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Abstract

Deep learning systems require a large amount of labelled training dataset. However large

amount of labelled data is not available in many cases as it requires considerable human

effort to label each sample correctly. In many cases like medical imaging, there is a small

amount of labelled dataset along with large amount of unlabelled samples. In this research,

we implement an Active learning algorithm which can help in increasing performance of deep

learning models by using large amount of available unlabelled dataset. We propose a novel

Active learning algorithm (Triplet AL) which uses a triplet network to select samples from

unlabelled set for training classification model. Past active learning methods rely on classi-

fication model’s final prediction scores as a measure of confidence for an unlabelled sample.

We propose a more reliable confidence measure called Top-Two-Margin which is given by

Triplet Network. We used STL-10 and CIFAR-10 dataset to test proposed algorithm. To

test architectural independence of proposed algorithm, we tested proposed algorithm by

using different model architectures for classification model. We compared results obtained

using proposed method with past active learning methods. Proposed algorithm outperforms

other active learning approaches we used to compare in our research.
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Chapter 1

Introduction

Deep learning systems require a large amount of data to train. For training these

deep learning systems, the data should be labelled i.e. for each training example

we need to have its corresponding label. The labels for each training example are

generated using human annotators who examine each sample and assign a label to

it. Sometimes this labelling is cheap e.g. in digit recognition an annotator requires

very little effort to label a sample to its corresponding label. However there are many

cases in which labelling a sample is expensive in terms of time or cost or both [22] .

For example-

1. CIFAR-10 dataset we have only 50,000 labelled images of car, bird, horse, ship

etc. However in internet there is a huge amount of such images present but

these are unlabelled. Labelling these images to their correct class requires huge

time and effort.

2. Labelling X rays- Labelling a sample of X-ray to contain a specific disease require

an expert radiologist to label. Labelling it precisely requires time and effort

making it an expensive process.

3. Speech Recognition- Expert linguistics are required to label each and every

word of a speech correctly. It is highly time consuming as understanding each

and every word of a speech utterance is a difficult task. If we require a speech

recognition system for rare language it is very difficult to find an expert linguistic

who can label the utterance correctly.
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4. Labelling defect in concrete structures- It requires good civil engineers and high

precision to correctly label the defect in concrete structures as mistakes in such

cases can incur huge loss of money or life.

Active learning comes to rescue when there is a problem of expensive labelling. In

Active Learning, we actively (smartly) choose samples from a large pool of unlabelled

samples. We choose samples such that the chosen samples can lead to good training of

deep learning model. After samples are chosen, we give them to expert to label. The

expert in Active Learning literature is termed as ‘Oracle’. We then use the chosen

examples along with their labels to train the deep learning model.

Figure 1.1: Single Iteration of Active Learning

2



1.1 Problem Statement and Motivation

In this research, our objective is to implement an Active Learning algorithm which can

be used for Semi-Supervised learning. In Semi-Supervised learning, we have a small

labelled set and a large unlabelled set and our goal is to increase model performance

using unlabelled set.

There are many cases in real world where we encounter a situation where we have small

number of labelled samples and large number of unlabelled samples. For example

in CIFAR-10 dataset we have only 50,000 labelled images of car, bird, horse, ship

etc. However in internet there is a huge amount of such images present but these

are unlabelled. Our proposed algorithm can select samples from the unlabelled set

in iterative manner and pseudo label the selected samples such that these pseudo

labelled images when added to current initial labelled set can increase accuracy of

classification model.

1.2 Research Contribution

We proposed a novel Triplet Network based Active learning algorithm Tripet AL

to help deep learning models improve performance using unlabelled dataset. Figure

1.2 shows a graphical abstract of single iteration of proposed Triplet AL algorithm.

Some key points about proposed active learning algorithm are following-

• In proposed algorithm, we use two models M1 and M2. M1 is a classification

model and M2 is a Triplet Network. We aim to increase accuracy of model M1

using unlabelled dataset.

• We develop a Teacher-Student framework, where Teacher model M2 chooses

samples for Student model M1, so that M1 can increase it’s performance.

• We propose a term Top-Two-Margin as a measure to decide confidence score of

model M2 on an unlabelled sample

• We compared proposed algorithm with conventional and two recent active learn-

ing algorithms. We achieved better increase in model performance when we used

proposed algorithm than other active learning methods used.
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• We also present a detailed analysis on why proposed method works better than

other methods used in this research.

Figure 1.2: Single Iteration of Proposed Triplet AL Algorithm

1.3 Organization of Thesis Report

Chapter 2 discusses about conventional and recent Active learning methods used in

previous works. In Chapter 3 we present proposed Active learning algorithm. Chapter

4 contains experiments we carried out in this research and their results. We show the

results obtained in graphical and tabular formats. We also do a detailed analysis of

comparison of proposed active learning method with other active learning methods

used. We then discuss about why proposed method is effective. In chapter 5 we

discuss about conclusions and future work.
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Chapter 2

Related Work

In past many active learning strategies are proposed. These strategies differ in how

we get the unlabelled data i.e. we get all unlabelled samples at once or we get them

one by one and how the unlabelled samples are selected [22].

2.1 Active Learning Problem Settings

Active Learning can be used in different scenarios. The scenarios depend on how we

get the new unlabelled data.

2.1.1 Stream Based Selective Sampling

In stream based selective sampling it is assumed that we get an unlabelled instance

with no associated cost and cost encountered is only while labelling it. We get unla-

belled samples one by one.

We then check whether it is beneficial to label the sample based on how informative

the sample is. Informativeness of a sample can be drawn from methods like Uncer-

tainty based method [3]. If sample is an informative sample, we ask the Oracle i.e.

annotator to label the sample else we discard it.
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Figure 2.1: Stream Based Selective Sampling

2.1.2 Pool Based Sampling

In pool based sampling [17], we get all the unlabelled samples at once. We then select

the most informative sample i.e. the samples which can help in better model training

from the large pool of unlabelled samples. The chosen samples are then labelled by

Oracle and then these are fed to the model to train.

Figure 2.2: Pool Based Active Learning [17]

2.1.3 Membership Query Synthesis

In this setting unlabelled instances are synthesized by the machine. These synthesized

unlabelled instances can sometimes be difficult to be labelled by a human annotator

as the synthesized sample may not be having a meaning understandable by human [1].

So this setting is useful when there is an automatic annotator present along with the

synthesizer [13].
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2.2 Active Learning Methods

Active Learning methods select samples which can help in better training of model

in each iteration. These samples are then labelled using Oracle and added to initial

labelled set.

2.2.1 Classical Active Learning Methods

• Random Selection - In this query strategy, the samples whose label has to be

asked from Oracle are chosen randomly. In stream based setting, we randomly

accept or reject a new unlabelled instance and in pool based setting, we take

say K samples from unlabelled pool randomly.

• Least Certainty Based Sampling - In this Uncertainity based sampling [17], those

samples are chosen in which the model trained on initial samples is least certain

i.e. the samples on which highest softmax probability score is least or the model

predicts a category with a low probability score. For two class classification

problem, a sample is uncertain if it’s posterior probability of belonging to one

of the class is near to 0.5 [16], [17].

Figure 2.3: Uncertainty Based Active Learning [16]

In Figure 2.3, the model predicts that this image is cat by confidence of 0.5

only. So for this image, the model is uncertain. If we give such low confidence

samples along with their correct labels, model can be trained faster.

• Most Certainty Based sampling - This is reverse of Least Certainty Based sam-

pling where we select those samples on which model trained on initial samples is

most certain. We require such samples when we are not given with the correct

labels and we have to pseudo label them.

7



• Minimum Margin Based Sampling - In Minimum Margin based sampling [19],

those samples are selected whose difference in top 2 class predictions is minimum.

Figure 2.4: Margin Based Active Learning [19]

In Figure 2.4, the cat which also nearly looks like a dog, top 2 prediction scores

are 0.5 and 0.45 for cat and dog class respectively. The margin between top 2

classes is just 0.05 i.e. the model is unsure whether it is a cat or dog. So feeding

this example with a correct label can help model to train faster.

• Maximum Margin Based Sampling - In Maximum Margin based sampling, those

samples are selected whose difference in top 2 class predictions is maximum.

• Query By Committee - In Query by committee [23] strategy, we select those

samples on which a committee of classifiers are in disagreement. We train say N

classifiers using initial training data. Now the samples for which many classifiers

disagrees with each other i.e. predicts different classes for that image, it means

that models are unsure about the new image and giving this image along with

its corresponding correct label can help to train model better.

2.2.2 Limitations of Classical Active Learning Methods

The classical Active learning methods like Uncertainty sampling etc. works very well

in a machine learning setting or in shallow networks but they do not work well in

Deep learning models. There are many limitations of conventional Active learning

methods when they are used in Deep learning models.

• According to Wang et al. [26], Active learning methods assume that feature

representation is fixed. However in CNNs along with task learning, features are

also learned.
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• According to Gal et al. [6], deep neural networks are dependent on large amount

of data but in Active learning we generally talk of using small amount of data

to train the model. Also in Active learning we talk about how uncertain model

is but there is no representation of uncertainty for deep neural networks.

• Deep neural networks are composed of feature learning phase and task learning

(Classification or Regression) phase. According to Tao He et al. [9], the un-

certainty evaluated from the results of final layer indicates uncertainty in Task

learning phase only. However since the overall learning consist of feature learn-

ing phase also, it is not good practice to consider uncertainty in feature learning

phase only.

• According to Duffofe et al. [5], uncertainty is not a good measure as a model

when given an image with small perturbations can result the image category

wrong with high certainty.

2.2.3 Active Learning Methods for Deep Neural Networks

Many Active Learning methods are proposed recently which aim to work well for

Deep neural Networks. These algorithms try to overcome the limitations faced by

conventional Active learning methods when used with deep neural networks.

• Inspired from Query By Committee [23], Ducoffe & Precioso (2015) [4] used

model dropouts to create model ensembles at test time. The partial CNNs

created using dropout form a Committee of classifiers to decide the uncertainty

of samples.

• Wang et al. (2016) [26] query most uncertain samples along with least certain

samples and ask for their labels. According to the authors most certain samples

help in improving the feature learning phase and least certain samples help in

improving task learning phase of neural network.

• In Deep Bayesian Active Learning (BALD), Gal et al (2017) [6] used Bayesian

CNNs and dropouts at time for sample acquisition.

• In Core Set approach by Sener et al. (2017) [21], samples are selected in batches

instead of single sample as in traditional active learning. In this approach a

9



subset of samples is chosen (core-set) such that chosen points approximate the

distribution of remaining points.

• In Deep Fool Algorithm proposed by Duffofe et al. (2018) [5] , most uncer-

tain samples are those which have the shortest distance to boundary. Shortest

distance to boundary is approximated as shortest distance to its adversarial

example.

• Tao He et al. (2019) [9] suggest to compute uncertainty by not only output

of last layer but also use outputs from previous layers also. Uncertainty from

last layer indicates uncertainty in classification task. While uncertainty from

previous layers indicates uncertainty in feature learning task. Final uncertainty

is calculated by taking the weighted average of the uncertainties.

• Discriminative Active Learning proposed by Gissin el al. (2019) [7], selects

samples such that labelled and unlabelled sets are indistinguishable.

• Adversarial Sampling for Active Learning proposed by Mayer et al. (2020)

[18], is a GAN based method which synthesis samples and then selects similar

synthetic samples from pool and add them to labelled set.

• A2-Link proposed by Suri et al. (2020) [25], uses adversarial noise to fine tune

a model which is then used to select samples intelligently from target domain

to labelled set.
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2.3 Background on Loss Functions

In this research, we propose an Active Learning method which uses two models M1

and M2. M1 is a classification model which uses cross entropy loss and M2 is a

embedding model based on triplet loss [11], [20]. So before moving into the proposed

algorithm, a brief background of the loss functions used is discussed.

2.3.1 Cross Entropy Loss

Cross entropy loss is used to train a multi-class classification model. If yi denotes

label of class i and y
′
i denotes softmax score of class i given by the model, Cross

entropy loss Lce for K class classification model is defined as-

Lce =
K∑
i=1

yi × log y
′

i

2.3.2 Triplet Loss

The goal of embedding learning algorithm is to learn a function fθ : RM −→ RN where

M is dimension of training data manifold and N is dimension of embedding space.

Consider a training set where zki represents ith sample of kth class. While training

an embedding model using triplet loss, we have triplets of the form - { zCa , zCb andzCc
′

}, where za and zb are of same class C and zc is of any other class except C. The

aim is to minimize distance between anchor point za and positive point (i.e. point of

same class) zb and maximize distance between anchor point za and negative point (i.e.

point of any other class) zc (Refer Figure 2.5). The distance metric used is Euclidean

distance. Euclidean distance D(x,y) between two points x and y is calculated as-

D(x, y) = ‖fθ(x)− fθ(y)‖22
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For each sample X in training set we form a triplet consisting of X, a positive point

P and a negative point N, Triplet loss LTL proposed by Schroff et al. (2015) [20] is

defined as -

LTL = max(D(X,P )−D(X,N) + α, 0)

where α is margin parameter

Margin parameter α helps to separate positive and negative classes in the embedding

space.

Figure 2.5: After Successful Training of Triplet Network, Distance Between Anchor and
Positive is Minimized and Distance Between Anchor and Negative is Maximized [20]

In this research work we use Hard Mining Triplet loss [10]. In Hard mining triplet loss,

to train embedding model we select a triplet which is hard. A hard triplet consists of

3 points Anchor point zCa , positive Point zCb and negative point zCc
′

such that positive

point is farthest from anchor point and negative point is closest to anchor point in

the embedding space. In other words, for an anchor point, we choose a point of same

class which is farthest to anchor point and we choose a negative point as a point of

another class which is closest to the anchor point in the embedding space.
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Chapter 3

Proposed Active Learning Method

In Semi Supervised Learning setting, we have initial labelled set L, a pool of unla-

belled set P . Our goal in this research is to use the Unlabelled set P to improve

performance of classification model.

In Conventional Active learning methods, we have a classification model M1 whose

purpose is to learn a function gθ : RM −→ RK , where M is dimensionality of input

manifold and K is no of classes. Model M1 is trained using initial labelled set. After

initial training, samples from unlabelled pool P are selected based on confidence of

model M1 on unlabelled samples.

In proposed novel Triplet AL method, along with classification model M1, a Triplet

model M2 is also used. Purpose of model M2 is to learn a function fφ : RM −→ RN

using triplet loss, where M is the dimensionality of input data manifold and N is

the size of embedding space. We start by training models M1 and M2 using initial

labelled data. Then using confidence of model M2 on unlabelled samples, we select

samples from unlabelled set P. To measure confidence of model M2 on a sample we

propose a metric Top-Two-Margin. We pseudo label selected samples using model

M2 and add them to labelled set. We then retrain models M1 and M2 using new

labelled set.
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Figure 3.1 shows side by side comparison of conventional active learning methods and

proposed Triplet AL algorithm.

Figure 3.1: Comparison of Traditional Active Learning Algorithm and Proposed Triplet AL
Algorithm
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Overall algorithm (Refer Algorithm 4) to use unlabelled samples U for increasing

performance of classification model M1 consists of the steps as shown in Figure 3.2.

Figure 3.2: Flow Diagram of Overall Algorithm
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3.1 Training Model M1 and M2 Using Initial Labelled Set

We use initial labelled set L to train models M1 and M2. To train model M1, we use

Cross entropy loss Lce while to train model M2, we use Triplet loss Ltl. Refer section

2.3 for details about loss functions.

Algorithm 1: Training M1

Input: (gθ) Model M1, (L) labelled set
Parameters : (K) No of classes, (ep1) Epochs for training M1, (s1) Batch size for

training model M1
Output: Trained model M1

1 for i← 1 to ep1 do
2 for every batch X of size s1 do

3 Forward pass through gθ and find K class softmax output y
′
= gθ(X)

4 y = class labels of batch X
5 Calculate Loss Lce:

6 Lce =
∑K

i=1 yi × log y
′
i

7 Calculate Gradient:
8 ∆W = ∇θ1/s1×

∑
s1 Lce

9 Update weights of model gθ using ∆W

10 return gθ

Algorithm 1 trains the classification model M1. After training model M1, for a

given sample model M1 can output the K-class prediction probabilities.

Algorithm 2 trains embedding model M2. After training model M2, for a given

sample model M2 can find out it’s corresponding location in embedding space. Since

we use Euclidean distance while using Triplet loss, we can find distances between two

points in embedding space using Euclidean distance.

17



Algorithm 2: Training M2

Input: (fφ) Model M2, (L) labelled set
Parameters : (K) No of classes, (ep2) Epochs for training M2, (s2) Batch size for

training model M2
Output: Trained model M2

1 for i← 1 to ep1 do
2 Make Triplets:

3 for each Triplet zCa , z
C
b , z

C
c

′
do

4 Calculate fφ(zCa ) , fφ(zCb ) and fφ(zCc
′)

5 Calculate Loss Ltl:

6 Ltl = max(‖fφ(zCa )− fφ(zCb )‖22 − ‖fφ(zCa )− fφ(zCc
′
) ‖22 + α, 0)

7 Calculate Gradient
8 ∆W = ∇φLtl
9 Update weights of model fφ using ∆W

10 return fφ

3.2 Finding Centres of All Classes

After training model M2, we can find embedding of a training point embedding(x) =

fφ(x). To find center of a class in Algorithm 3, we find embeddings of all samples

belonging to that class and take mean of the embeddings. For a classification problem

involving K classes, we thus have k centres c1, c2, c3, ..., ck

Algorithm 3: Method to Find Class Centres

Input: (fφ) Model M2 , (L) Initial labelled set
Parameters : (K) No of classes
Output: K Class centres

1 Initialize Centres to be an array of size K
2 for each Class c do
3 SumEmb = [0, 0, . . . , 0]
4 for each labelled example x in Class c do
5 embedding = fφ(x)
6 SumEmb = SumEmb + embedding

7 Centres[c] = SumEmb/(No of samples in class c)

8 return Centres[c]
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3.3 Defining the Oracle

In Active learning, Oracle is responsible for labelling of unlabelled samples before

adding them to labelled set. There are two cases-

1. Case 1: Perfect Oracle present - In this case Oracle can perfectly label classes

of unlabelled samples

2. Case 2: Perfect Oracle not present - In this case we don’t have an Oracle to

label the unlabelled data points

Since here we don’t have perfect Oracle, we will use Model M2 to pseudo labelling

the unlabelled samples before adding them to labelled set.

Figure 3.3: Distance of Unlabelled Data Point ui to K Centers. (Note : Embedding Space
of Size N is Shown as Embedding Space of Size 3 for Representation)
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3.4 Selecting Samples Using Proposed Triplet AL Algorithm

Our goal is to sample S samples from unlabelled set P using Triplet AL Algorithm

• For each unlabelled sample pi, convert it to its embedding ei using model M2.

Find its distance to all the K centers [di1, di2, di3, ...dik] in the embedding space

as shown in Figure 3.3. (Lines 8-10 of Algorithm 4)

• To find distances, we use Euclidean distance. Normalize distances using min-

max normalization, so that distances are in range [0,1]. (Lines 11-12 of Algo-

rithm 4)

• Sort distances in ascending order [Di1, Di2, Di3, ..., DiK ]. Distance Di1 is the

distance of unlabelled sample pi from it’s nearest class centre and distance Di2

is the distance of unlabelled sample pi from it’s second nearest class centre.

(Line 13 of Algorithm 4)

Figure 3.4: Top-Two-Margin of a point ui is defined as difference between distance to it’s
nearest class centre C1 and distance to it’s second nearest class centre C2 i.e. Di2 -Di1 (Note:
Embedding Space of Size N is Shown as Embedding Space of Size 3 for Representation)

• We propose a term Top-Two-Margin as a difference between distance from

nearest centre and distance from second nearest centre (refer Figure 3.4). Thus

Top-Two-Margin (Line 14 of Algorithm 4) of an unlabelled sample pi is calcu-

lated as-

Top− Two−Margini = Di2 −Di1
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Algorithm 4: Proposed Active Learning Algorithm - Triplet AL

Input: (gθ) Model M1, (fφ) Model M2 , (L) Initial labelled set, (P) Initial
unlabelled set

Parameters : (I) Active Learning Iterations, (S) No of samples to select in each
iteration, (α) Margin for triplet loss, (K) No of classes, (ep1)
Epochs for training M1, (ep2) Epochs for training M2, (s1) Batch
size for training model M1, (s2) Batch size for training model M2

Output: Trained model M1, M2 after I iterations of active learning
1 Initialize: Initialize models gθ , fφ
2 Training gθ on Initial Labelled set using Algorithm 1
3 Training fφ on Initial Labelled set using Algorithm 2
4 Centres = Find Centres of all classes using Algorithm 3
5 for j ← 1 to I do
6 Initialize Margin Array M
7 for each unlabelled sample ui ∈ P do
8 Ei = fφ(ui)
9 for each centre c ∈ Centres do

10 dic = ‖Ei − c‖22
11 mind =min(di) ; maxd =max(di)
12 di = di −mind/(maxd −mind)
13 Sort di to obtain Di,1, Di,2, . . . , Di,K

14 Top− Two−Margini = Di2 −Di1 ; M [i] = Top− Two−Margini

15 indices = argsort(M)
16 indices = indices[::-1]
17 selected-indices = indices[:S]
18 S = P[selected-indices]
19 Pseudo Labelling
20 for selected sample s ∈ S do
21 Es =fφ(s)
22 for each centre c ∈ Centres do
23 dsc = ‖Es − c‖22
24 label = argsort(ds)[0]
25 Label[s] = label

26 Modify Labelled and Unlabelled set
27 L = L ∪ {S}
28 P = P \ {S}
29 Re-Train M1 and M2
30 Training gθ on New Labelled set using Algorithm 1
31 Training fφ on New Labelled set using Algorithm 2

32 return C
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• Top-Two-Margin indicates certainty of Model M2 on class of unlabelled sample

pi. If Top-Two-Margin is large, then model M2 is sure that the sample belongs

to the class of its nearest class centre. While if Top-Two-Margin is small, then

model M2 is very less certain that it belongs to class of its nearest class centre.

Figure 3.5: Two Points ui and uj Along With Their Closest Class Centres (Note : Embed-
ding Space of Size N is Shown as Embedding Space of Size 3 for Representation)

• In Figure 3.5, Unlabelled sample ui and uj are shown along with their nearest two

class centres C1 and C2 (C1 is nearest and C2 is second nearest). In left Figure

there is large difference between distance of ui from its nearest class centres C1

and C2 i.e. large Top-Two-Margin. So Model M2 has more confidence that the

label or class of ui is C1. On the other hand, right Figure there is very small

difference between difference of uj from from its nearest class centres C1 and

C2 i.e. small Top-Two-Margin. So Model M2 has very less confidence that the

label or class of ui is C1.

• Sort unlabelled samples based on Top-Two-Margin in decreasing order. (Lines

15-16 of Algorithm 4)

• In each iteration, we select S samples whose Top-Two-Margin is largest i.e.

model M2 is most confident about their class because we use M2 as Oracle.

(Lines 17-18 of Algorithm 4)
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3.5 Pseudo Labelling

We selected S s1, s2, s3, ...sS data points using Active learning. Now our goal is to

pseudo label the samples as we are not provided with the original labels for these

samples)

• For pseudo labelling a sample si, we convert it to its embedding using M2. (Line

21 of Algorithm 4)

• Find distance of si to all class centres. (Lines 22-23 of Algorithm 4)

• We then assign a class C to the sample si whose centre is closest to the sample.

(Lines 24-25 of Algorithm 4)

Figure 3.6: Pseudo Labelling of Sample ui. C3 is Closest to ui in Embedding Space, so ui
is Labelled as C3 (Note : Embedding Space of Size N is Shown as Embedding Space of Size
3 for Representation)
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3.6 Re-Training

We selected S new samples from unlabelled set P and pseudo labelled them.

• Adding new points to labelled set L

The pseudo labelled point are then added to the labelled set. So now the size

of labelled set becomes |L| + S. (Line 27 of Algorithm 4)

• Removing new points from unlabelled set U

The points which are chosen and pseudo labelled have to be removed from

unlabelled set, so that they are not chosen again. So now the size of unlabelled

set becomes |U | - S. (Line 28 of Algorithm 4)

• Re-Train Model M1 and M2

Now we have new labelled set which includes new pseudo labelled points. We

will now Re-Train both the models M1 and M2 using new labelled set. (Lines

30-31 of Algorithm 4)
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Chapter 4

Experiments and Results

In this research, we present a new method for Active Learning. For testing the per-

formance of proposed Active learning approach we experiment on Different datasets

and different models.

We used two datasets STL-10 and CIFAR-10 to test proposed algorithm. We also

test across different models for classification task. We used LeNet-5, ResNet150 and

DenseNet-121 Architectures for classification task.

4.1 Dataset

4.1.1 STL-10 Data Set

STL-10 Dataset [2] consists of 10 classes - airplane, bird, car, cat, deer, dog, horse,

monkey, ship and truck. The images are of size 96X96 with 3 colour channels. Along

with labelled samples, STL-10 has high number of unlabelled samples. So it is suitable

for the task in which we require to actively select samples from unlabelled pool. Some

sample images from STL-10 dataset are shown in Figure 4.1. The dataset split is

described in the Table 4.1
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Figure 4.1: STL-10 Dataset

Split Number of samples

Labelled 5000

Unlabelled 100000

Test 8000

Table 4.1: Dataset Split in STL-10

4.1.2 CIFAR-10 Data Set

CIFAR-10 Dataset [14] consists of 10 classes - airplane, automobile, bird, cat, deer,

dog, frog, horse, ship, truck. The images are of size 32X32 with 3 colour channels.

Some sample images from CIFAR-10 dataset are shown in Figure 4.2. The dataset

split is described in the Table 4.2

Split Number of samples

Train 50000

Test 10000

Table 4.2: Dataset Split in CIFAR-10
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Figure 4.2: CIFAR-10 Dataset

4.2 Model Architecture

4.2.1 Architecture Used for Model M1

We used different models for classification task to see performance of proposed algo-

rithm across different models.

1. LeNet-5

LeNet-5 consists of two pairs of convolutional and average pooling layers followed

by two fully connected layers and a softmax output layer [15].

2. ResNet-152

ResNet-152 is a very deep neural network consisting of 152 layers. It consists

of skip connections between residual blocks which help in mitigating vanishing

gradient problem [8] .

3. DenseNet-121

DenseNet-121 consists of 121 layers in which each layer gets input from all

preceding layers and each layer gives its feature maps to subsequent layers.

DenseNet architecture has many advantages like strengthening of feature prop-

agation and feature res-use and mitigating vanishing gradient problem [12].
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4.2.2 Architecture Used for Model M2

We used ResNet-50 [8] as Model M2 in all experiments as we want to test performance

of model M1 with model M2 same in all cases. Model M2 is responsible for choosing

samples and pseudo labelling samples in proposed Algorithm.

4.3 Experimental Protocol

4.3.1 Experimental Protocol for STL-10 Dataset

For STL-10 dataset, we are provided with a separate labelled set, an unlabelled set

and a test set. We will use the same split as given to make Labelled set L and

Unlabelled Set P. We will use 10% of the given labelled set as a Validation set for

hyperparameter tuning and Early stopping. We test the performance of the models

against unseen Test Set.

Set Number of samples

Initial Labelled set for Training 4500

Validation Set 500

Unlabelled Set P 100000

Test Set 8000

Samples Added in each iteration 5000

Table 4.3: Set Split for STL-10

4.3.2 Experimental Protocol for CIFAR-10 Dataset

In CIFAR-10, we don’t have a separate unlabelled set. So to test proposed algorithm,

we will separate out samples from the labelled set and assume that their labels are

unknown. We split given training set into labelled set of size 5000 and unlabelled set

of size 45000. We use 500 labelled sample as validation set.
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Set Number of samples

Initial Labelled set for Training 4500

Validation Set 500

Unlabelled Set P 45000

Test Set 10000

Samples Added in each iteration 5000

Table 4.4: Set Split for CIFAR-10

4.4 Implementation Details

4.4.1 Re-Training Procedure

In proposed algorithm, we first use the initial labelled set to train models M1 and

M2. We select S samples from Unlabelled set P and pseudo label them. Now for

re-training there can be three alternatives-

1. Fine Tune Using New Samples Only

Using the new samples, we fine tune the models M1 and M2 which were ini-

tially trained on labelled dataset. By fine-tuning we mean that we keep the

old weights of models M1 and M2 which were learnt during training on initial

labelled dataset and fine-tune weights of models by training on newly selected

S samples.

2. Fine Tune Using New Labelled Set

Use new labelled set formed from old current labelled set and newly selected

samples to fine-tune using entire new data set.

3. Retraining From Scratch

Initialize models M1 and M2 i.e. forget the weights which were learnt during

training with initial labelled dataset. Train models M1 and M2 from scratch

using newly formed labelled dataset comprising of initial labelled dataset and

new added pseudo labelled .

• In first method where we fine-tune using new samples only, it is possibility that

model learns more about new samples and forget about old samples
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• In second method where we fine-tune using entire new labelled set, there is pos-

sibility that model learns more about old samples and less about new samples.

This is because model has seen old samples twice, first when it was trained on

old samples and second when it was trained on old combined with new samples.

• So the best way to train is to initialize model again and train on entire new

labelled (i.e. old and new samples) set again.

4.4.2 Learning Rate Decay

During training, we reduce Learning rate by a factor of 10 if even after next 5 epochs

validation loss is not decreasing.

4.4.3 Early Stopping

We use early stopping to stop model training to avoid overfitting of model. We

monitor validation loss on validation dataset. During training, we save the model

when we get a validation loss which is less than all the validation losses we get on

previous epochs. We then wait for a number of epochs and see if we can achieve a

lower validation loss than current best validation loss. If we get a lower validation

loss, we save the model. If we don’t get a lower validation loss even after waiting for

some epochs, we stop training. After training is complete, we load the best model

where we get least validation loss.

4.4.4 Tracking Best Model During Active Learning Iterations

We perform active learning iterations. In each active learning iteration, we select

samples from unlabelled set, pseudo label them, add them to labelled set and retrain

models. We check performance on test set and find out gain in accuracy. As we add

new pseudo samples to labelled set. Model accuracy may decrease or increase. So

During active learning iterations, we track best model which resulted in best accuracy

compared to initial accuracy using initial labelled data.
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4.4.5 GPU and Framework

We used following versions of GPU, python and frameworks to implement the al-

grotihm.

Tool Version

GPU NVIDIA 1080Ti

GPU RAM 12 GB

Python 3.6.10

PyTorch 1.1.0

Torchvision 0.3.0

Table 4.5: Tools Required

4.5 Experiment

Models M1 and M2 are trained using initial labelled dataset. After that we used

active learning to select S new samples from unlabelled pool which are then pseudo

labelled using model M2. Along with proposed method we used many other active

learning methods to compare proposed algorithm.

• Random Selection

Select S new samples randomly from unlabelled pool of samples

• Least Certainty Selection [16]

Select S samples on which model M1 has low confidence. Low confidence means

that score of highest score class/label is less.

• Most Certainty Selection

It is reverse of least certainty where we sample S samples on which model M1 has

high confidence. High confidence means that score of highest score class/label

is high.

• Minimum Margin Based Selection [19]

Select those samples whose difference between top two class scores given by
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model M1 is less. Less difference means that model M1 is not sure about the

class of M1.

• Maximum Margin Sased Selection

This method is reverse of minimum margin based selection. We select those

samples whose difference between top two class scores given by model M1 is

high.

• Deep Bayesian Active Learning (BALD), Gal et al (2017) [6].

This uses Bayesian CNNs and dropouts at time for sample acquisition.

• Deep Fool Algorithm proposed by Duffofe et al. (2018) [5].

Most uncertain samples are those which have the shortest distance to bound-

ary. Shortest distance to boundary is approximated as shortest distance to its

adversarial example.

• Triplet AL (Proposed Method)

We select those samples on which embedding model M2 is highly confident i.e.

samples for which Top-Two-Margin is largest.

• Triplet AL Reverse (Proposed Method)

It is reverse of Triplet AL Method where we select samples on which model M2

is least confident. In this method we select those samples on which model M2

has a middle level of confidence. The reason behind not to select high confidence

sample is because the model M1 might be confident of the samples selected by

Triplet AL method that it does not learn much even after adding new samples.

4.6 Results

We have tested proposed method along with other active learning method. In this

section, we show results we obtained for all the architectures used for model M1. For

each model architecture used for model M1, we show 2 plots-

• Accuracy Vs No of Samples Added

(Left plot in Figures - 4.3, 4.4, 4.5, 4.6, 4.7 and 4.8)

In this plot, we show how accuracy of model M1 changes as we add more and
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more samples from unlabelled set and then retrain model M1. The graph starts

from 0 on the x-axis which means that no new sample added i.e. training on

initial labelled set.

These plots help to analyze the change in accuracy of classification model as

new pseudo labelled samples are added. The accuracy of classification model

may increase or decrease as new samples are added. If accuracy is increased

this means that we have selected good samples and if accuracy is decreased this

means we have select bad samples from unlabelled set.

• Chosen Accuracy Vs No of Samples added

(Right plot in Figures - 4.3, 4.4, 4.5, 4.6, 4.7 and 4.8)

In this plot, we show how much confident model M1 is on selected samples.

This helps to get an insight of what type of new samples are being added to

labelled set. If chosen accuracy is high, it implies that model M1 is already

confident on selected samples. If chosen accuracy is low, it implies that model

M1 is not confident about the selected samples.

4.6.1 Results on STL-10 Dataset

We have used entire 5000 samples samples given as per original STL-10 split as initial

labelled set and used 100000 unlabelled samples as pool to select samples. We then

tested accuracy of model M1 using 8000 test samples.

Hyper-Parameter Tuning

To train models M1 and M2, we performed hyper-parameter tuning (Table 4.6 and

Table 4.7). We used Adam optimizer in all experiments.
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Parameter M1 - LeNet M1 - ResNet152 M1 - DenseNet121

Learning Rate 0.0003 0.000003 0.0003

Adam β1 0.9 0.9 0.9

Adam β1 0.999 0.999 0.999

Adam Weight Decay 1e-5 1e-5 1e-5

Batch size 64 64 64

Table 4.6: STL-10 Model M1 Hyper-Parameter Tuning

Parameter M2 Model

Learning Rate 0.000003

Adam β1 0.9

Adam β1 0.999

Adam Weight Decay 1e-5

Batch size 128

Triplet Margin (m) 0.2

Size of embedding space (N) 128

Table 4.7: STL-10 Model M2 Hyper-Parameter Tuning

Results

For STL-10 dataset, we achieved best results using proposed Triplet AL algorithm

when compared to other Active learning methods used. We performed 3 iterations

of active learning for each method. We queried 5000 new samples from STL-10 un-

labelled dataset in each iteration. Accuracy vs number of samples added graphs in

Figures 4.3 a), 4.4 a) and 4.5 a) show that we get better performance of classification

model M1 when we queried new samples using proposed Triplet AL method.

• Model M1 - LeNet

• Model M1 - ResNet152

• Model M1 - DenseNet121

Table 4.8 shows maximum accuracy which can be achieved by adding 15000 sam-

ples from unlabelled pool to the labelled pool for STL-10 dataset. Initial accuracy
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a) Accuracy of Model M1 vs No of Samples
Added

b) Accuracy of Model M1 on Chosen
Samples

Figure 4.3: Result on STL-10 Dataset and Using LeNet Model as M1

a) Accuracy of Model M1 vs No of Samples
Added

b) Accuracy of Model M1 on Chosen
Samples

Figure 4.4: Result on STL-10 Dataset and Using ResNet152 Model as M1

a) Accuracy of Model M1 vs No of Samples
Added

b) Accuracy of Model M1 on Chosen
Samples

Figure 4.5: Result on STL-10 Dataset and Using DenseNet121 Model as M1
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achieved using initial training data is also provided in the table for all architectures

used.

Table 4.8 shows that using proposed Triplet AL algorithm, we have successfully in-

creased performance of classification model. We achieved increase of 14.48%,

1.72% and 1.84% in model M1 accuracy for models LeNet, ResNet152

and DenseNet121. These gains in accuracy by proposed Triplet AL method ex-

ceeds gains achieved by other active learning methods used.

M1 - LeNetl M1 - ResNet152 M1 - DenseNet121

Initial Accuracy 48.75 91.31 88.46

Active Learning Method

Random 52.56 91.9 89.88

Least Certainty 50.23 91.71 88.46

Most Certainty 52.38 92.42 88.91

Minimum Margin 49.325 91.63 88.46

Maximum Margin 51.775 92.70 89.48

BALD (2017) 50.15 91.70 88.46

Deep Fool AL(2018) 50.75 91.50 88.46

Triplet AL (Proposed) 63.23 93.03 90.3

Triplet AL Reverse (Proposed) 48.75 91.31 88.50

Triplet AL Middle (Proposed) 49.075 92.45 89.23

Table 4.8: Maximum Accuracy Obtained after Adding 15000 Samples from Unlabelled Set
for STL-10 Dataset

4.6.2 Results on CIFAR-10 Dataset

Here we do not have any unlabelled data. So we partitioned given training data of

size 50000 samples into labelled set of size 5000 and unlabelled set of size 45000. We

then tested accuracy of model M1 using 10000 test samples.
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Hyper-Parameter Tuning

To train models M1 and M2, we performed hyper-parameter tuning (Table 4.9 and

Table 4.10). We used Adam optimizer in all experiments.

Parameter M1 - LeNet M1 - ResNet152 M1 - DenseNet121

Learning Rate 0.003 0.0003 0.0003

Adam β1 0.9 0.9 0.9

Adam β1 0.999 0.999 0.999

Adam Weight Decay 1e-5 1e-5 1e-5

Batch size 128 128 128

Table 4.9: CIFAR-10 Model M1 Hyper-Parameter Tuning

Parameter M2 Model

Learning Rate 0.00003

Adam β1 0.9

Adam β1 0.999

Adam Weight Decay 1e-5

Batch size 128

Triplet Margin (m) 0.2

Size of embedding space (N) 128

Table 4.10: CIFAR-10 Model M2 Hyper-Parameter Tuning

Results

For CIFAR-10 dataset, we achieved best results using proposed Triplet AL algorithm

when compared to other Active learning methods used. We performed 3 iterations

of active learning for each method. We queried 5000 new samples from CIFAR-10

unlabelled dataset in each iteration. Accuracy vs number of samples added graphs in

Figures 4.6 a), 4.7 a) and 4.8 a) show that we get better performance of classification

model M1 when we queried new samples using proposed Triplet AL method.
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• Model M1 - LeNet

a) Accuracy of Model M1 vs No of
Samples Added

b) Accuracy of Model M1 on Chosen
Samples

Figure 4.6: Result on CIFAR-10 Dataset and Using LeNet Model as M1

• Model M1 - ResNet152

a) Accuracy of Model M1 vs No of
Samples Added

b) Accuracy of Model M1 on Chosen
Samples

Figure 4.7: Result on CIFAR-10 Dataset and Using ResNet152 Model as M1

• Model M1 - DenseNet

a) Accuracy of Model M1 vs No of
Samples Added

b) Accuracy of Model M1 on Chosen
Samples

Figure 4.8: Result on CIFAR-10 Dataset and Using DenseNet Model as M1
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Table 4.11 shows maximum accuracy which can be achieved by adding 15000 sam-

ples from unlabelled pool to the labelled pool for CIFAR-10 dataset. Initial accuracy

achieved using initial training data is also provided in the table for all architectures

used.

Table 4.11 shows that using proposed Triplet AL algorithm, we have successfully

increased performance of classification model. We achieved increase of 6.29%,

1.47% and 2.11% in model M1 accuracy for models LeNet, ResNet152

and DenseNet121. These gains in accuracy by proposed Triplet AL method ex-

ceeds gains achieved by other active learning methods used.

M1 - LeNet M1 - ResNet152 M1 - DenseNet

Initial Accuracy 48.81 72.78 74.15

Active Learning Method

Random 52.92 72.89 74.15

Least Certainty 48.81 72.78 74.15

Most Certainity 53.76 73.79 75.31

Minimum Margin 48.81 72.78 74.15

Maximum Margin 52.62 73.83 75.21

BALD (2017) 50.2 72.78 74.15

Deep Fool AL(2018) 50.53 72.78 74.15

Triplet AL (Proposed) 55.1 74.25 76.26

Triplet AL Reverse (Proposed) 48.81 72.78 74.15

Triplet AL Middle (Proposed) 52.20 73.19 74.60

Table 4.11: Maximum Accuracy Obtained after Adding 15000 Samples from Unlabelled Set
for CIFAR-10 Dataset

4.7 Analyzing Performances of Active Learning Algorithms

In this research, we have used many Active learning algorithms. Chosen accuracy vs

no of samples added graphs for STL-10 dataset in Figures 4.3 b), 4.4 b) and 4.5 b)

and Chosen accuracy vs no of samples added graphs for CIFAR-10 dataset in Figures

4.6 b), 4.7 b) and 4.8 b) show that these algorithms are of 4 types-
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1. Algorithms Choosing Most Confident Samples

• Triplet AL (Proposed)

• Most certainty

• Maximum Margin

2. Algorithms Choosing Least Confident Samples

• Least certainty

• Minimum Margin

• Triplet AL Reverse (Proposed)

• DeepFool Al

• BALD

3. Algorithms Choosing Samples of Mid Level Confidence Samples

• Triplet Middle (Proposed)

4. Random Algorithm

To have a deeper look on what types of samples are by different algorithms, we show

samples extracted by different active learning algorithms along with their pseudo

labels. We show these results on Data set STL-10 and following protocol as illustrated

in 4.8.1.

4.7.1 Analysis of Algorithms Choosing Least Confident Samples

Figure 4.9 shows some images selected by Least certainty algorithm in first iteration.

Since the samples chosen are those on which model is least certain, these are difficult

samples which model M1 does not know yet. So it might be possible that these are

difficult samples for model M2 also which leads to wrong pseudo labelling of selected

samples.

In Figure 4.9, first three images are of horse, monkey and cat but these are in-

correctly labelled as dog, bird and dog respectively. Such new samples which are
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Figure 4.9: Wrong Pseudo Labelling

wrongly pseudo labelled can lead to improper training of model M1. This is the rea-

son we observe that algorithms which selects samples on which current model is least

confident, leads to decrease in accuracy.

Active learning methods BALD and DeepFool AL also come under this category

where samples on which current model has low confidence are selected. So these

methods does not work well for the task which requires to increase accuracy using

unlabelled samples.

4.7.2 Analysis of Algorithms Choosing High Confident Samples

Figure 4.10: Correct Pseudo Labelling

The samples selected by Algorithms like Triplet AL and Maximum certainty which

selects samples on which current model is highly confident are easy samples. Most of

these easy samples are pseudo labelled to their correct class by model M2.

Figure 4.10 shows some selected samples and their pseudo labels. All of them are
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correctly pseudo labelled. Adding these new samples along with their pseudo labels

to the labelled dataset helps to train classification model M1 better as we have now

more number of samples along with their correct class labels. So the new samples

added helps to increase accuracy of the classification model.

4.7.3 Analysis of Algorithms Choosing Mid Level Confident Samples

We also proposed Triplet middle method which selects samples with mid level of

confidence. We implemented this algorithm to select samples on which we neither

have too high confidence nor too low confidence. Motivation behind this method is

to not give too easy samples for training as model may not learn much using easy

samples. So we give samples with mid level of confidence to model M1 to train.

Tough this method seems to help classification model M1 to train better, wrong

pseudo labelling of many of mid level confidence samples leads to improper training

of classification model M1

4.7.4 Analysis and Comparison of Triplet AL and Other High Confident

Sampling Methods

Refer tables 4.8, 4.11 and 4.15, proposed Triplet AL method performs much better

than other higher confidence sampling active learning methods.

The conventional high confidence selection methods only uses final k-class classifica-

tion scores as a measure to decide confidence of model.

• According to Tao He et al. [9], Deep learning networks are made of feature

learning and task learning phase. So using only task learning phase i.e. final

k-class classification scores as uncertainty measure is not good practice.

• According to Duffofe et al. [5], uncertainty based on final k-class classification

score is not good measure as these scores can change drastically if some small

perturbations are added.

Our proposed method, Triplet AL measures confidence of a sample using it’s position

in the embedding space. We trained the embedding model M2 using Triplet loss.
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We proposed a measure Top-Two-Margin, which is difference between distances of

sample from it’s closest two class centers in embedding space. If Top-Two-Margin is

high, there is large difference in distances of sample from its nearest two class centers.

In this case Model M2 is confident that class of sample is it’s nearest class center.

However if Top-Two-Margin is low, there is less difference in distances of sample from

its nearest two class centers, then Model M2 is not confident about class of sample.

Thus proposed Triplet AL method presents a better method to measure confidence

of a sample as confidence measure is based on distance measure and not just final

K-class prediction scores.

4.8 Experiment Utilizing Entire Unlabelled Pool

In previous experiments, we added 15,000 samples from unlabelled set of size 100000

to labelled set in STL-10 experiment and added 15,000 samples from unlabelled set

of size 45000 to labelled set in CIFAR-10 experiment. In this experiment we will

consider entire unlabelled pool and see that how much increase in accuracy we can

achieve by utilizing entire unlabelled pool.

4.8.1 Dataset and Protocol for Experiment Utilizing Entire Unlabelled

Pool

We use STL-10 for this complete experiment but protocol is different than previous

experiment on STL-10. Out of 5000 training samples of STL-10 provided as per orig-

inal split, we assume that only 1000 samples are labelled and remaining 4000 samples

are unlabelled. Out of 1000 labelled samples, we keep 100 samples as validation set

used for hyper parameter tuning and early stopping. We use test set of size 8000

samples provided by original split to test the performance of model.
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Set Number of samples

Initial Labelled set for Training 900

Validation Set 100

Unlabelled Set P 4000

Test Set 8000

Number of samples added in each iteration 500

Table 4.12: Set Split for STL-10 for Experiment Utilizing Entire Unlabelled Pool

4.8.2 Model Architecture

We will use a different architecture not used in earlier experiments to test robustness

of proposed algorithm. We will use Wide ResNet-50-2 [27] as model for M1. In Wide

ResNet-50-2, 50 means depth of model and 2 means width factor.

4.8.3 Active Learning Methods

In this case we will compare performance of proposed Triplet AL method against

recent Active learning methods and most confident methods only. We omit comparing

with least confidence methods which were not good enough for this task.

• Random

• Most Certainty

• Maximum Margin

• BALD Active learning (2017) [6]

• Deep fool Active Learning (2018) [5]

• Triplet AL (Proposed)

4.8.4 Hyper-Parameter Tuning

To train models M1 and M2, we performed hyper-parameter tuning (Table 4.13 and

Table 4.14). We used Adam optimizer in all experiments.
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Parameter M1 - Wide ResNet-50-2

Learning Rate 0.00003

Adam β1 0.9

Adam β1 0.999

Adam Weight Decay 1e-5

Batch size 64

Table 4.13: Utilizing Entire Unlabelled Set , STL-10 - Model M1 Hyper-Parameter Tuning

Parameter M2 Model

Learning Rate 0.000003

Adam β1 0.9

Adam β1 0.999

Adam Weight Decay 1e-5

Batch size 128

Triplet Margin (m) 0.2

Size of embedding space (N) 128

Table 4.14: Utilizing Entire Unlabelled Set , STL-10 - Model M2 Hyper-Parameter Tuning

4.8.5 Results

We started with an initial labelled set of size 1000. We then queried 500 samples in

each iteration, pseudo labelled them, added them to labelled set and retrained the

models. With initial sample set of size 1000, model M1 gave an accuracy score of

86.1% on test set.

We obtained the results as shown in Figure 4.11. As shown in table 4.15, proposed

Triplet AL method outperformed all other active learning methods used and gave

better increase in performance as we added more samples from unlabelled set. Our

proposed algorithm reached a maximum accuracy of 92.275% on test set during active

learning iterations. Our proposed Triplet AL method resulted in a gain of

6.175% in model accuracy which is much higher when compared to other

approaches.
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a) Accuracy of Model M1 vs No of Samples
Added

b) Accuracy of Model M1 on Chosen
Samples

Figure 4.11: Result of Experiment Utilizing Entire Unlabelled Pool

Method Initial Accuracy Maximum Accuracy Gain in Accuracy

Random 86.1 88.8 2.7

Most Certainty 86.1 88.68 2.58

Maximum Margin 86.1 88.685 2.585

BALD (2017) 86.1 88.18 2.08

DFAL (2018) 86.1 88.8 2.7

Triplet AL (Proposed) 86.1 92.275 6.175

Table 4.15: Maximum Accuracy Obtained and Gain in Accuracy After Utilizing Entire
Unlabelled Dataset

4.8.6 Analysis of Result Obtained Using Triplet AL method

We analyse the results obtained by proposed Triplet AL method where we performed

experiment on complete unlabelled dataset. In proposed Triplet AL method we select

those samples on which embedding model M2 is highly confident. We choose highly

confident samples because we don’t have their correct labels and we have to pseudo

label them. If we would have selected least confident samples then their pseudo

labelling would be incorrect and model M1 may not get any gain in model performance

even after adding those samples.

In figure 4.12, we only show results for proposed Triplet AL algorithm. In each

iteration we add 500 pseudo labelled samples to labelled dataset. Plot of chosen

accuracy vs No. of samples added in Figure 4.12 b) shows that in initial iterations

proposed Triplet AL algorithm selects highly confident samples or easy samples which

leaves samples with low confidence in remaining unlabelled set.
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a) Accuracy of Model M1 vs No of Samples
Added

b) Accuracy of Model M1 on Chosen
Samples

Figure 4.12: Result of Triplet AL Method in Experiment Utilizing Entire Unlabelled Pool

In early iterations since easy samples are added, the pseudo labelling process results

in correct labelling of most of the samples which results in better training of classifi-

cation model M1 as we have now more number of samples with their correct samples.

Till 4th (i.e. till 2000 samples), model M1 have an accuracy of above 90% pseudo

labelled samples chosen. Adding these highly confident data samples results in in-

crease of model accuracy as we have more number of data samples with correct labels.

In later iterations, since most of the samples with high confidence are chosen ear-

lier, we are left with low confidence samples. These samples are hard samples and

pseudo labelling them results in wrong labelling of many of the selected samples.

Adding many samples which are wrongly labelled can decrease model performance.

Thus we see a decrease of model M1 test accuracy after 5th iteration.

We get best performance of model M1 at 4th iteration with test accuracy of 92.275%

which is 6.175% more than initial accuracy of 86.1%. In this experiment we assumed

a set of given labelled samples as unlabelled. So we have their correct labels available

with us. By using correct labels of all 5000 samples we get accuracy of Model M1 as

93.725% on test set. On the other hand we achieved an accuracy of 92.275% using

just 1000 labelled samples. This shows that proposed Triplet AL algorithm which

uses only 1000 labelled samples is powerful enough that it can reach close to accuracy

when 5000 labelled samples are used.
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Chapter 5

Conclusions And Future Work

In this research we proposed a new Active Learning approach Triplet AL which uses

Triplet network. To check dataset and architectural independence of proposed algo-

rithm, we have tested proposed algorithm using two datasets (STL-10 and CIFAR-

10) and have used various model architectures for classification model like Lenet,

ResNet152, DenseNet-121 and Wide ResNet. Using unlabelled set proposed Triplet

AL algorithm is able to increase the performance of classification model on test set.

We compared proposed algorithm with some active learning methods like Most cer-

tainty, Maximum margin, Random sampling, DeepFool Al [5], BALD [6] etc. Our

algorithm outperformed other methods we used for comparison. We have also done

a detailed analysis of why proposed algorithm performs better.

In future, we plan to use a Multi Task Learning model instead of separate classi-

fication and triplet models. We also plan to test the proposed algorithm on real

world applications like face recognition in video surveillance system.
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