower value in the threshold (t=0.8) achieves better results in the

performance on the CIFAR-100 data-set. Secondly, the performance of themodel
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for different selection of thresholds tends to converge at the final stages of the

experiment. The last conclusion is that lower confidence thresholds can achieve

better results when the available budget for labeling is limited. For more details

about the number of automatically labeled samples per iteration based on various

confidence thresholds, the reader could refer to Appendix A (Figure A.4).

(a) Margin Sampling (b) Least Confidence

(c) Forgettability Sampling

Figure 5.11: Comparison of various confidence thresholds for different
informative sample selection criteria on the CIFAR-100 data-set. These
criteria include Margin Sampling(MS), Least-Confidence(LC) and Forgettability
Sampling(FG).

For the CIFAR-100 three different experiments are conducted with 25%,50% and

75% of the available budget for human annotation utilized as the initial labeled

training set. The results are illustrated in Table 5.7 for margin sampling criteria

and inTable 5.8 for the least confidence criteria. Please note thatwhen the amount

of initial labeled set is equal to 75% a decrease in the performance of the model

is observed based on semi-supervised learning. This clearly shows that when the

initial labeled set is smaller or equal to 50% of the total budget then the semi-

supervised learning methods still can converge to their maximum test accuracy.
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In other words, using only active learning methods tend to be more dependent on

the size of the initial labeled set.

Initial Size AL-MS PS-MS

25% 75.01 77.46

50% 74.48 77.46

75% 74.35 75.74

Table 5.7: All initial labeled percentages used in active learning experiments
for the CIFAR-100 data-set with Confidence threshold=0.90 for the margin
uncertainty strategy

Initial Size AL-LC PS-LC

25% 75.43 77.64

50% 74.91 77.64

75% 74.38 76.35

Table 5.8: All initial labeled percentages used in active learning experiments for
the CIFAR-100 data-set with confidence threshold=0.90 for the least confidence
uncertainty strategy.

5.2.5 Visualization

(a) Fully-Supervised Strategy (b) Semi-Supervised Strategy

Figure 5.12: CIFAR-100: Test classification accuracy and comparison for all the
implemented methods for fully supervised and semi-supervised learning.
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The results using only active learning methods or using active and semi-

supervised learning are demonstrated in Figure 5.12. In this case, the margin

between the methods is not as remarkable as in the CIFAR-10 case. Dealing

with more classes, the forgetting statistics and uncertainty scores seem to not

represent well the informativeness of each sample ( Figure 5.12 (a)). Nevertheless,

the improvement in the performance based on high confident unlabeled samples

can be easily observed ( Figure 5.12 (b)).

The images in Figure 5.13 report the results that are obtained until the entire

training set has been labeled. This clearly shows that the active and semi-

supervised learning technique can achieve the same result with the full labeled

data-set using only 70%manually labeled images of the total amount of the 50.000

unlabeled images.

(a) Margin Sampling (b) Least Confidence

Figure 5.13: CIFAR-100: Test classification accuracy and comparison for all the
implemented methods for both strategies

5.3 Methods Comparison

In the next figures the classification performance of several methods as a function

of the number of acquisition iterations and respective percentages of annotated

samples of the whole training set is compared. From the experiments described

in Section 5.1 and 5.2, it is clear that the performance of the models using semi-

supervised learning methods is better than active learning methods. Based on

these results, we proved the importance of introducing and unitizing the majority

pseudo-labeled samples. Therefore, we also evaluated the error rate in selecting
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high confidence samples. This is a comparison which we were able to perform

since the benchmark data-sets were fully-annotated. In Figure 5.14 the error rate

of assigning pseudo-labels into high confident samples along with the learning

iteration is demonstrated. Inmore detail, the error rate is quite low, less than 5.5%

on the CIFAR-10 data-set and than 3% on the CIFAR-100 data-set. The reported

results show a decreasing monotonic trend for all the strategies adopted, except

for the random sampling technique. Moreover, the lower average error rate can

be observed on the CIFAR-10 data-set for the proposed forgettability sampling

method.

(a) CIFAR-10: Semi-Supervised Strategy (b) CIFAR-100: Semi-Supervised Strategy

Figure 5.14: The average error rate of the pseudo-labels of high confidence
examples on the CIFAR-10 and CIFAR-100 data-sets respectively.

(a) CIFAR-10: Semi-Supervised Strategy (b) CIFAR-100: Semi-Supervised Strategy

Figure 5.15: Number of automatically labeled samples per iteration for all the
informative sample selection criteria on the CIFAR-10 and CIFAR-100 data-sets
respectively.

Finally, to better understand the proposed procedure, it is possible to report

the number of automatically labeled samples. The histograms in Figure 5.15

59



present the averaged results for each sampling method at each iteration. As it

can be observed, the number of pseudo-labeled images increase at each iteration.

Specifically, the random sampling technique labels more samples during the first

iterations than the others for both data-sets. This trend can be explained based

on the good performance that random sampling has during the first iterations.

Also in the case of the forgetting sampling technique the amount of pseudo-

labels is always smaller than that of the other techniques (MS,EN,LC). This can be

explained by two reasons. First of all, the smaller error rate on pseudo labels can

be obtained using the forgettability sampling technique. Therefore, the amount

of pseudo-labels that are used in this method are more confident and correctly

classified. Secondly, the smaller amount of pseudo-labels simply means that

the forgettability sampling method can achieve slightly better results with less

computational time needed to re-train the neural network. The other methods

have similar performances on both data-sets, with the respective difference in

terms of quantitative numbers.

5.4 Noisy Behavior Experiments

As already mentioned, in real world applications, obtaining completely correct

any without noise labels from experts is not a realistic scenario. Based on these

arguments, various experiments were conducted by adding different percentages

of noise to the informative samples to observe and discuss how robust the

proposed pipeline is under these circumstances. In more detail, in order to

replicate the noisy behaviour of misclassified images for the real-world situation

where people often make mistakes and are never able to create an ideal training

set, we added at each iteration additional noise to the labeled examples from the

oracle. In Section 4.5 two types of artificial label noise are discussed. In this

thesis project, the symmetric noise approach is implemented and tested in order

to simulate not ideal oracles. In more detail, after each iterationmquery amount of

data are asked to be labeled. The ground truth labels are provided to the selected

mquery amount of data. After that, based on a predefined probability of noise ratio

n = 0.03, 0.05 and 0.1, the ground-truth labels of these randomly selected images

are replaced. The noisy labels are selected using a random one-hot vector among

60



the available incorrect labels. This is equal to adding random classes for each

image and performing the training based on the new training set afterwards. The

results of running this approach on the noisy classes are presented in Tables 5.9

and 5.10. We added this noise to 10%, 5% and 3% of the training instances for

each data-set for the two sampling selection methods (LC, MS).

Percentage
of noise

AL-LC AL-MS PS-LC PS-MS

without noise 87.95 87.33 92.77 92.65
3% 87.99 87.33 92.45 92.28
5% 86.90 87.19 91.88 92.62
10% 85.70 85.71 91.33 91.14

Table 5.9: Added noise on the CIFAR-10 data-set with confidence threshold=0.90
for least confidence and margin sampling strategies.

As expected, a drop in the test accuracy of the model is observed. This simply

means, that as we increase the amount of noisy labels to our experiments the

performance of the model decreases. The business perspective defines that the

usage of subjectmatter experts in the process will generate weak supervised labels

to themodel. The decision of leveraging higher-level or noisier input from subject

matter experts should also be included at the design of the project. For noisy input

at 3% and 5% of the total budget, huge fluctuations at the performance of the

model under the semi-supervised learning were not observed (Figure 5.16). This

indicates that the usage of the majority of the high confident examples creates a

robust model that works better than fully supervised learning for noisy inputs.

Percentage

of noise
AL-LC AL-MS PS-LC PS-MS

without noise 75.13 75.05 77.62 77.64

3% 74.50 74.10 76.65 76.89

5% 73.52 74.11 76.38 76.76

10% 72.79 72.25 75.19 74.95

Table 5.10: Added noise on the CIFAR-100 data-set with confidence
threshold=0.90 for least confidence and margin sampling strategies.
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(a) CIFAR-10: Margin Sampling (b) CIFAR-10: Least Confidence

(c) CIFAR-100: Margin Sampling (d) CIFAR-100: Least Confidence

Figure 5.16: Different percentages of noise on the CIFAR-10 (the first row) and
CIFAR-100(the second row) data-sets. The amount of noise is equal to 3%, 5%
and 10% of the total available budget for labeling each data-set.
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6 CONCLUSIONS

The primary goal of this research was to investigate the effect of the selective self-

training on active learning approaches by varying the sampling queries criteria

and recording their performance in the image classification domain. The study

followed an in depth and time consuming experimental design based on the main

elements that can be adjusted to define an active learning system. Moreover, a

new sampling query method is proposed. The forgettablility sampling approach

was further integrated and evaluated with the the semi-supervised learning

methodology. In this chapter, we reflect on the results and discuss our findings.

Furthermore, we describe the limitations of our study and we underline future

research directions based on our findings.

6.1 Discussion

This thesis focuses on the pool-based active learning techniques and provides

new insights for exploring and comparing the learning curves based on various

active learning heuristics for fully and semi-supervised learning to classification

tasks. In addition, a new pool-based active learning query strategy is proposed.

Dealing with retraining-based algorithms we define a ”forgetting event” to have

occurredwhen an individual training example transitions themaximumpredicted

probability class over the course of retraining. The new method was integrated

with the combined systemof semi-supervised learningmethod. Several important

findings are observed, followed by an analysis of the limitations of the current

work.

First and foremost, we found that the high confidence samples that are

automatically selected through the self-training technique can be efficiently

merged with active learning heuristics, indicating that the proposed method at

the same time maximizes the extracted knowledge from the unlabeled data and

minimizes the human efforts for manual annotations. We detected significant

differences in the baseline model provided by the random sampling technique,

indicating that both proposed active learning queries and forgettability sampling

query improved the proposed methods both in terms of model performance and
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error reduction under the pseudo-labelization technique. Moreover, the results

of this analysis showed that the usage of selective self-training and active learning

techniques could also be beneficial to deep learningmodels under the appropriate

parameters, both by increasing deep learningmodel performance and by reducing

human effort for labelization.

Investigating further the background of annotation costs and computational time

in the procedure, two approaches are described. A higher available budget

for annotation costs allow for the creation of a faster strategy in terms of

computational time. Hence, we suggested the usage of active learning heuristics

in neural networks in order to select informative data points and significantly

outperform the random selection creating an accurate model. On the contrary,

by using the self-training technique and active learning strategies annotation cost

can be significantly reduced while computational time is increased.

Our findings also indicate that the benefits of different active learning query

strategies were limited regarding the influence at the performance of the model.

These results come also in line with today’s state-of-the-art methods proving that

in the end it seems that they are not able to considerably improve the margin

among the learning curves. Therefore, the proposed methods in the literature

to generate new active learning techniques over the years, consistently improving

on random sampling technique. Taking into consideration all the implemented

methods for uncertainty sampling, we demonstrate that the least confidence

sampling and margin sampling technique presented the most accurate results in

terms of model performance and error reduction under the pseudo-labelization

technique. Furthermore, the approach of the proposed forgettability sampling

strategy seems to be promising for active learning in the image classification

domain. This idea takes a very different approach when compared to other active

learning methods, and yet achieves similar or slightly better results to perceive

informative samples. This indicates a trend based on the statistics of the unlabeled

images during the retraining phases of the deep neural network model. These

results are further integrated to see how the forgettability sampling generalizes

under the self-training technique in the image classification task. Based on the

previous arguments the forgettability sampling has proved to be beneficial for
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both identifying informative samples in order to reduce human costs for labeling

and for generalizing when combined with the pseudo-labelization technique.

Regarding human supervision, we found that leveraging higher-level or noisier

input from subject matter experts also affects the accuracy of the model. Possible

solution could be the use of multiple experts to verify the same images in order

to create a more successful model and application or simply acknowledging the

fact that a less accurate model will be generated with the existence of noisier

input. Interestingly, the semi-supervised learning with the pseudo-labelization

technique create a robust model that works better than fully supervised learning

for noisy inputs. The choice of leveraging noisier input or not depends on the

demand of the real-word context.

6.2 Limitations

We acknowledge some limitations in our study that could affect the reliability of

the results we presented. In active learning experiments using neural networks

models there are many parameters that could affect a single experiment. First of

all, in this work the number of classes were known beforehand. This could have

affected the obtained results from the proposed methodology. The influence of

an unexplored number of classes in active learning algorithms remains an open

question. A secondary issue is that themodel is a non-convexmodel, thus different

random seeds are expected to lead to different models. In that way, selecting the

set of tunable hyperparameters has a significant influence on the performance

of the model. The commonly used strategy in order to carefully select these

hyperparameters is based on cross validation methods. Nevertheless, in the field

of active learning in most cases there is no available set for validation. This can

be explained intuitively as follows. The labeled set is selected based on various

active learning heuristics. These queries samples are biased based on active

learner’s preference and therefore a not appropriate labeled set to execute cross

validation. Moreover, the active learningmethods target to reduce the annotation

cost of the process. In such cases, it is unusual to spend annotation budgets to

construct a validation set. Furthermore, in the field of active learning, statistical

analysis encounters several difficulties. In more detail, the results should be
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averaged over many experiments for every algorithm to evaluate the performance

of deep learning algorithms. Small differences in the results may be observed if

the process was repeated for a predetermined number of times. Based on these

arguments, we tried to design an experimental setup which is as fair as possible

to the different methods.

6.3 Future Work

There is still much room for improvement in our study to explore in future

research.

Our findings indicated that the Active and Selective Self-Training for Semi-

Supervised Learning methodology can be utilized from many research centres

and companies that are trying to find a way to train an effective model with

the least labeling cost. Based on the demand of the increasing number of deep

learning applications in the market, we plan to extend our experiments across

different domains and contexts. The demonstrated idea of this methodology can

be integrated and tested in any type of data. For instance, large-scale object

recognition tasks andmulti-label recognition tasks could be further possible fields

to evaluate our method.

In future work, we believe that the combination of multiple models utilizing

transfer learning on relevant previous tasks, in order to provide lower quality

labels and allow for weaker supervision pertinent to these data points during

training, can actually further reduce the annotation costs. Furthermore,

Generative Adversarial Networks (GANs) has been identified as a possible

research path that can broaden our research perspective. The active learning

techniques can be used to select the most informative samples on the unlabeled

set and the GANs can be used to generate similiar images from the labeled set to

improve data-efficiency.

In Section 5.1.5 we proved that there is a trend in the average distribution for the

most uncertainty classes among uncertainty sampling active learning strategies

and forgettability sampling. Thus, an interesting question is whether or not a

correlation exists between the images that are selected among different active
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learning heuristics. If the answer is yes, can we identify for what features

the neural network model is facing the most difficulties during the training?

Currently, there are no studies which address the above question. It would be very

valuable, for instance, if we could confirm that different successful active learning

heuristics select roughly the same images.

Moreover, further investigation canbedone on the forgettability samplingmethod

as explained in Section 4.4. We believe that the reason the method presents a

sudden drop during the last iterations relies on the ratio of forgettability examples

and their confidence threshold. Therefore, a possible solution could be to evaluate

how the method reacts under various circumstances. For example, creating an

adaptive function that finds the balance between the exploration of the statistics

and the confidence score of the model may provide useful insights.

We also believe that the forgetting sampling method is able to create an efficient

heuristic to select and utilize informative samples. We also believe that if there is

knowledge on how different images are always assigned to the same predicted

classes during retraining phases then we could benefit from that using a new

pseudo-labelization technique from the statistics of the unforgettable images.

In such a case, the proposed pseudo-labelization technique will depend on the

unforgettable statistics of the neural model instead on a confidence threshold.

In the future, the developed prototype can be further integrated with the existing

label platform of the company where this thesis internship was conducted. In

more detail, the existing interfacewill be responsible to interact with the users and

guide the different phases of the procedure. Finally, the proposed method can be

further developed to generate a platform that can efficiently reduce the annotation

costs by using iteratively annotated informative samples and by maximizing the

extracted knowledge from the unlabeled data.
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APPENDIX

Appendix A

Network Architecture

The ResNet-18 architecture used for CIFAR-10 and CIFAR-100 respectively. The

convolutional architecture described in Table A.1.

Layer Name Output Size ResNet-18

conv1 112×112×64 7×7, 64, stride 2

conv2_x 56×56×64

3×3max pool, stride 23×3, 64

3×3, 64

 ×2

conv3_x 28×28×1284

3×3, 128

3×3, 128

 ×2

conv4_x 14×14×256

3×3, 256

3×3, 256

 ×2

conv5_x 7×7×512

3×3, 512

3×3, 512

 ×2

average pool 1×1×512 7×7 average pool

fully connected 1000 512×1000 fully connections

softmax 1000

Table A.1: ResNet-18 Architecture.
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Results for Fully Supervised and Semi-Supervised Learning
For Different Parameters

CIFAR-10 Results

In Table A.2 the results of three different thresholds at 0.95, 0.9 and 0.8 for

three active learning sampling strategies namely least confidence (LC), margin

sampling (MS) and the proposed forgettability sampling (FG) on the CIFAR-10

data-set are demonstrated.

Training iter. 1 4 8 12 15

Amount of

labeled samples
1.000 2.500 4.500 6.500 8.000

Confidence Threshold = 0.95

PS-LC 61.38 76.69 90.54 92.28 92.77

PS-MS 63.04 79.11 90.82 92.31 92.65

PS-FG 64.05 79.25 90.44 91.73 92.34

Confidence Threshold = 0.90

PS-LC 63.18 81.36 89.75 91.31 92.07

PS-MS 64.60 83.74 89.49 91.56 92.16

PS-FG 64.66 83.35 90.39 91.37 92.03

Confidence Threshold = 0.80

PS-LC 63.71 83.35 86.44 88.71 89.64

PS-MS 64.03 83.25 86.40 88.66 89.88

PS-FG 63.94 84.15 87.29 88.43 89.11

Table A.2: CIFAR-10 data-set for least confidence, margin, and forgettability
sampling strategies using different confidence thresholds: Achieved classification
accuracy for given number of iterations and strategy.
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(a) Confidence Threshold = 0.95 (b) Confidence Threshold = 0.90

(c) Confidence Threshold = 0.80

Figure A.1: CIFAR-10: Comparison on test accuracy of various confidence
thresholds for margin sampling(MS), least confidence(LC) and forgettability
sampling(FG) under fully supervised and semi-supervised learning.

(a) Margin Sampling (b) Least Confidence

(c) Forgettability Sampling

Figure A.2: Number of automatically labeled samples per iteration based
on various confidence thresholds on the CIFAR-10 data-set for margin
sampling(MS), least confidence(LC) and forgettability sampling(FG).
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CIFAR-100 Results

In Table A.3 the results of three different thresholds at 0.9, 0.8 and 0.7 for

three active learning sampling strategies namely least confidence (LC), margin

sampling (MS) and the proposed forgettability sampling (FG) on the CIFAR-100

data-set are demonstrated.

Training iter. 2 4 6 8 10

Amount of

labeled samples
10.000 15.000 20.000 25.000 30.000

Confidence Threshold = 0.9

PS-LC 60.44 67.93 73.55 76.02 77.62

PS-MS 61.50 69.80 73.98 76.66 77.64

PS-FG 60.95 67.96 73.64 76.06 77.19

Confidence Threshold = 0.8

PS-LC 61.07 70.19 74.82 76.96 77.43

PS-MS 62.22 71.14 75.40 76.71 77.51

PS-FG 64.14 71.33 74.59 75.68 76.66

Confidence Threshold = 0.7

PS-LC 62.89 71.09 74.17 76.29 77.36

PS-MS 63.65 72.50 75.03 76.86 77.32

PS-FG 64.14 71.33 74.59 75.68 76.66

Table A.3: CIFAR-100 data-set for least confidence, margin, and forgettability
sampling strategies using different confidence thresholds: Achieved classification
accuracy for given number of iterations and strategy.
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(a) Confidence Threshold = 0.90 (b) Confidence Threshold = 0.80

(c) Confidence Threshold = 0.70

Figure A.3: CIFAR-100: Comparison on test accuracy of various confidence
thresholds for margin sampling(MS), least confidence(LC) and forgettability
sampling(FG) under fully supervised and semi-supervised learning.

(a) Margin Sampling (b) Least Confidence

(c) Forgettability Sampling

Figure A.4: Number of automatically labeled samples per iteration based
on various confidence thresholds on the CIFAR-100 data-set for margin
sampling(MS), least confidence(LC) and forgettability sampling(FG).
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