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Data Constrained Deep Learning

by
Rohit Keshari

Abstract

Deep Neural Networks (DNNs) have achieved remarkable success across various machine learn-
ing and computer vision tasks, especially when abundant training samples are available. In Con-
volutional Neural Network (CNN) research, it has been established that a model’s generalization
capability improves with the combination of complex architectures, strong regularization, domain-
specific loss functions, and extensive databases. However, training DNNs in environments with
limited data remains a significant challenge, calling for attention from the research community.
Many applications lack the requisite volume of data needed to train models effectively. Data con-
straint in this context is influenced by factors such as 1) a scarcity of domain experts, 2) long-tail
distribution in large datasets, 3) insufficient domain-specific data, and 4) the challenge of mimick-
ing human cognition and learning. The issues above are common challenges encountered while
designing deep models, underscoring the importance of addressing Data Constrained Learning
(DCL). This thesis investigates the formulation of deep learning strategies explicitly tailored for
scenarios with DCL. The objective is to ensure that the training of numerous parameters does not
adversely affect the model’s ability to learn meaningful patterns, as this could elevate the risk of
overfitting and result in suboptimal generalization performance.

To address the DCL challenge, we introduce a novel strength parameter in deep learning named
SSF-CNN, which concentrates on learning both the "structure" and "strength" of filters. The fil-
ter structure is initialized using a dictionary-based filter learning algorithm, while the strength is
learned under data-constrained settings. This architecture demonstrates adaptability, delivering ro-
bust performance even when used with small databases and consistently attaining high accuracy.
We validate the effectiveness of our algorithm on databases such as MNIST, CIFAR10, and NORB,
with varying training sample sizes. The results indicate that SSF-CNN substantially reduces the
required training parameters while maintaining high test accuracy. Our approach achieves state-
of-the-art results for real-world data-constrained problems such as newborn face recognition and
the Omniglot dataset. Notably, on the IIITD Newborn Face Database, our method enhances rank-1
identification accuracy by at least 10

In our second contribution, we propose Guided Dropout, a novel regularization technique tai-
lored for the DCL problem, enhancing the traditional Dropout method often used in deep neural
networks to mitigate overfitting. Standard Dropout randomly drops nodes from a Neural Network
(NN) during training. In contrast, the proposed Guided Dropout strategically selects nodes to drop,
leading to better generalization than its traditional counterpart. We also establish that conventional
Dropout is a specific instance of the proposed Guided Dropout. Through extensive experimenta-
tion on multiple datasets, including MNIST, CIFAR10, CIFAR100, SVHN, and Tiny ImageNet,
we demonstrate the superior performance of Guided Dropout.
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Our third contribution addresses challenges in zero-shot and generalized zero-shot learning
(ZSL and GZSL), where, for a class, few or no samples are present in the training set, and only
class attributes are known. The performance of many supervised DNN algorithms deteriorates
in ZSL settings, highlighting the necessity for model generalization while learning the mapping
from class to attribute. To address this, we modify the input and feature space across the deep
learning pipeline. Furthermore, to ensure robust performance on both seen and unseen classes,
we introduce an Over-Complete Distribution (OCD) generated using a Conditional Variational
Autoencoder (CVAE). On this generated OCD, the proposed Online Batch Triplet Loss (OBTL)
and Center Loss (CL) work to enhance class separability and reduce intra-class variance, improving
performance in ZSL/GZSL scenarios across various benchmark databases.

In our fourth contribution, we focus on model space, particularly in CNN models, to address
training challenges in data-constrained environments, which typically require millions of parame-
ters. Reducing the number of parameters may compromise model performance. To address this,
we introduce Guided DropBlock and Filter Augmentation for resource-constrained deep learning
scenarios. Guided DropBlock is inspired by guided Dropout and the DropBlock regularization
methods. Unlike its predecessor, which randomly omits a contiguous image segment, the pro-
posed approach is more selective, focusing the omission on the background and specific blocks
that carry critical semantic information about the objects in question. On the other hand, the filter
augmentation technique we propose involves performing a series of operations on the Convolu-
tional Neural Network (CNN) filters during the training phase. Our findings indicate that integrat-
ing filter augmentation while fine-tuning the CNN model can substantially enhance performance
in data-limited situations. This approach results in a smoother decision boundary and behavior
resembling an ensemble model. Imposing these additional constraints on loss optimization helps
mitigate the challenges posed by data scarcity, ensuring robust feature extraction from the input
signal, even when some learnable parameters within the CNN layers are frozen. We have validated
these enhancements on seven publicly accessible benchmark datasets and two real-world use cases,
namely, identifying newborns and monitoring post-cataract surgery conditions, providing empiri-
cal support for our claims.
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Chapter 1

Introduction

“What we want is a machine that can learn from experience.”
— Alan Turing, London, 1947

Alan Turing put forward the idea of creating a machine capable of learning from experiences,
much like human beings do. Over the course of machine learning’s evolution, various classifiers
have been introduced. A fundamental prerequisite for establishing a machine learning system is the
availability of ample high-quality training data. This necessity has become increasingly crucial as
the field has advanced, with today’s prevalent deep learning models demanding extensive training

samples [91, 103, 167].

As depicted in Figure 1-1 (bottom), there has been an exponential increase in the number of
learnable parameters from the time classifiers like perceptron, RDF [96], SVM [41], LeNet [139],
and GoogleNet [240] were published. Correspondingly, the requisite volume of observations
in datasets needed to train these classifiers has also escalated, as illustrated in Figure 1-1 (top).
In contemporary settings, most state-of-the-art classifiers are designed with multiple hidden layers
(making them deep) and many nodes in each hidden layer, forming Deep Neural Networks (DNNs)
inspired by the human brain’s structure. The rise and success of deep learning methodologies are
chiefly attributed to two critical factors: the accessibility of hardware resources and the avail-
ability of extensive training samples. Deep learning models have excelled in issues where large
training databases are available, demonstrating unparalleled performance. Nevertheless, train-

ing DNNs under constraints, such as limited resources or small data sample sizes, may impede
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Figure 1-1: Illustrates the growth of several trainable parameters in classifiers from the past few
decades. (Bottom) It can be observed that the perceptron with fewer parameters was proposed in
early 1960. The performance of the Neural Network (NN) build on the perceptrons was limited.
The complexity of NN increases while increasing the depth and width of NN without significantly
improving accuracy. On the other hand, Support Vector Machine (SVM) became popular around
1990-2000 because having a clear mathematical understanding of the model and complexity de-
pends on handling the data. (Top) It can also be observed that after the year 2000, the requirement
for large-size databases increased exponentially [24].

the training process, given the necessity of resources like GPUs, and result in suboptimal gen-
eralization [65, 204]. Conversely, humans are capable of recognizing objects with just a single
sample. Hence, enhancing the generalization capability of DNNs when faced with limited data is
of paramount importance. Challenges of this nature fall under the category of Data-Constrained

Learning (DCL) [65, 81, 97, 112, 115, 204], where acquiring large training datasets is impractical.

Figure 1-2 showcases the evolution from shallow to deep networks, highlighting the interplay
between the size of the available training data and the resulting performance of the algorithms. It

is critical to note that algorithms yielding superior results with extensive data may not maintain
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Figure 1-2: Illustrates the development of a shallow network to a deep network on the availability
of a large amount of training data. It also shows the exponential growth in the number of learnable
parameters while utilizing the deeper neural network. The base graph is taken from [45], and
additional information is included to showcase the problem of Small Sample Size.

their efficacy when applied to smaller datasets. Foley [65] highlighted that the error rate derived
from a training set is a skewed predictor of the classifier’s true error rate, and he proposed a
method to estimate this bias based on the sample size per class. Furthermore, he acknowledged the
longstanding challenge of determining the optimal feature size for a sample. The findings indicate
that when the ratio of samples per class to dimensions (%) falls below three, the training set error
rate becomes a notably unreliable estimator of both the Bayes error rate and the test-set error rate.
Moreover, he outlined that the error rate variance on the training set can be expressed through a
function with an upper bound of SLN.

Raudys and Jain [204] have explained the effect of the data-constrained problem in statistical

pattern recognition. The authors have presented the significance of sample size in training and
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Figure 1-3: Illustrates a few examples of rare diseases and caption generation from scenes. (Top).
Aceruloplasminemia, Amyloidosis, Papillitis [57], Iris melanoma. (Bottom) The deep neural net-
work has generated the captions. From the images, it can be observed that intuition and concept
are missing in the generated captions. Image credit: The picture has been taken from [131].

testing sets to evaluate machine learning systems. The training and testing sets should be large
enough to design and evaluate a complex system. They have also discussed problems in the feature
selection and error estimation process while having a limited data size.

Conversely, amassing a vast quantity of samples and providing them with annotations is not
consistently practical. For instance, images portraying rare ocular conditions are displayed in
the upper section of Figure 1-3. Acquiring a plethora of examples for such infrequent diseases
presents a considerable challenge, given the scarcity of documented cases [245]. In an additional
scenario depicted in the lower section of Figure 1-3, captions produced by a deep learning model
are showcased. However, these generated texts fail to accurately capture the scenes’ details, a dis-
crepancy attributable to the insufficient training samples representing the situations in the scenes.
The issue of limited data availability extends beyond specific applications, with numerous factors

contributing to data constraints, which are detailed as follows:

1. Due to high-cost human annotations: Acquiring unstructured and unlabeled data is rel-

atively straightforward, as it can be readily sourced from the internet. However, this data
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often necessitates extensive preprocessing and cleaning, necessitating human intervention
and creating a bottleneck for utilizing such unclean data. In practical applications, obtaining
a substantial volume of high-quality labeled data becomes challenging due to the scarcity
of domain experts. For instance, in the typical end-to-end semantic segmentation task, even
training with an extensive dataset is susceptible to failure, particularly when the annotations

provided are imprecise or inadequate [98].

. Long-tail distribution in big data: The long-tail distribution problem occurs when some
classes have many occurrences and many are not, making the distribution skewed in one
direction [11]. The portion of the distribution where a class with significant occurrences is
known as “head”. While the portion of the distribution where a class with less occurrence
is known as “tail”. The ImageNet Large Scale Visual Recognition Challenge (ILSVRC)
dataset [211] contains millions of samples. However, Ouyang et al. [189] and Rahman et
al. [200] have shown that the ImageNet dataset has long-tail distribution. They have ana-
lyzed that only 11 classes out of 1000 classes of the database cover nearly 50% of the entire
database. Consequently, learning a classifier on such databases might have biasing problems
for the “head” classes. So, the model’s performance generalizes poorly on “tail” classes. A
simple solution for imbalanced data is to re-balance the data: 1) by sampling and 2) by reduc-
ing the samples of head classes [89]. Still, creating multiple samples of the tail distribution
leads to overfitting due to the repetition of samples. On the other hand, reducing samples of

the head distribution may compromise the critical information of the classes [269].

. Domain-specific insufficient data: In some applications, collecting large samples is chal-
lenging. As shown in Figure 1-3 (top), having multiple samples of rare diseases is chal-
lenging due to the limited availability amount of unique case studies. Figure 1-3 (bottom)
illustrates the caption generation from the deep learning model. The generated text does
not match the scenes in the images due to limited training samples of situations pressed.
Hence, designing a model that can be trained on actual data behavior and search through a

predefined space of potential hypotheses is essential. Utilizing these learning methods could

5



improve the generalization of the models on the unseen testing samples.

4. Mimic human’s thinking and learning: The field of Machine Learning (ML) started with
the motivation of making machines to learn as close as human’s thinking [212]. Due to
strong generalization capability, humans can understand objects even when one sample is
available for the respective object. On the other hand, machines require multiple instances
from multiple views of an object in the training data to produce samples for generaliza-
tion. All possible views and samples are not likely to be collected. Therefore, training a
deep network on a smaller number of samples is a significant problem requiring the research

community’s attention.

Task (T): Classification
Experience (E)

Learning Algorithms (A)

¥ | Feature Space

Input Space + Model Space

Output

Experience (E)

Data (D)

Small Data
(SD)

Learning Algorithms (A)

a

Performance
Measure (P)

Performance
Measure (P)

Figure 1-4: Graphical illustration of learning of task (T). (Left:) conventional machine learning
pipeline, where the performance (P) of the learning algorithm (A) improves with experience (E)
on the given task (T). (Right:) Illustrate the Data Constrained Learning (DCL) learning pipeline,
where experience has been extended by knowledge and concept systems. In this case, data aug-
mentation and matching rules can also be utilized to improve the performance.

1.1 Definition of Learning Problem (LP)

The definition of learning problem by Thomas M. Mitchell [176] is: “A computer program is
said to learn from experience E with respect to some class of task T and performance P, if its

performance at tasks in T, as measured by P, improves with experience E.”
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Figure 1-4 (Left) is the conventional machine learning pipeline which represents the learning
problem containing sub-modules such as Data (D), Experience (E), Learning Algorithm (A), and
Performance Measure (P). Now, for the given D, learning optimizes the algorithm’s parameter (A)
to improve the performance as the experience of the model. The E has been gained iteratively on

multiple samples from the training set.

1.1.1 Constrained Learning Problem (CLP)

If any sub-modules in the learning pipeline are limited because of constraints because of hardware
(compute and memory), software, graph based learning, special data type like series, limited data,
etc., then the complete learning process would be depicted as constrained-based learning. Among
all the CLPs, data constraints in deep learning are a more crucial and complex problem related to

the human’s thinking and perception of objects.

1.1.2 Data Constrained Learning (DCL)

Learning algorithms (A) can utilize the concept/experience learning along with data augmentation
and matching rule as a part of experience E with respect to some class of task (T) and performance
(P) if its performance at tasks (T), as measured by (P), improves with experience (E).

Figure 1-4 (Right) is the pictorial representation of a learning problem that utilizes the whole
space (input, parameter, feature) to find the appropriate optimization for the specific task (T) when
a small amount of data is available. Along with learning, E can be transferred or gained from
iteratively learning on augmented samples with updated matching rules. DCL is also known as
Learning with Less Labeling (LwLL), a program that is initiated by Defence Advanced Research
Projects Agency (DARPA)'

1.1.3 DCL with Deep Learning

“Deep Learning is getting really good on Big Data/millions of images. But Small Data is important

too. Hope more researchers work on Small Data—ML needs more innovations there.”

mttps://www.darpa.mil/program/learning-With-less-labeling
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Figure 1-5: Tllustration of input space, model space, and feature space for the deep learning model. In the
case of a Convolutional Neural Network (CNN) model, B1 to B4 are basic blocks that contain operations
such as convolution, batchnorm, and ReLu. F'C} and F'Cs are fully connected layers. The last layer is a
softmax layer used for classification.

— Andrew Ng

The scientific problem is classified as DCL problem when the available training data is insuf-
ficient to learn the high dimensional feature and perform machine learning tasks. In such cases,
scarcity of data leads to overfitting and inaccurate classification outputs. It is a significant research
problem in the deep learning world and is rapidly gaining attention. Several solutions for DCL
have been proposed by the researchers, and these solutions are often based on different questions,
for instance, what are the database characteristics, and what is the deep learning pipeline being

used for ML task.

Let us analyze the DCL problem using the general formulation of deep learning classifiers.

Mathematically, a deep learning model can be represented as:

F = ¢(WX +b) (1.1)

where, ¢ is the model with weights W and bias b. This model inputs X and outputs the feature
F. We first propose that DCL algorithms can be categorized into input, model, and feature space
depending on whether they are operating at X, < W, b > and F, respectively (Figure 1-5). In-

put space refers to the set of algorithms that increases the database by generating more samples
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Figure 1-6: Illustration of taxonomy for DCL problem.

or perturbing the samples to optimize the feature space [18, 35, 105, 239]. In the feature space,
algorithms operate on representations by reducing the intra-class distance and maximizing the
inter-class distance to improve the classification performance [33, 84, 221]. The algorithms oper-
ating in the model space approximate the target function to map inputs to the outputs [91, 103].
Several regularization algorithms have also been proposed to learn better and generalize the model

or target function [116, 233, 262].

In the era of deep learning, large training samples are the key to successfully training deep
architectures, which have millions of learning parameters [91, 103, 127, 230, 240]. The deep
neural network’s learning parameters can be represented as ¢, x is input, and y is ground truth for

2. Mathematically, learning of the network can be described as:
1 — . ,

J(0) = =) Cost(hg(z™),y" 1.2

(6) m; ost(ho(x"), y) (12)

where, m is the number of training samples, and hy is the hypothesis hy(x) € [0, 1]. However,
if training samples are less, the deep neural network might show overfitting on small training set
samples. Therefore, Avoiding overfitting for DCL problems is challenging. Broadly, the taxonomy
for the DCL problem can be divided into three learning spaces: 1) Input, 2) Model, and 3) Feature,

as shown in Figure 1-6. Each of the spaces is explained in detail in the following sections 1.2, 1.3,
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and 1.4.

It is worth mentioning that researchers have proposed solutions for data constrained problem
in frequency domain [155, 270, 296]. CNNpack [270] is a technique to compress the CNN model
in the frequency domain which focuses not only on smaller weights but on all the weights and
their underlying connections. In order to achieve great compression without noticeably sacrificing
accuracy, the authors propose that a large number of low-energy frequency coefficients in both
sections can be eliminated. By convolutionally merging the discrete cosine transform (DCT) bases’
convolution responses, they reduce the computational load of convolution operations in CNNS.
Authors have proposed a frequency-domain dynamic pruning strategy to capitalize on the spatial
correlations. The removal of unnecessary parameters has led to both network compression and
acceleration because most CNN filters feature spatial redundancy. However, we are targeting to

approach the DCL problem in the spatial domain.

1.2 Optimizing Input Space for DCL Problems

In machine (deep) learning, it is essential to understand the role of input space while learning the
model space and feature space. Generally, the input space grows exponentially with the increase
in dimension, which makes the ML problem intractable [51]. For instance, for a 100 dimensional
binary input data, there are 2'%° possible inputs. A training set with trillion examples covers only
107! part of the input space, which is a small fraction. Machine learning models for DCL prob-
lems can be optimized if we can address data variations in the input space to an extent. These
data variations broadly correspond to domain adaptation and zero-shot learning applications. In
this section, we present an overview of data augmentation or alteration approaches that address the
challenges related to supervised and unsupervised domain adaptation as well as zero-shot learn-
ing. Further, we discuss the concept of data fine-tuning to enhance the performance of pre-trained

models.

1.2.1 Data Augmentation

For data-constrained learning problems, the role of input space on domain adaptation via data aug-

mentation has been well explored in the literature. It is directly applied to data to increase the total
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number of training samples to reduce the effect of DCL. This method aims to introduce multiple
variability/views of the data, which might help train deep networks. The data augmentation can be
utilized by doing 1) Transformation, 2) generative model, 3) pseudo-label method, 4) cross-domain

synthesis, and 5) data transportation.

1. Transformation— Multiple transformations such as affine transformation [263], polar har-
monic transform [288], pose and lighting [128] rotation [188], radial transform [216] have
been utilized to augment the data. Moreover, for audio data, dynamic range compression,
pitch shifting, and time stretching have been widely used augmentation methods [215]. Sim-
ilarly, multiple transformation operations have been utilized to generate realistic data points

as augmented data based on the understanding of domain knowledge [203].

The idea is to form an augmented dataset in the target domain to compensate for small
samples by transforming and augmenting the data from the source domain with certain con-
straints. [235] addressed the problem of covariate shift when the input training samples
and testing samples follow different distributions. In conventional methods, the importance
factor quantizes the covariate shift by accurately estimating the ratio between training and
testing input density. However, it becomes hard to estimate the data density in higher-
dimensional cases. Therefore, the authors proposed cross-validation-based techniques to
compute the importance factor directly. To measure the discrepancy between source and tar-
get domains, Maximum Mean Discrepancy (MMD) based methods [10], [157], [191], [255]
are widely used by researchers. However, these methods ignore the class weight bias across
domains. To address this issue, [287] proposed a weighted MMD model which exploits the
class prior probabilities of source and target domains. Saenko et al. introduced a new line of
research based on the transformation between the source and target domains [214]. The aim
is to learn a mapping between the points of the source domain and target domain in a super-
vised manner. Long et al. [158] have shown that feature matching and instance re-weighting
play a key role in visual domain adaptation. Hence, they propose the Transfer Joint Match-
ing (TJIM) approach, which reduces the difference across domains by matching features and
instance re-weighting in a dimensionality reduction manner. The proposed approach outputs

a representation invariant to distribution differences and irrelevant instances.
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2. Generative model- In this method, generative models have been used to create multiple
samples, which can be further utilized for training the deep network [34, 36, 48]. Simi-
larly, SImGAN has been proposed to generate more realistic data using unlabeled data [226].
Authors have improved gaze and hand pose estimation performance using these generated

data [105, 220, 300].

Bousmalis ef al. [18] have proposed a novel technique that learns the transformation in
pixel space between source and target domains in an unsupervised manner. They present a
Generative Adversarial Network (GAN) based architecture which learns to map the images
from the source domain to the target domain such that the images are drawn from the target
domain. Their method, termed Pixel level Domain Adaptation (PixelDA), does not require
one-to-one correspondence between source and target domain samples. Taigman proposes
a Domain Transfer Network (DTN) [241], which maps a sample from the source domain to
an analogous sample in the target domain such that the output of a function that takes im-
ages from either domain remains the same. This technique is performed in an unsupervised
manner. Tzeng et al. [254] show that the generative adversarial networks are not good in
discriminative tasks and are limited to smaller domain shifts. To address this problem, they
proposed a generalized framework for adversarial adaptation that uses discriminative mod-
eling, untied weight sharing, and a GAN loss and termed it as Adversarial Discriminative
Domain Adaptation (ADDA). Murez et al. [177] have used the unpaired image-to-image
translation framework and proposed a method to constrain the extracted features from the
encoder network such that they can reconstruct the images in both source and target domains.
Recently, Zhang et al. [302] proposed Deep Adversarial Aata Augmentation (DADA) tech-
nique to address the problem of extremely low data regimes. DADA enforces natural and

augmented samples to contribute to finding the decision boundaries.

3. Pseudo-label method- This method is helpful for the semi-supervised problem, where less
labeled training data is available. In this case, pseudo-labels are assigned to unlabeled data
generated by curriculum/self-paced learning [12, 53, 109, 150], dual learning [88], and data
programming [202]. In curriculum/self-paced learning, deep networks are first trained on

“easy” samples, then after relatively “hard” samples have been given as input to the net-
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work. Furthermore, dual learning learns the bi-directional mapping function, such as En-
glish to French and French to English. In this method, primal and dual tasks are defined
based on the labels present in the data. In the first task, unlabeled English data can be
translated into pseudo-French. In dual-task, pseudo-French can be translated into pseudo-
English. The reward has been obtained by reinforcement by applying the ground truth of an
English word and obtaining a pseudo-English label. This technique is quite useful for Visual
Question Answering (VQA) [145]. In data programming, the labeled training set can be gen-
erated pragmatically [202]. By utilizing this idea, Wu et al. [276] have proposed to provide
weak supervision of domain expertise for extracting information from richly formatted data.
Learning a mapping function has also been utilized to solve zero/few-shot problems [8]. The
mapping learns generalized representation from the training set to correctly classify new con-
cepts (novel classes) from the testing set. Classifying the novel classes at the inference is

termed as Zero-Shot Learning (ZSL) or Generalized Zero-Shot Learning (GZSL).

4. Cross-domain synthesis— Srivastava and Salakhutdinov [234] have proposed the cross-
domain synthesis while utilizing the other domain data to generate synthesized for the target
domain, which has less amount of training data. The cross-domain synthesis method is
widely used in medical imaging analysis such as cross-MRI image synthesis [29, 111], MR

to CT image synthesis [23, 248], and so on.

5. Data transportation— In the domain adaptation, the target problem is solved by import-
ing the solution generated by the source domain, which has a sufficiently large amount of
data [192]. In initial works, instance re-weighting based on the likelihood and MMD es-
timation has been used [17, 293]. Recently, Liang et al. [146] have utilized the domain
irrelevant information to decrease the intra-class distance in both domains. While learning
the transformation from the source to the target domain, GAN methods are also utilized for

data transportation from the source to the target domain [18, 260].

1.2.2 Data Fine-Tuning (DFT)

Pre-trained models are widely used for ML tasks ranging from face recognition to object classifi-

cation and segmentation. However, these pre-trained networks generally do not perform well if the

13



target database differs from the source (pre-training) database. For example, a CNN pre-trained
on VGGFace?2 database [22] may not yield good results when tested with ImageNet database [47].
Two methods are widely used for fine-tuning pre-trained CNN models: (i) freezing the convolu-
tional layers and training the dense layers added after the convolutional layers and (ii) re-training
few convolutional layers along with the dense layers by updating weights while leaving the other
convolutional layers frozen. However, the number of trainable parameters in these methods is sig-
nificant, especially for deeper models such as ResNet-150 [91] and DenseNet-201 [103]. Chhabra
et al. [35] recently have proposed Data Fine-Tuning (DFT) which leverages the input space to
enhance the performance of the pre-trained CNN models. In this technique, input data (target
database) is “adjusted” corresponding to the pre-trained model’s unseen decision boundary. To
illustrate this concept, let ¢ be the pre-trained model with weight W and bias b. DFT can be

represented as,

H(WX +b) 25 ¢(WZ +b) (1.3)

where, Z represents the updated dataset. a uniform perturbation is learned corresponding to each
dataset to adjust the input data. Comparing it to model fine-tuning, where parameters W and b
get updated, whereas in DFT, input data X is updated. It is important to note that the number of
trainable parameters in DFT is the same as the size of the input image, which is significantly less

than the number of trainable parameters in deep learning models.

1.3 Optimizing Model Space for DCL Problems

Large training samples play an important role in successfully training deep architectures, which
have millions of learning parameters [91, 103, 240]. The parameters of the deep neural network
can be represented as 6, x is input, and y is ground truth for . Mathematically, learning of a

network can be defined as:

J0) == 3" Cost(hala®),y") + R(8) (1.4)
=1

Domain Specific

~
Model Specific
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where, m is the number of training samples, hy is the hypothesis hy(z) € [0,1], and R is the

regularizer constrained on ¢ while learning.

1.3.1 Adapting Pre-trained Models

In the literature, adaptation of the model has been achieved by fine-tuning, distillation, and model
adaptation of the pre-trained model. Generally, large datasets can be utilized for pre-training the
models. In fine-tuning, models pre-trained for a similar task can be re-trained on data-constrained
settings (target dataset) [94, 127, 290]. Hinton and Salakhutdinov [94] suggested simultaneously
training the Stacked Auto-Encoder (SAE) end to end the whole model. Therefore, the overfitting
and vanishing gradient problem can be minimized. Inspired by SAE, [15] have utilized Stacked
Denoising Auto-Encoder (SDAE) for newborn face recognition, which has a small number of
training samples. Stack-wise learning can also be utilized in the dictionary learning paradigm.
Tariyal et al. [242] have shown that popular deep learning models can be designed with the help of
a dictionary and, hence, can be used in DCL. In CNN [290], the concept of fine-tuning the last few
layers works because of learning of common feature extractor at the initial layer of CNN model,
irrespective of databases. The initial layer of the CNN model learns Gaussian-type filters to extract
the edge and blob-based information. After the initial layers, subsequent layers learn a complex

feature extractor, which can provide the abstract view of the object [37, 205].

1. Fine-Tuning— In this method, a knowledge base in the form of a pre-trained model trained on
a similar task is re-trained on small sample data (target dataset) [94, 127, 290]. Fine-tuning
a few layers of the CNN model works because of standard feature extractors (filters of the
convolutional layers) from the objects. The CNN model’s initial layer learns Gaussian-type
filters to extract the edge and blob-based information. After the initial layer, subsequent
layers learn a complex feature extractor, which can provide the abstract view of the ob-

ject [37, 205].

In a recent couple of years, conventional fine-tuning has been changed to improve the per-
formance of the network, i.e., progressive network [213], block-module network [244], de-

velopmental network [268], and structure and strength learning [118]. These networks are
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trained on multiple tasks to have a more generalized network or divide all the learning pa-

rameters into modules and train the network modularly.

. Distillation— This is similar to the knowledge transfer method [92]. Distillation has a
teacher-student network, where the student network is trained while receiving feedback from
the teacher network. The feedback has been introduced by reducing the cross-entropy be-
tween the teacher network’s softened output and the student network’s output. Romero et
al. [209] have proposed utilizing the softened output and the intermediate representation of
the teacher network. Similarly, Yim et al. [289] has attempted to manage the flow between
network layers by computing the Gram matrix of both consecutive layers. Radosavovic et
al. [198] have proposed Omni-supervision for the distillation of the network. This method
uses unlabeled data to generate new training data while predicting multiple transform data
from a pre-trained model. Luo et al. [162] have proposed graph-based distillation of the
network for partially observed modalities. Shmelkov et al. [224] has proposed reducing the

source data’s catastrophic forgetting while training on the target data.

. Model adaptation— In this type of domain adaptation, unlike the data transportation, the
model’s decision boundary is adapted to the target dataset, which has fewer observations.
To do the model adaptation in SVM, domain transfer [54], cross-domain [110], residual

transfer [159], and adaptive multiple kernel learning [55] have been proposed.

In the case of deep models, fine-tuning might only work when the source and target datasets
are related. Therefore, Tzeng et al. [253] have utilized two losses (softmax cross-entropy
loss and domain confusion loss) to train the network on the target dataset. Moreover, in
place of confusion loss, Long et al. [156] have used MMD loss on fully connected layers’ of
AlexNet [127]. Sener et al. [222] have proposed to optimize the target label inference along
with in-depth feature representation in the deep network such that domain transfer on small
sample data can be done. In model adaptation, unlike the data transportation, the decision
boundary of the model is adapted on the target dataset, which has less number of observa-
tions. To do the model adaptation in SVM, domain transfer [54], cross-domain [110], resid-
ual transfer [159], and adaptive multiple kernel learning [55] have been proposed. Tzeng et

al. [253] have utilized two losses (softmax cross-entropy loss and domain confusion loss) to
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train the network on the target dataset. Moreover, in place of confusion loss, Long et al. [156]
have used MMD loss on fully connected layers’ of AlexNet [127]. Sener et al. [222] have
proposed to optimize the target label inference along with features in the deep network such

that domain transfer on small sample data can be done.

Recently, researchers have proposed several techniques which outperform the performance
of conventional model fine-tuning. This includes progressive network [213], block-module net-
work [244], utilizing intermediate information of the CNN blocks [132], class-based penalty at

each convolutional layer [227], and collaborative learning [77].

1.3.2 Reduce the Dependency of Large Sample Learning

In general, the learning mechanism of machine learning models follows Equation 1.4, which can
be seen as a combination of 1) model-specific learning and 2) domain-specific regularization. The
multi-attention framework proposed by Huynh and Elhamifar [106] can be considered model-
specific learning. In this work, they have introduced a shared multi-attention framework for multi-
label zero-shot learning. They have demonstrated that having an attention mechanism for recog-
nizing multiple seen/unseen labels is a complex task. Hence, instead of generating attention for
novel classes, they have let the novel classes select from a set of shared attention. Generally, regu-
larizers are considered domain-specific knowledge used to improve the network’s training. In this
school of thought, Tenenbaum et al. [243] have suggested that strong prior makes a difference in
making inferences beyond the data availability. This prior can be side information [256], domain
knowledge [192], and common sense [46]. In the literature, dropout [233], drop-connect [262],
batchnorm [107], and class-based sparsity [16, 80, 217, 218] have been proposed to reduce the

dependency on Large Scale Learning by reducing overfitting.

1.4 Optimizing Feature Space for DCL Problems

In the last decade, advancements in deep learning algorithms have enabled the utilization of several
real-world applications ranging from face and gesture recognition to autonomous vehicles and

drones. Face recognition from surveillance cameras is essential to ensure public safety and avoid
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instances of terrorist attacks and intrusion. One of the primary reasons for the advancement of such
applications is the advent of novel and effective loss functions focused primarily on the feature
space. These loss functions update the model’s parameters to produce feature-rich representations
in the embedding space of the model. The most prolific of these are loss functions formulated
using Deep Metric Learning (DML), which allow us to train discriminative classifiers even on
databases with insufficient training samples. This section highlights DML as an effective technique

for training discriminative models for S® problems.

1.4.1 Deep Metric Learning (DML)

Conventional deep learning models like CNNs and Recurrent Neural Networks (RNN) are trained
with data samples and their corresponding labels to correctly predict the class/label of an input
sample during testing. However, deep metric learning algorithms train a model to distinguish
between a pair of data samples and whether they belong to the same class/category or not. During
training, a vanilla deep metric learning loss function would update the weights of the model so
that it produces embeddings/features (unlike class labels in conventional deep learning models) of
data samples that belong to the same class close to each other and that of different classes away
from each other in the output embedding space of the model. To train such a model, we need large
quantities of data samples during training. Since a discriminative model is being trained, it may
be tested/evaluated on classes that the model does not encounter during training. This flexibility

makes deep metric learning models popular for building real-world recognition systems.

The most seminal work in deep metric learning was by Hadsel et al. [84] where the contrastive
loss was proposed. It optimized a Siamese network for matching a pair of images using the same
optimization goal as illustrated above. Thereafter, several research works [164, 237, 307] have
utilized this optimization technique using a CNN network as the backbone model, before a new
loss function, known as the triplet loss was proposed by [221]. This was extended in 2017 by
a recent loss function known as the quadruplet loss [33]. An N-pair loss metric [232] is also
proposed, which uses an N-tuple as a training data sample. Further, different variants of these loss

functions are proposed for DCL scenarios.
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1.4.2 DML for Small Sample Learning

To address one-shot and few-shot learning scenarios, several deep metric learning algorithms have
been proposed for small-sample learning. Vinyals et al. [259] have proposed an algorithm that
is used to train the model in episodic cycles. In each training cycle or episode, a few training
examples are selected to learn embeddings for predicting the class of these samples. The purpose
of this episodic training strategy is to mimic the real environment where only a few samples would
be available. Several other one-shot and few-shot based DML approaches [5, 231, 238] have also
been proposed to address small sample training scenarios. Recently, a density-aware deep metric
learning algorithm has been proposed [75] where results are shown on a surveillance face dataset
(SCface [82]), which has a minimal number of training samples. This algorithm has a mechanism
of avoiding outliers and noisy training data, which can hinder the learning process, especially in

DCL scenarios.

1.4.3 Sample Mining in DML

Train deep networks using loss functions such as the triplet loss requires preparing triplets (or 3-
tuples) using the data available for training. Given N training classes and K samples for each class,
the total number of triplets that can be prepared for training is upper bounded by N(N —1)K?(K —
1). Therefore, the number of training samples (each triplet is treated as a training sample) increases
from O(N.K) (available for conventional deep learning algorithms) to O(N?2.K?), which is a
considerable sample space. This space would be even more significant for quadruplets or N-
pair loss functions. This increased sample space is beneficial for learning a model with a DML
algorithm on a database with a small number of data samples. It also makes DML algorithms a
natural choice where the amount of training data is insufficient to learn a conventional classifier.
This enormous input sample space on large databases may hinder efficient learning for several
reasons. One of the reasons is that, after several epochs of training, the model would have learned
to solve most of the data samples, each of which is a triplet/quadruplet. Thus, fewer samples
would be helpful for the model to continue learning and make significant weight updates. During
this phase, it is required to provide only valuable triplets/quadruplets; in other words, mine those

triplets/quadruplets that are hard (which are still not correctly classified by the model) to continue
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learning the model. This technique, known as hard mining, has been extensively explored in the

last few years for DML methods [87, 187, 225, 236, 292].

1.4.4 Adversarial Deep Metric Learning

Recently, a new way of applying DML algorithms to small databases has been through deep ad-
versarial metric learning. This is proposed by Duan et al. [56], where synthetic data samples are
generated. As illustrated above, hard-mining approaches mine hard triplets/quadruplets from the
existing pool of training data. However, at some point in time, the pool of training data would be
exhausted, especially for small databases. This technique generates new synthetic samples from
existing data samples using an adversarial loss function generator. Unique triplets/quadruplets can
be generated from these synthetic examples, most of which are hard samples. Keshari ez al. [117]
have utilized metric learning in ZSL/GZSL setting as well. On the generated over-complete distri-
bution, they proposed a framework that utilizes Online Batch Triplet Loss (OBTL) and Center Loss
(CL) to enforce the separability between classes and reduce the class scatter. Another technique
with a similar objective is Energy Confused Adversarial Metric Learning [56], where synthetic
samples are generated using an energy confusion regularization term to confuse the DML model.
This energy confusion term is trained together with the conventional metric objective in an adver-
sarial manner. Recently, an adaptive margin-based approach [271] has also been proposed for the

same.

1.5 Research Contributions

As previously mentioned, to successfully train deep architectures with millions of learning param-
eters, large training datasets are essential [91, 103, 240]. The learning parameters in a deep neural
network encapsulate model and domain-specific information, as illustrated by Equation 1.4. Here,
R is a regularizer applied to the parameters 6 during the learning process. In scenarios where
training samples are sparse, there is a tendency for the deep neural network to overfit the limited
examples available in the training set. The issue of Data-Constrained Learning (DCL) is a promi-
nent challenge in deep learning, and its significance is growing with the stagnating performance

improvement in deep models. Our research introduces four innovative solutions to mitigate the
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limitations associated with learning from a data-constrained environment.

Figure 1-5 succinctly captures our contributions through a visual representation of the typical
deep learning model pipeline. A deep learning pipeline can be conceptualized as a synergy of
three distinct spaces: 1) input, 2) model, and 3) feature space. In addressing the Data-Constrained
Learning (DCL) challenge, our approach uniquely leverages the model space, a less frequented
avenue, as depicted in Figure 1-6. Additionally, we have employed both the input and feature
spaces to ascertain a generalized mapping function that facilitates the transformation from visual

to semantic feature representations.

* Learning Structure and Strength of CNN Filters for Small Sample Size Training: Tradition-
ally, pre-trained deep models have been utilized for DCL problems while finetuning only the
deep model’s last layer on a small set. This can be categorized into model space learning,
where experience comes from the pre-trained models. In this research, the structure of the
CNN filters is taken from pre-trained models or dictionaries. After initializing the learned
filters in the CNN framework, the filters’ parameters are frozen, and only the strength of a fil-
ter has been trained. The experiments support our hypothesis that learning only the strength
of filters can reduce the total learning parameters. So, the model’s performance on small

sample data can improve.

* Guided Dropout: In this research, another variant of dropout called as “Guided Dropout”
has been proposed. It can be categorized into model space learning in the subcategory of
reducing the dependency of DCL. Guided dropout uses strength-based guidance of dropping
nodes in the training phase to utilize the neural network’s full potential. This new dropout
method ensures more penalty than a conventional dropout. Higher strength represents the
higher importance of the node in Deep Neural Network (DNN). Guiding dropping criteria

leads the network to learn generalization even if samples are fewer.

* Over-complete distribution generation: The above three methods utilize model space learn-
ing. In this research, ZSL and GZSL problems have been tackled while generating an over-
complete distribution. This method can be categorized in feature space and input space

learning, where new concepts in the form of novel classes that occurred in the testing set
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must be classified correctly. Our proposed method utilizes the latent space of the Condi-
tional Variational Autoencoder (CVAE) and generates more hard samples. The generated
distribution then trains the regressor while optimizing inter and intraclass distance. Hence,
predicting the distribution of unseen classes and improving the separability and compactness
of the distribution have shown improvement in the model’s generalization. Center loss and

batch triplet loss have been used to improve compactness and separability, respectively.

Filter Augmentation: In this research, augmentation methods of CNN filters have been pro-
posed. Given that the presented approach employs the model space, it falls under the cate-
gory of model space learning. The total quantity of learning parameters remains consistent
with traditional finetuning methodologies. A filter augmentation module is activated across
all convolutional layers of the CNN model, incorporating operations like rotation, flipping
(vertical, horizontal, and channel flipping), and guided DropBlock. Additionally, we have
illustrated how certain existing regularization techniques directly or indirectly connect to the

filter augmentation method.
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Chapter 2

Learning Structure and Strength of CNN

Filters for Small Sample Size Training

“The higher your structure is to be, the deeper must be its foundation.”

— Saint Augustine, 430AD

“Success is achieved by developing our strengths.”

— Marilyn vos Savant, 1986

2.1 Introduction

CNN is a multilayer representation learning architecture that has received immense success in
multiple applications such as object classification, image segmentation, and natural language pro-
cessing. From LeNet [137] to AlexNet [127], GoogleNet [240], VGG-Net [230], ResNet [91], and
now DenseNet [103], given large training data, CNNs have shown state-of-the-art performance
for several applications. However, large training data is also a limiting requirement for appli-
cations with small sample sizes, and many of these architectures easily overfit on small training
samples. For example, as shown in Figure 2-1, a face recognition model trained on large training
data of adult faces (e.g., CelebA or LFW databases) may not provide good performance when
tested for newborn face recognition [14, 15]. In newborn face recognition, the available train-

ing data may be small, and therefore, even after fine-tuning, standard deep learning-based face
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Figure 2-1: Face recognition models trained on adult face images may not provide good perfor-
mance for newborn face recognition. Structure and Strength Filtered (SSF)-CNN proposes to learn
structure and strength of the filters for improving the classification performance for small sample
databases.

recognition models may not yield high performance. Recently, new methods called dataset dis-
tillation [26, 182, 183, 305] utilized to condense the training set into a few samples to reduce the

training time without compromising testing set performance.
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To address the challenge of small sample size, researchers have proposed algorithms focusing
on CNN initialization tricks and modifications to CNN architecture. Erhan ef al. [59] have investi-
gated the importance of unsupervised pre-training of deep architecture and empirically shown that
pre-trained weights of the network generalize better than randomly initialized weights. Similarly,
Mishkin and Matas [174] have proposed Layer-Sequential Unit-Variance (LSUV) initialization
that utilizes the orthonormal matrices to initialize the weights of each convolutional layer and nor-
malize the weight to the unit variance. Along the same lines, pre-defined handcrafted filters are
also proposed to handle the small sample size problem. For example, Andén and Mallat [7] pro-
pose a Scattering network (ScatNet), which is a CNN like architecture where pre-defined Morlet
filter bank is utilized to extract features. However, these handcrafted filters may not represent the
true distribution of the data and hence extract not-so-meaningful features. To overcome this limi-
tation, Oyallon ez. al. [190] have proposed a hybrid network, where they have utilized the ScatNet
feature followed by CNN architecture. Similarly, Chan ez. al. [27] propose PCANet architecture
that utilizes Principal Component Analysis (PCA) to learn the filter banks. They also present an
extension, termed LDANet, in which the selection of the cascade filters is trained from Linear Dis-
criminant Analysis (LDA). Gan et al. [69] propose a PCA-based Convolutional Network (PCN)
which influences both CNN [108] and PCANet [27]. Dan et al. [275] utilize the concept of kernel
PCA to further improve the PCANet architecture. Zeng et al. [295] propose a multilinear discrim-
inant analysis network (MLDANet) which is a variant of PCANet and LDANet. Feng et al. [63]
propose a Discriminative Locality Alignment Network (DLANet), which is based on manifold
learning. These architectures learn filters in a stack-wise manner, and once the network (filters) is

trained, generally, it is not allowed to fine-tune the filters on other databases.

In other research directions for small sample size training, Mao et al. [169] propose a neural
network learning method based on posterior probability (PPNN) to improve the accuracy. Ngiam et
al. [181] propose tied weights in a filter using a tiling parameter, which handles the total number
of learning parameters. In another work, Indian Buffet Process (IBP) priors are utilized to propose
semi-supervised ibpCNN, which shows better generalizability [60]. Xiong et al. [285] present
Structured Decorrelation Constrained (SDC) for hidden layers. The authors have also proposed
a novel approach termed Regularized Convolutional Layers (Reg-Conv) that can help SDC to

regularize the complex convolutional layers. Similarly, Cogswell et al. [38] propose DeConv loss
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for CNN architecture that helps in training small databases.

As mentioned previously, one of the major problems with adapting pre-trained CNN models
for small sample size problems is a large number of parameters; therefore, insufficient training
samples may cause overfitting. If we reduce these parameters to a significantly small number, the
problem can be addressed better. This paper focuses on two novel ways to develop CNN based
feature representation algorithm for small sample size problems: (i) associating “strength” param-
eter to control the effect of each pre-trained filter, and (ii) utilizing a generalizable approach that
pre-learns the “structure” of the filters using small training samples. The proposed architecture is
motivated by ScatNet, but in place of pre-defined filters, we utilize a dictionary learning model to
pre-learn the filters. Further, unlike CNN approaches where we update the weights in every itera-
tion, we introduce the strength of the filter and update only the strength parameter, not the filters.
Introducing “strength” of filters significantly reduces the number of parameters to learn (detailed
calculations shown later) and, therefore, avoids overfitting with limited training. Experiments are
performed on object classification databases, MNIST [138], CIFAR-10 [126], NORB [140], Om-
niglot [130], and a challenging small sample size database of newborn faces [15]. Comparison
with existing algorithms shows that the proposed approach achieves state-of-the-art performance
for small sample size problems and significantly reduces the number of parameters to learn/fine-

tune.

2.2 Proposed SSF-CNN

Learning the entire network from scratch while training with small databases is challenging. Ex-
isting approaches with pre-defined or handcrafted filters [7], and pre-trained filters [27, 69, 295],
may not allow fine-tuning the filters and therefore, the learned model may not represent the true
data distribution for minor sample size problems. To mitigate these challenges, we propose a
novel approach, termed as SSF-CNN, which has two components: (i) structure of the filter and
(i1) strength of the filter. Our hypothesis is that the structure of the CNN filters can be learned
from domain-specific larger databases or other representation learning paradigms that require less
training data, such as dictionary learning [242, 249]. It is well known that matrix factorization

or dictionary learning allows us to learn the dictionary that helps encode the representative fea-
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Algorithm 1 Hierarchical Dictionary Filter Learning

1: Notation: /V is a number of training samples, n number of extracted patches, y is a patch from
Y
2: Input: Xy
3: Output: D
for each layer | := 1 to numLayer do
end
[z < extract Patch(Xy)
Y < reshape([z"]")
minpegm <k 3 3y Ming: (5][y" — D'a’|[3 + Alla|[1)
W « reshape(D")
for j ;=110 N do

end
8: fmap; = X; *xW

Nk

10: Xy < ReLu(fmap)
11:

tures. If we represent CNN filters using a dictionary, it can provide the “structure”; however, it
may not be well optimized for the classification task. Therefore, the next part of the framework is
computing the “strength" of every filter to adapt the weights of these filters according to the data
characteristics. Strength can be interpreted as the attuning parameter to update or adapt the filters
based on the small-size training data. For illustration, columns (a) to (d) in Figure 2-2 represent the
samples from trained dictionary filters for the MNIST database, and columns (e) to (h) represent

the updated filters where changes are due to the strength parameter.

In the proposed approach, the hierarchical dictionary filters are first learned to initialize the
CNN, followed by the strength parameter to train the CNN model. We introduce strength parameter
‘t” for the CNN filters ‘W, which allows the network to assign weight for each filter based on
its structural importance. In CNN model, strength and structural parameters t and W can be
learned in two ways: 1) pre-train W, use it in CNN by freezing the values of W followed by
learning the strength t, and 2) pre-train W which is used to initialize the CNN model followed by
learning t and W iteratively. While the second approach, which simultaneously learns structure
and strength, may be desirable, the first approach requires very few parameters to be trained in
CNN model. We next describe the approach to learn W hierarchically, filters of CNN model,

using dictionary learning followed by learning the strength parameter t.
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Figure 2-2: Filters (a) to (d) are dictionary-trained filters. Filters (e) to (h) illustrate the change due
to the proposed strength parameter in CNN architecture. These filters are trained on the MNIST

database.
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Figure 2-3: The proposed SSF-CNN architecture for initializing the ResNet architecture with the
filters learned from the dictionary.
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2.2.1 Learning Structure of Filters

In this research, we propose using a dictionary-learning algorithm to learn the filters’ structure.
The algorithm can be divided into two steps: 1) learn hierarchical dictionary filters and utilize

trained dictionary filters to initialize the CNN, and (2) train CNN with dictionary-initialized filters.

Hierarchical Dictionary Filter Learning: Dictionary learning focuses on learning a sparse rep-
resentation of the input data in the form of a linear combination of basic elements or atoms
[58, 142, 166, 242, 249]. For a given input Y, a dictionary D is learned along with the coeffi-
cients a:

r]glin |Y — Dal%, such that ||af, < T (2.1)

where, the {y-norm imposes a sparsity constraint on the learned coefficients and 7 corresponds
to the maximum number of non-zero elements. Often, the /y-norm is relaxed, and the updated

dictionary learning formulation can be written as:
1812\|Y—Da||§+A||a||1 (2.2)

where, \ is a regularization parameter which controls the sparsity promoting ¢;-norm. In this
research, we utilize dictionary learning to pre-train the filters of CNN in a hierarchical manner. As
shown in Algorithm 1, a hierarchical dictionary learning technique is utilized to initialize the CNN
model (ResNet [91]). The trained dictionary atoms are used to convolve over the input image. After
convolution, feature maps are normalized according to the activation function (e.g., ReLLu) used in
CNN models. Figure 2-3 presents the structure of a block of the SSF-ResNet architecture. The
extracted feature map is an input for the next level of the hierarchical dictionary. In this manner,
the number of dictionary layers is the same as the number of convolutional layers in CNN models.
In Algorithm 1 extractPatch function is used to tessellate the input image into small patches.
The trained dictionary is organized in a two-dimensional array where each filter is arranged in one
column. These learned filters are reshaped and convolved over the input image to produce the

feature maps for the next dictionary level.

Training CNN with Dictionary Initialized Filters: Typically, CNN has multiple convolutional

layers, each layer has multiple filters, and these filters are trained using Stochastic Gradient Descent
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3 |
) 7 (i

Figure 2-4: Filter visualization of the (i) 1°* layer and (ii) 2" layer of the ResNet architecture on
the CIFAR10 dataset. (a) Xavier [76] initialized filters at zero epoch, (b) Xavier [76] initialized
filters are trained on 1000 training samples, (c) MSRA [90] initialized filters at zero epoch, (d)
MSRA [90] initialized filters are trained on 1000 training samples, and (e) Dictionary initialized
filters at zero epoch. For better visualization, only 16 filters are used from the 2"¢ layer.

(SGD) [141]. For input X and convolutional filter W, the convolutional function of the CNN can
be defined as f(X, W, b) = X « W + b, where * is the convolutional operation and b is the bias. A
CNN architecture is designed by stacking multiple convolutional and pooling layers. These deep
CNN architectures are trained in two passes: 1) forward pass and 2) backward pass. The network
propagates the input signal to the last classification layer in the forward pass. In the backward pass,
the error (55- for each layer [ on node j is computed with respect to the cost, and the weights of the

CNN filters are updated accordingly.

Let a' be the output feature map at " layer of the CNN with a cost function C. The weights
are updated as per the gradient direction, i.e., AW’ = £ Using chain rule, AW' = a'~!4".
In traditional CNN learning, the weights are initialized in different ways such as Xavier [76],
or MSRA [90] approach and even randomly. In this research, we propose initializing the CNN
filters using dictionary-learned filters as discussed above. Figure 2-4 shows filters learned from

the dictionary learning technique show more “structure” than traditional approaches, particularly

with small training data. While dictionary initialization helps find improved features, traditionally,
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Figure 2-5: Illustrating the concept of learning the strength of a filter, which significantly reduces
the number of training parameters.

updating the filters requires large parameter space, which is unsuitable for small training data.
In the next subsection, we present the proposed approach of incorporating the strength of the
filters and not updating the filters using SGD, which significantly reduces the number of learning

parameters.

2.2.2 Learning Filter Strength

The proposed concept of learning strength of the filter is illustrated in Figure 2-5. Here, we freeze
the values of filters obtained from the dictionary learning technique and update only the strength
of the filter. As shown in Figure 2-5, this significantly reduces the number of learning parameters.
For ['" layer, the strength parameter ‘t"’ is learned using the stochastic gradient descent method;

i.e., a scalar value is learned rather than learning the complete filter. The proposed process can be
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written as,

FX, W b t) =X (t ©OW)+b (2.3)

where, (t © W) represents element-wise multiplication. The pre-trained filters learned from dic-
tionary learning or pre-trained models are selected, and the only variable to be learned is t, which
can be learned using SGD. Since |[W| >> [t|, even small training data can be used to train the
network. In literature, various regularization techniques have been utilized for better convergence.
Existing regularization techniques such as dropconnect and ¢; regularization can also be used while

learning t.

2.3 Experimental Results

The effectiveness of the proposed algorithm is evaluated on multiple databases with state-of-the-
art CNN architectures, including ResNet [91] and DenseNet [103]. The details of the experiments

and results are described below.

2.3.1 Database and Experimental Protocol

Since the proposed architecture is for small-size training data, the experiments are performed with
varying training sizes on three databases: MNIST [138], CIFARI10 [126], and NORB [140].
More specifically, as shown in Table 2.1, the experiments are performed with 14 data sizes,
100,200, - - - , 1000, 2000, - - - , 5000. The proposed algorithm is also tested with the complete/standard
training set. Further, experiments are performed on an interesting and small sample size problem
of newborn face recognition [15]. The newborn database has images from 96 babies, and as per the
predefined protocol [15], training data consists of images from 10 newborns, and the remaining im-
ages, corresponding to 86 newborns, are used for testing (with 1, 2, 3, and 4 images per subject in
the gallery). Finally, experiments are also performed on the Omniglot database [130], which com-
prises 1623 handwritten characters pertaining to 50 different alphabets. The background database
has 30 alphabets, and the evaluation set has 20 alphabets. All the experiments are performed with

five-fold cross-validation, and average accuracies are reported in the following subsections.
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Table 2.1: Experimental protocols for MNIST, CIFAR-10 and NORB databases.

Standard | Standard

Databases Small Training Data Training Testing

MNIST 100 : 100 : 1k; 1k : 1k : bk 50k 10k
CIFAR-10 | 100 : 100 : 1k; 1k : 1k : bk 40k 10k
NORB 100 : 100 : 1k; 1k : 1k : bk 20k 24.3k

3x3, 16 3x3, 32 3x3, 64 Average
3x3, 16 [ 3x3, 16 J X5 [ 3x3, 32 JXS {3x3, 64 JXS pooling Softmax

ResNet Architecture

Figure 2-6: Illustrating the ResNet architecture used in the experiments.

2.3.2 Implementation Details

To demonstrate the results of the proposed SSF-CNN, a popular ResNet [91] architecture is used.
Figure 2-6 illustrates the ResNet architecture, which has one input layer, 31 convolutional layers,
one global pooling layer, and one softmax layer. The strength parameter is regularized with both
ElasticNet [308] (A{|t]; + Ag|t|2) and DropConnect [262]. It is experimentally observed that in
the first 20 epochs, A\ is 0.0001 and A; is 0. After 20 epochs, both the regularization constants are
set to 0.0001. ¢; regularization introduces sparsity in t parameters and helps to fade out the less
contributing filters, thus improving the strength of filters with large contributions. Further, at every
epoch, the dropconnect parameter is randomly initialized by Bernoulli(pr) where pr has 0.8 and

0.2 probability for generating 1s and Os respectively.

The proposed model utilizes a dictionary and pre-trained model to initialize and train the CNN
filters. Specifically, dictionary filters are learned using the K-SVD algorithm 1. These dictionaries
are layered in a similar manner as CNN layers and are referred to as hierarchical dictionaries.
The parameter values for K-SVD, such as the sparsity parameter, the total number of iterations,
and batch size for the dictionary, have been initialized with 0.1, 1000, and 100, respectively. The
input signal for the dictionary is patches extracted from randomly selected /N number of balanced
training samples. The value of N varies from 100, 200, - - - , 1000, 2000, - - - , 5000, as shown in
Table 2.1.
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2.3.3 Parameter Learning

In traditional ResNet architecture, the total number of parameters to be learned in convolutional
layers for the CIFAR-10 dataset is 242, 352. On the other hand, in the proposed SSF-CNN, the
total number of strength parameters to be learned for the same database is 26, 928. This shows
that the proposed architecture reduces the total number of parameters to be learned by 1/ 9" factor
in each convolutional layer. Similarly, we observe the reduced number of parameters to train for

other databases and architectures.

2.3.4 Results on Limited Training Data - MNIST, CIFAR-10, and NORB

The main focus of the proposed SSF-CNN is to learn the deep neural network models with a few
training samples. Since the proposed initialization is performed using dictionary learning, we also
compute the results of a shallow dictionary, which serves as the baseline for all the experiments.
We have also compared the proposed algorithm with PCANet [27], Deep Hybrid Network [190],
ScatNet [7], ResNet initialized with Xavier [76], and ResNet initialized with MSRA [90]. For the
proposed SSF-CNN, two sets of results are computed based on the manner in which the parameters

W and t are learned.

* Experiment 1 - Learn W: Initialized filters are fine-tuned while doing backpropagation.

* Experiment 2 - Learn t, Freeze W: Only the strength parameter t is learned while the

initialized filters are not updated.

Filter Visualization: We first analyze the filters learned from the proposed method and CNN. Fig-
ure 2-4 shows the first and second layer filters trained on CIFAR-10 database: (a) & (c) showcase
filters with two existing initialization techniques in CNN architecture, (b) & (d) trained CNN filters
on 1000 training samples, and (e) trained dictionary filters on 1000 training samples. In Figure 2-4,
it can be observed that dictionary-trained filters have less noisy patterns compared to CNN trained
filters on small data. In literature, Zeiler and Fergus [294] have also suggested that the filters with
structural properties are good while those with noisy, correlated, and unstructured patterns are bad.
This visualization illustrates that the proposed SSF-CNN utilizes good filters. We next support

these assertions with experimental results.
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Figure 2-7: Classification accuracies (%) for CIFAR-10, MNIST, and NORB databases with vary-
ing the number of training samples.

Performance with Shallow Dictionary: To analyze the performance of the proposed method with
varying training data sizes, 14 subsets of the training data of size 100, 200, - - - , 1000, 2000, - - - , 5000,
are created. These sets are used to train the dictionary and SSF-CNN on each of the three databases
individually. To train a shallow dictionary for each database, 50 atoms are initialized and trained
with varying numbers of training samples. The trained dictionary then computes sparse features
for training and testing samples. These features are input to a 3-layer neural network with two
hidden layers of size {40,20}. The results of shallow dictionary learning on three object classi-
fication databases are reported in Figure 2-7. From these results, it can be inferred that shallow
dictionary learning might not require large training data, and increasing data may not improve
classification results. This figure also shows that shallow dictionary learning may not be able to

yield high classification accuracy, and deep CNN architectures may further help.

Performance with SSF-CNN and Comparison with Existing Algorithms: We next evaluate

the performance of the proposed SSF-CNN on three object classification databases by varying the
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training data size. The results in Figure 2-7 show that, generally, Xavier and MSRA initialization
yield lower performance than the proposed dictionary initialization for minimal training data. It
can be consistently observed that the differences in results are more profound when the strength
parameter t is learned with fixed W. The results further show that the performance of the proposed
SSF-CNN increases with an increase in training database size. It can be inferred that unlike a
shallow dictionary, where the performance does not improve significantly with increased training

database size, the parameters learned by the proposed SSF-CNN evolve with extensive data.

We also observe that the proposed algorithm, in general, yields higher performance compared
to three existing algorithms, PCANet [27], Deep Hybrid Network [190], and ScatNet [7]. We
next perform the experiments when the structure of filters is obtained from training on ImageNet
data, and then the strength parameter is used to adapt to a small sample size problem (i.e., Proposed
ResNet: pre-trained on ImageNet, Learn t). Results in Figure 2-7 show that our hypothesis that the
structure of filters can be learned from training on large databases and knowledge can be adapted

with small training data using the strength t is valid.

After our effort on benchmarking results for small sample learning, active research is ongo-
ing and showing promising results on the benchmarking databases [85, 283, 303] and comparing
our proposed methods with current DP-SSL [301], on 4k CIFARI1O training samples our method
achieved around 18.12+0.55% error and DP-SSL able to reduce it further 4.23+0.20%. Similarly,
on SVHN with 1k training samples, our method achieved 9.5 + 0.28% and DP-SSL 1.99 £ 0.18%,

respectively.

Results on Complete Training Data: We have also evaluated the proposed dictionary learning-
based initialization method on the standard training protocols of all three databases, i.e., using the
complete training data. Similar to small training data size, the experiments are performed with
multiple methods of initializations and two ways of learning W and t, i.e., (i) learn W and (ii)
learn t, freeze W. This experiment compares the proposed dictionary learning-based initialization
for ResNet with Xavier and MSRA initialization. On the MNIST database, the proposed initial-
ization yields an accuracy of 99.70%, which is comparable with 99.71% achieved by standard
initialization. The proposed approach yields at least 3.8% higher classification accuracy on the

NORB database than existing initialization approaches. It is also observed that even if the filters
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Table 2.2: Rank-1 identification accuracies (%) on the newborn face database [15]. The results
are reported for fine-tuned pre-trained models and with learning the strength of pre-trained filters.
The last three models are trained on face databases, and the remaining models are trained on

ImageNet [47] database.

. Number of Gallery Images
Pre-trained - - .
Model Fine-tuning Proposed Strength Learning
1 2 3 4 1 2 3 4

ResNet 50 3577 £2.34 | 43.59£0.92 | 49.90 +£2.57 | 52.14 £3.31 37.80 £2.01 | 46.77+£1.79 | 52.61 £1.89 | 56.73 £ 1.79
ResNet 101 3586 £2.78 | 4590+£2.54 | 51.17+£2.10 | 54.59 £3.41 36.62 £4.06 | 46.71 £3.73 | 52.79 + 1.72 | 56.16 £ 3.07
ResNet152 3630+ 3.19 | 46.74 £2.42 | 51.99 £2.24 | 5547 +£2.34 3830 +£3.57 | 47.92£229 | 53.71 £2.62 | 59.57 £ 2.46
VGG13 56.34 +2.46 | 6849 £3.07 | 73.37+£2.53 | 7647 £2.33 65.54 £3.20 | 78.14+1.97 | 84.05+1.40 | 87.76 £1.88
VGG16 57.07+2.85 | 67.84£2.61 | 73.21+3.10 | 76.21 £2.86 6529 +1.99 | 79.18 £2.85 | 84.24 +£2.82 | 87.50 £ 1.47
VGG19 53.87+4.49 | 66.95+£2.15 | 7233+ 1.25 | 75.75£1.77 62.29 £1.70 | 7536 £2.03 | 80.90 +£0.77 | 84.20 £ 0.75
DenseNet161 50.64 +3.27 | 63.65+295 | 68.98+1.79 | 72.86 +1.82 5839 4559 | 72.14 £1.82 | 77.36 £ 1.57 | 81.04 £ 1.40
DenseNet169 54.15+4.33 68.91+299 | 7331+ 1.72 | 72.97 £2.05 5825+ 1.68 | 73.10+£0.99 | 7891+ 1.02 | 83.31 £ 1.12
DenseNet201 60.78 £2.00 | 71.19 £0.84 | 71.48+2.17 73.64 +1.39 61.45+5.09 | 7458 £2.40 | 80.75 £3.86 | 85.02 +3.98
LightCNN-9 5572 £290 | 66.09 £2.27 | 67.65+2.29 | 71.81 £1.64 56.48 =4.60 | 69.82 £4.49 76.91£3.69 81.87+ 3.93
LightCNN-29 53.10 £3.75 65.28 +2.47 71.91£1.99 75.85 £2.02 62.67 £2.59 | 76.19 £1.15 | 82.55+0.87 | 86.00 £ 1.03
VGG-Face 60.77 +1.28 7293 £1.40 | 77.19 £1.27 | 79.66 £1.97 7042 +£0.50 | 81.37 +1.59 | 86.50 +1.20 90.01+1.53

Newborn

Omniglot

Figure 2-8: Samples images from the Omniglot and Newborn Faces databases.

have random values, learning strength produces considerably high accuracies. Once the filters are

trained, optimizing the strength of those filters can further improve the performance.

2.3.5 Small Sample Size Case Studies

To showcase the effectiveness of the proposed structure and strength concept on small sample size

databases, we present three case studies: (i) newborn face database [15], (ii) Omniglot database

[130] and (ii1) Cataract Mobile Pre-post Database (CMPD) [114]. Figure 2-8 and 5-5 shows sample

images from the databases.

Newborn Face Recognition: Bharadwaj et al. [15] have shown that newborn face recognition

is a challenging small sample size application. The publicly available IIITD Newborn database
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[15] contains face images from 96 newborns. The pre-defined protocol limits us to using training
samples from only ten newborns, and testing is performed with 86 newborns. We compute the
performance of ResNet architecture where the proposed dictionary-based initialization helps in
estimating the structure using images from 10 newborns, and then the strength parameter is used
to attune the filters. The observed rank-1 accuracy, in this case, is 36.32%, which is at least
0.5% better than pre-trained ResNet architecture (which is traditionally fine-tuned with newborn
training data). Also, the test accuracies are extremely low when we use training images of only ten

newborns to train the filter of CNN models from scratch.

As discussed before, we can learn “structure” from large domain-specific data, and then the
proposed “strength” can help us attune the filters for problem-specific data. Therefore, we perform
experiments with pre-trained networks (pre-trained filters are obtained after learning from either
ImageNet or Labeled Faces in the Labeled Faces in the Wild (LFW) [104] and YouTube Faces
(YTF) [274] databases) and use strength parameter to attune it for newborn face recognition based
on training data of 10 newborns. For this experiment, as shown in Table 2.2, we use variants of
ResNet [91], VGG [230], VGGFace [194], LightCNN [278], and DenseNet [103] architectures,
and the performance is compared with standard fine-tuning approaches using same images from
10 newborns. As shown in Table 2.2, we have observed that the learning strength of the filters
improves the performance of CNN models compared to the conventional fine-tuning approach.
With a single gallery image per subject, the best rank-1 accuracy of over 70% is obtained when the
proposed strength parameter is used with pre-trained VGG-Face [194], which is at least 10% better
than the conventional fine-tuning-based approach. This shows that in real-world applications, the

concept of learning structure and strength helps achieve improved performance.

The performance of the proposed approach is also compared with deep hybrid network [190]
and ScatNet [7]. For one gallery per subject, the rank-1 accuracies of these two algorithms are
25.18% =+ 1.33% and 31.04% =+ 1.94% respectively, which are at least 39% less than the best
results reported in Table 2.2. Finally, we also compare the performance of the proposed algorithm
with the Vinyals et al. [259], Hariharan et al. [86], and Bharadwaj et al. [15] on newborn face
database. Using the same protocol, Figure 2-9 illustrates the comparison between the proposed
method (best-reported result in Table 2.2) with existing methods. The proposed method improves

the rank-1 accuracies by 11 — 19% for varying numbers of sample(s) per subject. However, the
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Figure 2-9: Summarizing the results on the newborn face database.

proposed algorithm consistently yields improved accuracy and is approximately 4.5%.

Omniglot Database: On the Omniglot database [130], SSF-CNN yields classification accuracies
of 97.6% =+ 0.84% and 98.3% =+ 1.03% for 1-shot, 5-way and 5-shot, 5-way, respectively which are
comparable to state of the art results. Table 2.3 summarizes the results of the proposed algorithm
and compares them with existing algorithms. The results show that SSF-CNN is among the top-
performing algorithms for both protocols.

Cataract Mobile Pre-post Database (CMPD): On the CMPD database [114], our proposed SS-
VGG-face achieved 52.4, 60.1 rank-1 identification accuracies on unregistered S1-S2 pre-post
surgery improved from 16.26 and 15.51 computed on left and right eyes mobile images, respec-
tively. Also, with registered eyes, our model achieved 68.7 and 66.6 rank-1 identification accuracy
on registered S1-S2 pre-post surgery improved from 30.10 and 22.41 computed on left and right

eyes mobile images, respectively.

2.4 Summary

An extensive training database is a crucial requirement for training convolutional neural networks.

However, several applications and problem statements do not have the luxury of large training
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Table 2.3: Classification results (%) on the Omniglot database [130].

Algorithm 1-shot, 5-way | 5-shot, 5-way
Santoro et al. [219] 82.8 94.9
Koch et al. [122] 97.3 98.4
Vinyals et al. [259] 98.1 98.9
Proposed 97.6 98.3

databases. This research proposes Structure and Strength Filtered CNN as a framework for learn-
ing a CNN model with small training databases. We offer to initialize the filters of CNN using
dictionary filters, which can be trained with small training samples. Since the dictionary atoms
are learned for reconstruction, they may not be optimal for classification. Therefore, we suggest
learning the filters’ strength with the given training data. The effectiveness of the proposed model
has been demonstrated on multiple object classification databases and a real-world newborn face
recognition problem. Using different architectures and experiments, we demonstrate the efficacy of
the proposed approach. Specifically, in the case of newborn face recognition, remarkable improve-
ment in accuracy is achieved with the proposed approach. The proposed CNN has the flexibility to
work for small and large databases. The current model incorporates unsupervised dictionary filters
to initialize the CNN network. As a future work, other trained filters, such as supervised dictionary
filters, can also be used. They can also be used to adapt the filters from one task to another while
learning only the strength of the filters. The proposed algorithm can also be extended to other ap-
plications such as face recognition with variations in disguise [50], matching faces in videos [79],

and sketch to photo matching [178].
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Chapter 3

Guided Dropout

“Better than a thousand days of diligent study is one day with a great teacher.”

— Japanese proverb

3.1 Introduction

Deep neural networks have gained a lot of success in multiple applications. However, due to
optimizing millions of parameters, generalization of DNN is a challenging task. Multiple regu-
larizations have been proposed in the literature such as [y — norm [186], lo — norm [186], max-
norm [233], rectifiers [179], KL-divergence [93], drop-connect [262], and dropout [95], [233] to
regulate the learning process of deep neural networks consisting of a large number of parameters.
Among all the regularizers, dropout has been widely used to generalize DNNs.

Dropout [95], [233] improves the generalization of neural networks by preventing co-adaptation
of feature detectors. The working of dropout is based on the generation of a mask by utilizing
Bernoulli and Normal distributions. At every iteration, it generates a random mask with proba-
bility (1 — €) for hidden units of the network. [266] have proposed a Gaussian dropout which is a
fast approximation of conventional dropout. [120] have proposed variational dropout to reduce the
variance of Stochastic Gradients for Variational Bayesian inference (SGVB). They have shown that
variational dropout is a generalization of Gaussian dropout where the dropout rates are learned.

[121] have proposed alpha-dropout for Scaled Exponential Linear Unit (SELU) activation

function. [9] have proposed “standout” for a deep belief neural network where, instead of initializ-
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Figure 3-1: Illustrating the effect of conventional dropout and proposed guided dropout. In neural
network training with dropout, nodes are dropped randomly from the hidden layers. However, in
the proposed guided dropout, nodes are dropped based on their strength. (Best viewed in color).

ing dropout mask using Bernoulli distribution with probability p, they have adapted the dropout
probability for each layer of the neural network. In addition to the conventional learning methods
of dropout, [67] have utilized the Gaussian process for the deep learning models, which allows
estimating the uncertainty of the function, robustness to over-fitting, and hyper-parameter tuning.
They have measured model uncertainty by measuring the first and second moments of their approx-
imate predictive distribution. [68] have proposed “Concrete Dropout”, a dropout variant where the
concrete distribution has been utilized to generate the dropout mask. They have optimized the
probability p via a path-wise derivative estimator. Dropout is also explored between convolu-
tional layer [21] of CNN model like DropBlock [73], CorrDropout [297], DropCluster [30], and
FocusedDropout [152].

In the literature, methods related to dropout have been explored in two aspects: 1) sampling
dropout mask from different distributions and maintaining the mean of the intermediate input while
dropping nodes, and 2) adapting dropout probability. However, if prior information related to nodes
of a NN is available, nodes can be dropped selectively so that the generalization of NN is improved.
Therefore, in this research, we propose a “strength parameter” to measure the importance of nodes

and features for dense NN and CNN, respectively, and use it for guiding dropout regularization.

42
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Figure 3-2: A Neural Network NN[8192, 3] is trained with strength parameters on the CIFAR10
dataset. The bar graph represents the trained strength of the first layer of the NN. It can be ob-
served that low-strength nodes are not contributing to the performance, and removing such nodes
minimally affects the accuracy. Such nodes are termed inactive nodes in the inactive region. Sim-
ilarly, high-strength nodes contribute to the performance, and eliminating such nodes affects the
accuracy. Such nodes are termed as active nodes in the active region. (Best viewed in color).

Figure 3-1 illustrates the graphical abstract of the paper “guided Dropout”. To understand the
behavior of strength parameter ¢, a three hidden layer neural network with 8192 nodes is trained
using Equation 3.2 (details discussed in the next section). After training, the accuracy is evaluated
by removing low-strength to high-strength nodes one by one. The effect on the accuracy can
be observed in Figure 3-2. It shows that removing up to almost 5000 low-strength nodes has
minimal effect on the network accuracy. Therefore, such nodes are considered to be inactive
nodes, lying in the inactive region. On removing nodes with high strength, the network accuracy

reduces aggressively. Such nodes are considered to be active nodes in the active region.

Our hypothesis is that in the absence of high-strength nodes during training, low-strength nodes
can improve their strength and contribute to the performance of NN. To achieve this, while training
a NN, we drop the high-strength nodes in the active region and learn the network with low-strength
nodes. This is termed as Guided Dropout. As shown in Figure 3-1, during training, the network
generalizability is strengthened by “nurturing” inactive nodes. Once trained, more nodes contribute
towards making predictions, thus improving accuracy. The key contribution of this paper is that

a strength parameter is proposed for deep neural networks, which is associated with each node.

43



Using this parameter, a novel guided dropout regularization approach is proposed. To the best of
our knowledge, this is the first attempt to remove randomness in the mask generation process of
dropout. We have also presented that conventional dropout is a special case of guided dropout and
is observed when the concept of active and inactive regions are not considered. Further, exper-
imental and theoretical justifications are also presented to demonstrate that the proposed guided

dropout performance is always equal to or better than the conventional dropout.

3.2 Proposed Guided Dropout

In dropout regularization, some of the nodes from the hidden layers are dropped at every epoch
with probability (1 — 6). Let [ be the [** layer of a network, where the value of [ ranges from 0 to
L, and L is the number of hidden layers in the network. When the value of [ is zero, it represents
the input layer, i.e., a’ = X. Let the intermediate output of the network be z(!). Mathematically, it

can be expressed as:

](z+1) _ w](‘l;;l) Ly b§l+1)

l l
ag +1) _ f(ZJ( +1))

z

(3.1)

where, i € [1,..., Ny,],and j € [1, ..., N,y| are index variables for N;, and N,,; at the (I +1)"
layer, respectively. f(.) is the ReLU activation function. The conventional dropout drops nodes
randomly using Bernoull: distribution and is expressed as: a® =0 ®aV, where @ is the masked
output, ¢V is the intermediate output, ® is the element-wise multiplication, and r) is the dropout
mask sampled from Bernoulli distribution. While dropping nodes from NN, expected loss E(.)

increases which enforces regularization penalty on NN to achieve better generalization [171].

3.2.1 Introducing strength parameter

As shown in Figure 3-3, network performance is almost similar in the initial few iterations of
training with and without dropout. The effectiveness of dropout can be observed after a few it-

erations of training. Dropping some of the trained nodes may lead to more active nodes in the
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network. Hence, the performance of the network can be improved. Utilizing this observation and
the discussion presented with respect to Figure 3-2 (about active/inactive nodes), we hypothesize
that a guided dropout can lead to better generalization of a network. The proposed guided dropout
utilizes the strength of nodes for the generation of the dropout mask. In the proposed formula-
tion, strength is learned by the network itself via Stochastic Gradient Descent (SGD) optimization.

Mathematically, it is expressed as:

o ™ =t @ maa (0,0 al 4+ o) (3.2)

J J J X%

where, t) is sampled from uni form distribution (assuming all nodes have equal contribution).
It can also be used to measure the importance of the feature-map for CNN networks. Therefore,

Equation 3.2 can be rewritten as:

a0 =t © maz (0,al+ WD 4 p0) (3.3)

where, * is a convolution operation, max(0, .) is a ReLU operation', and al is a three-

dimensional feature map (for ease of understanding, subscript has been removed).

Strength parameter in matrix decomposition: To understand the behavior of the proposed
strength parameter t in a simpler model, let the projection of input x € R% on W € Ré1*®
represent label vector y (€ R%). Matrix W can be linearly compressed using singular value de-
composition (SVD), i.e., W = Udiag(t)V'"T. Here, top few entries of diag(t) can approximate the

matrix W [49]. This concept can be utilized in the proposed guided dropout.

Strength parameter in two hidden layers of an NN: In an NN environment, let V' € R%*"
and U € R%*" be the weight matrices of the first and second hidden layers of NN, respectively.
The hypothesis class can be represented as hyry () = UV 7z [171]. In the case of Guided Dropout,
the hidden node is parameterized as hy () = Udiag(t)V Tz, which is similar to the SVD de-
composition where parameter t is learned via back-propagation. Therefore, ¢ can be considered as

a strength of a node, which is directly proportional to the contribution of the node in NN perfor-

'In the case of other activation functions, intermediate feature maps might have negative values. Therefore, |¢|
(mod of ‘t’) can be considered a strength parameter. In this case, ‘¢’ value approaching zero represents low strength
and a node associated with low strength can be considered as an inactive node.
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mance.

In this case, the weight update rule for parameters U, V and t on the (s + 1) batch can be

written as:
Usi1 ~ U — 7 (%Usdmg(ts Or)Vz, - ys) ol Vidiag(ts  © 7))
Vit — Vo — (%wf‘/;dmg(ts @ r)U] — ysT) Udiag(t, © 1)
diag(tsi1) - diag(t) — U (gUsdiag(ts Or )Vl z, - ys> xlV, (34)

where, {(xs, ys) SSZ_OI is the input data, (1 — @) is the dropout rate, 7 is the learning rate, and r
is the dropout mask. For the initial few iterations, r is initialized with ones. However, after a few
iterations of training, r is generated using Equation 3.5.

In the proposed algorithm, active nodes are dropped in two ways:
1. Guided Dropout (top-£): Select (top-%) nodes (using strength parameter) to drop
2. Guided Dropout (DR): Drop Randomly from the active region.

Proposed Guided Dropout (top-k): While dropping (top-k) nodes based on the strength, the
mask for the proposed guided dropout can be represented as:

r' =t <th, where, th= max t! (3.5)
[Nx(1-0)]

max| nx(1—¢)| is defined as the k large elements of t where, (1 — 0) is the percentage ratio of
nodes needed to be dropped and N is the total number of nodes. The generated mask r' is then
utilized in equation 37([) = r) ® y¥ to drop the nodes. Since the number of dropped nodes are
dependent on the total number of nodes N and percentage ratio (1 — #), expected loss can be

measured by B, ,[||ly — $Udiag(r)V'z||?]. If dropout mask r' drops top — k nodes, the expected
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loss would be maximum with respect to conventional dropping nodes. Therefore, guided dropout

(top — k) would impose a maximum penalty in NN loss.

Proposed Guided Dropout (DR): The second way of generating a guided dropout mask is to
select the nodes from the active region, i.e., nodes are Dropped Randomly (DR) from the active
region only. Since the number of inactive nodes is large and has a similar strength, to find the active
or inactive region, the number of elements in all the bins®> have been computed. The maximum
number of elements among all the bins is considered as the count of inactive nodes f,,. Thus,
fm and (N — f,,) are the number of inactive and active nodes, respectively. Here, (1 — ) is
the probability for sampling dropout mask for active region nodes using Bernoulli distribution.
Probability with respect to the total number of nodes should be reduced to maintain the mean g in
the training phase. Therefore, new probability with respect to N is modified as (1 — %(1 —0)).
For the proposed guided dropout (DR), when the nodes are dropped randomly from the active
region, in Equation 3.4, % will be modified as i L

(1-6)
percentage ratio for the proposed guided dropout (top — k). In the case of guided dropout (top — k),

. We have carefully mentioned (1 — 0) as the

the generated mask might be fixed until any low-strength node can replace the (top — k) nodes. On

the other hand, for the proposed guided dropout (DR), (1 — #) is the dropout probability.

3.2.2 Why Guided Dropout Should Work?

Dropout improves the generalization of neural networks by preventing the co-adaptation of feature
detectors. However, we assert that guidance is essential while dropping nodes from the hidden
layers. Guidance can be provided based on the regions where nodes are dropped randomly or the
top few nodes are dropped from the active region. To understand the generalization of the proposed
guided dropout, we have utilized Lemma A.1 from [171]. In their proposed lemma: Let x € R% be
distributed according to distribution D with E,[z2T] = L Then, for L(U, V) := E,[||ly—UVTz|?]
and f(U,V) :=Ey,[||ly — §Udiag(r)V'z||?], it holds that

FUV) = LW V)N sl lfos]? (3.6)

=1

%In this case, 100 equally spaced bins are chosen.
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Furthermore, £L(U,V) = ||W — UVT||%, where, diag(r) € R™™", V € R®2x" [ ¢ RIhxn,
W € Rxdz )\ = 128 (The proof of this lemma is given in [171]).

According to the lemma mentioned above, it can be observed that the guided dropout assists
NN to have a better generalization. Let r be sampled from Bernoull: distribution at every iteration
to avoid overfitting in conventional dropout. In guided dropout, mask 7’ is generated based on the
strength value ¢. For Equation £(U, V) = ||W — Udiag(t)V'*||%, high strength nodes can be cho-
sen to form mask 7. Therefore, loss Ey |||y — Udiag(r') V' z||?] > By, |||y — 5Udiag(r)V'z|)?].
In this case, the penalty would increase while dropping higher-strength nodes. The expected loss
would be the same only if » = /. If r # 1/, the regularization imposed by the proposed guided
dropout increases in the training process. Hence, optimizing the loss in the training process helps

inactive nodes to improve their strength in the absence of higher-strength nodes.

From Equation 3.6, the path regularization term A Y ;" | ||u;||?||v;||? regularizes the weights u;
and v; of the inactive node such that the increase in loss due to dropping higher strength nodes can
be minimized. Thus, the worst case of generalization provided by the proposed guided dropout

should be equal to the generalization provided by the conventional dropout.

3.2.3 Implementation Details

Experiments are performed on a workstation with two 1080Ti GPUs under PyTorch [195] pro-
gramming platform. The program is distributed on both GPUs. The number of epochs, learning
rate, and batch size are kept as 200, [10‘2, - 10‘5], and 64, respectively, for all the experiments.
The learning rate starts from 102 and is reduced by 10 at every 50 epochs. The best-performing
results are obtained at 0.2 dropout probability for conventional dropout. In the proposed guided
dropout, 40 epochs have been used to train the strength parameter. Once the strength parameter
is trained, dropout probabilities for guided dropout (DR) are set to 0.2, 0.15, and 0.1 for 60, 50,
and 50 epochs, respectively. However, after strength learning, the dropout ratio for guided dropout

(top-k) is set to [0.2, 0.0, 0.15, 0.0, 0.1, 0.0] for [10, 40, 10, 40, 10, 50] epochs, respectively.
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3.3 Experimental Results and Analysis

The proposed method has been evaluated using three experiments: i) guided dropout in the neural
network, i1) guided dropout in the deep network (ResNet18 and Wide ResNet 28-10), and ii1) case
study with a small sample size problem. The databases used for evaluation are MNIST, SVHN,
CIFAR10, CIFAR100, and Tiny ImageNet.

The proposed guided dropout is compared with state-of-art methods such as Concrete dropout’[68],
Adaptive dropout (Standout)* [9], Variational dropout® [120], and Gaussian dropout. Alpha-
dropout [121] has also been proposed in the literature. However, it is specifically designed for
SELU activation function. Therefore, to have a fair comparison, the results of the alpha-dropout

are not included in the Tables.

3.3.1 Database and Experimental Protocol

Protocol for complete database: Five benchmark databases including MNIST [138], CIFAR10 [126],
CIFAR100 [126], SVHN [180], and Tiny ImageNet [247] have been used to evaluate the proposed
method. MNIST is only used for benchmarking Neural Network with conventional dropout [233].
The MNIST dataset contains 70k grayscale images pertaining to 10 classes (28 x 28 resolution).
The CIFAR10 dataset contains 60k color images belonging to 10 classes (32 x 32 resolution). The
experiments utilize 50 training samples and 10% as the test samples. CIFAR100 has a similar pro-
tocol with 100 classes. The protocol for CIFAR100 also has 50k and 10k training-testing split. The
SVHN dataset contains 73, 257 training samples and 26, 032 testing samples. The Tiny ImageNet
dataset is a subset of the ImageNet dataset with 200 classes. It has images with 64 x 64 resolution
with 100k and 10k samples for training and validation sets, respectively. The test-set label is not
publicly available. Therefore, the validation set is treated as a test set for all the experiments on
Tiny ImageNet.

Protocol for small sample size problem: Recent literature has emphasized the importance of
deep learning architecture working effectively with small sample size problems [118]. Therefore,

the effectiveness of the proposed algorithm is tested for small sample size problems. The exper-

3https://tinyurl.com/yb5msqrk
“https://tinyurl.com/y8udkzyq
Shttps://tinyurl.com/y8yf6vmo
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Table 3.1: Test accuracy (%) on CIFAR10 and CIFARI100 [126] databases using four different
architectures of a three layer Neural Network. (Top two accuracies are in bold).

CIFAR10 CIFAR100
1024,3 [ 2048,3 [ 4096,3 | 8192,3 | 1024,3 [ 2048,3 | 4096, 3 | 8192,3
Without Dropout 58.59 59.48 59.72 59.27 28.86 30.01 30.73 32.02
With Dropout 58.77 59.61 59.62 59.86 31.52 31.63 31.37 31.63
Concrete Dropout 57.38 57.64 57.45 55.28 28.03 29.09 28.91 31.02
Adaptive Dropout 55.05 55.45 56.84 57.01 27.82 28.27 28.62 28.65
Variational Dropout | 48.90 52.08 53.48 54.90 17.02 20.64 23.32 24.53
Gaussian Dropout 56.12 56.52 56.94 57.34 27.24 28.34 28.87 29.81

Algorithm

Strength only 5830 | 5892 | 5921 | 5949 | 29.66 | 3020 | 30.84 | 31.12

Proposed Guided 5875 | 59.65 | 59.64 | 59.92 | 3092 | 3159 | 3134 | 32.11

Dropout (top-k)

Proposed Guided 59.84 | 60.12 | 60.89 | 61.32 | 31.88 | 32.78 | 33.01 | 33.15
Dropout (DR)

Table 3.2: Test accuracy (%) on SVHN [180] and Tiny ImageNet [247] databases using four
different architectures of a three layer NN. (Top two accuracies are in bold).

SVHN TinyImageNet
1024,3 | 2048,3 | 4096,3 | 8192,3 [ 1024,3 [ 2048,3 [ 4096,3 [ 8192,3
Without Dropout 86.36 86.72 86.82 86.84 12.42 13.74 14.64 15.21
With Dropout 85.98 86.60 86.77 86.79 16.39 14.28 14.69 14.44
Concrete Dropout 83.57 84.34 84.97 85.53 11.98 12.50 12.65 14.85
Adaptive Dropout 77.67 79.68 80.89 81.96 12.41 12.98 13.75 14.17
Variational Dropout | 74.28 77.91 80.22 81.52 7.95 10.08 12.91 14.69
Gaussian Dropout 72.46 78.07 80.42 80.74 13.88 15.67 15.76 15.94

Algorithm

Strength only 8576 | 8592 | 8501 | 86.83 | 12.11 | 1352 | 13.95 | 14.63

Proposed Guided 86.12 | 8657 | 86.78 | 86.85 | 1547 | 1545 | 1555 | 16.01

Dropout (top-k)

Proposed Guided 87.64 | 87.92 | 8795 | 8799 | 1759 | 18.84 | 1841 | 17.74
Dropout (DR)

iments are performed on the Tiny ImageNet database with three-fold cross-validation. From the
entire training set, 200, 400..., 1k, 2k, .., 5k samples are randomly chosen to train the network, and

evaluation is performed on the validation set.

3.3.2 Evaluation of Guided Dropout in Dense Neural Network (NN) Archi-

tecture

To showcase the generalization of the proposed method, training and testing loss at every epoch is
shown in Figure 3-3. A three-layer NN with 8192 nodes at each layer is trained without dropout,

with dropout, and with the two proposed guided dropout algorithms top — k, and DR. It can be
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Figure 3-3: Illustrating training and testing losses at every epoch. On the CIFAR10 dataset, the
proposed method is compared with the conventional dropout method. It can be observed that the
gap between training and testing loss is minimal in the proposed guided dropout. (Best viewed in
color).

inferred that the proposed guided dropout approaches help to reduce the gap between the training
and testing losses.

The proposed guided dropout is evaluated on three layers NN with four different architec-
tures as suggested in [233]. Tables 3.1 to 3.3 summarize test accuracies (%) on CIFARI10, CI-
FAR100, SVHN, Tiny ImageNet, and MNIST databases. It can be observed that the proposed
guided dropout (DR) performs better than existing dropout methods. In large parameter settings
such as three-layer NN with 8192 nodes, the proposed guided dropout (top-k) algorithm also shows
comparable performance. For NN[1024, 3] architecture, conventional dropout is the second-best-
performing algorithm on CIFAR10, CIFAR100, and Tiny ImageNet databases.

We have claimed that the strength parameter is an essential element in NN to measure the
importance of nodes. Though the number of training parameters is increased, this overhead is less

than 0.2% of the total number of parameters of a NN°,

®For a NN with three hidden layers of 8192 nodes each, total number of learning parameters is only 8192 x 8192 +
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Figure 3-4: Illustrating the learned strength values of the first hidden layer nodes for the CIFAR10
database with NN[8192, 3]. The strength of nodes is improved by utilizing the proposed guided
dropout compared to with/without conventional dropout. (Best viewed in color).
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Figure 3-5: Illustration of time taken per epoch. X-axis represents without dropout (1), with
dropout (2), concrete dropout (3), adaptive dropout (4), variational dropout (5), Gaussian dropout
(6), proposed guided dropout (top-k) (7), and proposed guided dropout (DR) (8) algorithms, re-
spectively.

Figure 3-4 represents the learned strength value of the first hidden layer of NN[8196, 3]. It can
be observed that the conventional dropout improves the strength of hidden layer nodes. However,

the strengths are further improved upon by utilizing the proposed guided dropout.

For understanding the computational requirements, a NN[8192, 3] has been trained and time
taken without dropout, with dropout, concrete dropout, adaptive dropout, variational dropout,
Gaussian dropout, proposed guided dropout (top-k), and proposed guided dropout (DR) and the re-
sults are reported for one epoch. Figure 3-5 summarizes the time (in seconds) for these variations,

showing that applying the proposed dropout approach does not increase the time requirement.

8192 x 8192 = 134,217, 728 and overhead of strength parameter is 24, 576.
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Table 3.3: Test accuracy (%) on the MNIST [138] database using three layer NN. (Top two accu-
racies are in bold).

Algorithm Number of nodes, Layers

1024, 3 \ 2048, 3 \ 4096, 3 \ 8192,3
Without Dropout 98.44 | 98.49 | 9842 | 98.41
With Dropout 98.45 98.67 | 98.50 | 98.53
Concrete Dropout 98.66 98.60 98.62 98.59
Adaptive Dropout 98.31 98.33 98.34 98.40
Variational Dropout 98.47 98.55 98.58 98.52
Gaussian Dropout 98.35 98.43 98.47 98.44
Strength only 98.42 | 98.51 98.40 | 98.46
Proposed Guided Dropout (top-k) | 98.52 98.59 98.61 98.68
Proposed Guided Dropout (DR) | 98.93 | 98.82 | 98.86 | 98.89

Table 3.4: Test accuracy (%) on CIFAR10, CIFAR100 [126] (in Table written as C10, C100),
SVHN [180], and Tiny ImageNet [247] databases using CNN architectures of ResNet18 and Wide-
ResNet 28-10. (Top two accuracies are in bold).

Algorithm ResNet18 Wide-ResNet 28-10
C10 | C100 | SVHN [ Tiny ImageNet | C10 | C100 | SVHN | Tiny ImageNet
Without Dropout | 93.78 | 77.01 | 96.42 61.96 96.21 | 81.02 | 96.35 63.57
With Dropout | 94.09 | 75.44 | 96.66 64.13 96.27 | 82.49 | 96.75 64.38
Concrete Dropout | 91.33 | 74.74 | 92.63 62.95 92.63 | 75.94 | 92.79 -
Adaptive Dropout | 90.45 | 73.26 | 92.33 61.14 79.04 | 52.12 | 90.40 62.15
Variational Dropout | 94.01 | 76.23 | 96.12 62.75 96.16 | 80.78 | 96.68 64.36
Gaussian Dropout | 92.34 | 75.11 | 95.84 60.33 9534 | 79.76 | 96.02 63.64
Strength only 9375 | 76.23 | 9634 62.06 95.93 | 80.79 | 9631 64.13
Proposed Guided | o1 > | 76 98 | 96.62 64.11 96.22 | 82.31 | 96.42 64.32
Dropout (top-k)
Proposed Guided | g4 15 | 7755 | 9718 64.33 96.89 | 82.84 | 97.23 66.02
Dropout (DR)

3.3.3 Evaluation of Guided Dropout in Convolutional Neural Network (CNN)

Frameworks

The proposed guided dropout is also evaluated on CNN architectures of ResNetl18 and Wide-
ResNet 28-10. The proposed guided dropout performance is compared with existing state-of-the-
art dropout methods on the same protocol. Table 3.4 summarizes test accuracies of four bench-
marking databases. It can be observed that on CIFAR10 (C10), dropout provides the second-best
performance after the proposed algorithm. On CIFAR100 (C100), without dropout, it provides the

second-best performance, and the proposed guided dropout (DR) provides the best performance.
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Figure 3-6: Classification accuracy on C10, C100, and Tiny ImageNet databases. The performance
is measured with ResNet152 CNN architecture without dropout, with traditional dropout, and with
the proposed guided dropout. (Best viewed in color).

In the case of Wide-ResNet 28-10, which has larger parameter space than ResNet18, conventional
dropout consistently performs second best after the proposed guided dropout (DR). It improves
the Wide-ResNet 28-10 network performance by 0.62%, 0.35%, 0.48%, and 1.64% on C10, C100,
SVHN, and Tiny ImageNet databases, respectively. We have also computed the results using
ResNet152 CNN architecture on C10, C100, and Tiny ImageNet databases. As shown in Figure 3-
6, even with a deeper CNN architecture, the proposed guided dropout performs better than the

conventional dropout method.

3.3.4 Small Sample Size Problem

Bench marking dataset: Avoiding overfitting for small sample size problems is a challenging
task. A deep neural network, which has many parameters, can easily overfit on small data. For
measuring the generalization performance of models, [19] suggested measuring the model’s gen-
eralization error by reducing the training dataset’s size. Therefore, we have performed three-fold

validation along with varying the training data size.
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Figure 3-7: Results of small sample size experiments: Accuracies on varying training samples
of the Tiny ImageNet dataset. The performance has been measured on four different dense NN

architectures. (Best viewed in color).

The experiments are performed with ResNet-18 and four dense neural network architectures.
As shown in Figures 3-7 and 3-8, with varying training samples of the Tiny ImageNet database,

the proposed guided dropout yields higher accuracies than the conventional dropout.

Real-World Small Sample dataset: We have evaluated our proposed guided dropout on
Newborn [15] and CMPD [114] datasets. We have achieved rank-1 accuracies 21.5 £0.72, 32.4 &+
0.59, 39.71+0.84, and 44.2+ 36 while having gallery 1, 2, 3, and 4, respectively. On CMPD dataset,

rank-1 accuracies when eyes are not registered for left 15.1 and for right 14.5. After registration

accuracies are 27.4 and 25.8 for left and right eye respectively.
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Figure 3-8: Classification accuracies obtained with varying training samples for the Tiny ImageNet
dataset. The performance is measured with ResNet18 CNN architecture. (Best viewed in color).

3.4 Summary

Dropout is a widely used regularizer to improve the generalization of neural networks. In the
dropout-based training, a mask is sampled from Bernoulli distribution with (1 — #) probability,
which is used to drop nodes at every iteration randomly. In this research, we propose a guidance-
based dropout, termed guided dropout, which drops active nodes with high strength in each itera-
tion to force non-active or low-strength nodes to learn discriminative features. Low-strength nodes
start contributing to the learning process during training to minimize the loss, and eventually, their
strength is improved. The proposed guided dropout has been evaluated using dense neural network
architectures and convolutional neural networks. All the experiments utilize benchmark databases,
and the results showcase the effectiveness of the proposed guided dropout.

We have also extended the idea of guided dropout in the convolutional network, Guided Drop-
Block, along with filter augmentation, which can reduce the dependency on large datasets ex-

plained in Chapter 5
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Chapter 4

Generalized Zero-Shot Learning Via

Over-Complete Distribution

“Life calls not for perfection, but for completeness.”

— Carl Jung

4.1 Introduction

Deep Neural Network (DNN) models have exhibited superlative performance in a variety of real-
world applications when the models are trained on large datasets. However, with a small sample
size training set, deep learning models tend to overfit, thus leading to poor generalization. Based on
the availability of labeled/unlabeled data, multiple learning settings such as transfer learning [25],
life-long learning [246], self-taught learning [201], and one-shot learning [173] have been pro-
posed for better generalization. In certain applications, it is possible that samples from all the
classes are not present in the training data to train the model. This setting is characterized as zero-
data learning or (Zero-Shot Learning) ZSL [135]. Since some of the classes are unseen in ZSL
setting, the performance of deep models is generally not very high.

In ZSL problems, data set X is split into two sets with zero intersection in classes, known as
seen/training and unseen/testing sets. On the given seen/unseen sets, two types of protocols have

been used to evaluate ZSL algorithms: 1) conventional ZSL: assign a label for test samples that

57



2 .
O Approximated Unseen

Classes {X} From attributes
/A

£,

4

Unseen Classes
Seen Classes

:fl

(b)

58

Over-Complete
Distribution (OCD)

. OCD for Seen and
*  Unseen Classes

Figure 4-1: Illustration of seen and unseen 2D distribution before and after generation of Over-
Complete Distribution (OCD). f1 and f2 are two dimensions of the data. (a) Shows distributions
of three approximated unseen classes and generated OCDs for corresponding classes. (b) Shows
three approximated unseen and seen class distributions and generated OCDs for corresponding
classes. (Best viewed in colour)

belong to unseen classes, and 2) (Generalized Zero-Shot Learning) GZSL [282]: assign a label for
test samples which belong to either seen or unseen classes. In both problems, training a network

on seen samples leads to a biased effect toward seen distribution.



One of the main reasons for performance degradation in ZSL is that the testing set contains
confusing hard samples (closer to another class), and the decision boundary is not optimized on
the test set distribution. Therefore, generating hard samples and approximating unseen classes lead
the network to reduce the bias. To address the challenges of ZSL, researchers have proposed to
generate samples pertaining to unseen distribution synthetically [71], [153], [129], [300]. How-
ever, the generated unseen classes fail to mimic the real unseen distribution, which is expected to
have hard samples. Hence, utilizing synthetically generated classes for training the discriminative
classifier might not improve the performance. In this research, we propose the concept of Over-
Complete Distribution (OCD) and then generate samples of classes corresponding to the OCD.
Secondly, as shown in Figure 4-1, we propose to utilize Online Batch Triplet Loss (OBTL) to
enforce separability between classes and Center Loss (CL) to reduce the spread within the class.
We experimentally demonstrate that synthetically generated over-complete distribution allows the
classifier to learn a feature space where the separability of seen/unseen classes can be efficiently

improved.

4.2 Related Work

In ZSL, Larochelle et al. [135] have proposed to learn a mapping from the input space view to
the model space view. Similarly, Akata er al. [2] have suggested embedding each class into the
attribute vector space, called Attribute Label Embedding (ALE). Liu ef al. [153] have proposed
a Deep Calibration Network (DCN) for learning the common embedding space between the vi-
sual features of an image and the semantic representation of its respective class. A widely used
method to tackle the ZSL problem is to learn a mapping between seen observation and the attribute
vector space. Lampert et al. [134] proposed Direct Attribute Prediction (DAP), where a weighted
probabilistic classifier has been trained for each attribute. After learning sample-to-attribute map-
ping, Baye’s rule was applied to map attributes to the class label. Xian et al. [280] proposed the
more challenging protocol and demonstrated that existing state-of-the-art (SOTA) algorithms do
not perform well.

In GZSL, researchers have utilized the generated unseen classes to have representative data in

the training set [160], [175]. [129] have proposed a generative model based on conditional varia-
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tional autoencoder. They have shown that the synthetically generated unseen distribution is closely
approximated to the real unseen data distribution. They have trained supervised linear SVM on
synthetically generated data and shown state-of-the-art performance on GZSL protocol. Similarly,
Gao et al. [71] have proposed synthesizing the unseen data using a joint generative model. They
have used (Conditional Variational Autoencoder) CVAE and GAN and observed that preserving
the semantic similarities in the reconstruction phase can improve the model’s performance.

Zhang et al. [300] have proposed a hybrid model consisting of conditional Generative Adver-
sarial Network (cGAN) and Random Attribute Selection (RAS) for the synthesized data gener-
ation. They have trained the hybrid model while optimizing the reconstruction loss. Zhang et
al. [299] observed that the performance of conventional zero-shot learning algorithms suffers due
to Class-level Over-fitting (CO) when they are evaluated for the GZSL task. To overcome the CO
problem, they have utilized the triplet loss, which significantly outperforms the state-of-art meth-
ods. In another research direction, Long et al. [160] have proposed Unseen Visual Data Synthesis
(UVDS) for generating synthesized classes from semantic attributes information. The authors have
also proposed Diffusion Regularization (DR), which helps reduce redundant correlation in the at-
tribute space. Atzmon and Chechik [8] have presented adaptive confidence smoothing for GZSL
problem. They have utilized three classifiers, seen, unseen, and gating experts, to improve the
model performance. Huang et al. [105] have proposed a generative dual adversarial network for
learning a mapping function semantic to visual space. Schonfeld er al. [220] have proposed to
align the distribution generated from VAE and show the improvement in benchmarking databases.

Significant effort has been made to generate an unseen synthetic distribution that has been
further utilized for training the model. However, as discussed before, there are still challenges to
be addressed to improve the performance on ZSL/GZSL problems, such as generalization of the

model on the test set and reducing the bias for both seen and unseen classes.

4.3 Proposed Framework

Figure 4-2 demonstrates the steps involved in the proposed framework. For a given input = with
associated attribute a and latent variable z, there are three modules in the proposed pipeline: (i)

an encoder (pg(z|x)) to compute the latent variables z on given z, (ii) a decoder (pg(|z,a)) to
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Figure 4-2: Illustration of the proposed OCD-CVAE framework. The framework uses CVAE with
encoder pg(z|x) and decoder pg(Z|z, a) modules. The output of CVAE is given to the regressor
pr(alz), where the regressor maps generate samples to their respective attributes. To generate the
synthetic unseen data, attributes of unseen samples and randomly sampled z have been provided
to the trained decoder.

generate samples Z on given z and attribute a, and (iii) a regressor (pr(a|Z)) to map z to their
predicted attribute a.

The proposed framework can be divided into two parts: 1) generation of OCD, and 2) utiliza-
tion of OBTL and CL to increase the separability between classes and to reduce the spread within
the class, respectively. Moreover, training the proposed framework has been divided into three
phases. In the first and second training phases, CVAE and regressor are trained and treated as

pre-trained models for the third training phase.

4.3.1 Preliminaries

The proposed OBTL is a modified version of triplet loss. Along with triplet loss, center loss has
been widely utilized in the metric learning literature. Therefore, we first briefly introduce both loss

functions.

Triplet Loss: The triplet loss can be used to increase the inter-class distance and decrease the

intra-class distance. Mathematically, triplet loss can be represented as:

Lo 0 ) = D (1 = S = 11 = £+ o @)

=1
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where, f represents the embedded feature vector, £, is the triplet loss, and triplet (f*, f?, /™)
is a 3-tuple of anchor, positive, and negative, respectively. A positive sample belongs to the same
class as the anchor, and a negative sample is one that does not belong does not belong to the same
class as the anchor. « is a margin to control the distance between the positive and negative pairs.
1 . = max(0,.) represents the hinge loss function.

From Equation 4.1, it can be observed that £;(f%, f?, f*) > 0 only if ||f* — f?||> + a >

||f* — f"||3. Therefore, hard triplet' mining is an essential step to minimize triplet loss.

Center Loss: Mapping a sample to their attributes has been used to find a solution for the ZSL
problem. To learn the mapping of different samples to the attribute of a class, the standard deviation
of a class distribution in the attribute space should be minimal. Therefore, center loss [273] and
regressor loss [129] have been utilized to minimize the deviation from the center. As shown in
Figure 4-2, regression pg(a|x) tries to map the approximated Z to a. Minimizing the center loss is
required for the over-complete distribution since hard samples increase the standard deviation. For
the deviation of samples from the center of the distribution, the discriminative classifier is trained

with center loss Loy

1 S+U
Lor =3 > e — 2713 (4.2)

c=1

where, x. is a sample of class ¢, and a:CCT is a learned center of the class c.

4.3.2 Over-Complete Distribution (OCD)

The primary task of the decoder (shown in Figure 4-2) is to generate or approximate a distribution
closer to the real unseen data. Since simulating the behavior of real unseen distribution is a chal-
lenging problem, we first propose to generate OCD for a class and visually show that the generated
OCD simulates the behavior of the real unseen distribution.

Using the given distribution, OCD is generated by mixing a finite number of multiple Gaussian

distributions [207] while shifting the mean towards other classes. If the distribution is unknown (in

'Inter-class distance D, (distance between anchor A and negative sample N) should be maximized, and intra-
class distance D,y (distance between anchor A and positive sample P) should be minimized. If D;,ter < Dintra
then triplet < A, P, N > is a hard triplet.
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Figure 4-3: Illustration of over-complete distribution generation while generating hard samples
between two classes.

the case of unseen classes), the distribution of the class can be approximated by using generative
models. The parameters of approximated distribution from the variational inference of a class are
represented as ju, o and for the over-complete distribution are poc, oo, and ooc > 0. We have
termed it over-complete since the real distribution of a class might lack hard samples for each class
of the database.

As shown in Figure 4-3, creating the OCD for a class implies having all the possible hard
samples generated closer to other class distributions. Let X and Xo¢ be the approximated unseen

distribution and over-complete distribution, respectively.

~

X = pe(x|N(unp,onp),a) and Z = pg(2li) where & ~ X, p¢, oz (43)

Xoc = pa(x|N(noc,oyp),a), where poc = 5
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Equations 4.3 and 4.4 represent the over-complete distribution process. Here, pg(.) is a gen-
erator module of the pipeline. jip, and oy p are hyper-parameters for normal distribution. 1, ¢
and 0, x are mean and standard deviation obtained while encoding the data X into the latent space
2. In Equation 4.4, o, p is a hyper-parameter, and j is a randomly sampled index variable for the

shuffling of the parameter /1, ¢. In both the equations, N(.) is a Gaussian distribution generator.

In the first part of Equation 4.3, distribution of unseen classes, X , 1s generated by randomly
sampling z ~ N (puyp,onp) having pyp, oy p as parameters of the distribution and unseen class

attributes a. In the second part of Equation 4.3, Iy % and o ; are estimated by using the encoder

z|
module pg(.).

The first part of the Equation 4.4 represents the generation of over-complete distribution Xoc
in which latent variable z ~ N (uoc, 0y p) is randomly sampled from the Gaussian distribution,
where, mean of the distribution pp¢ is estimated by the average of the current and each competing
class. For example, on a given batch of , j is an index variable ranging from 1, ..., batch size and
is randomly sampled without repetition.

In our approach, the decoder/generator Pg(z|z,a) is conditioned on attributes and used in
Equations 4.3 and 4.4. In ZSL problems, attributes are assumed to be a good representation of a
class and are separated in the attribute space. Within a class, if a sample is away from the center
of the distribution, then it can be considered a hard sample. However, the attributes of the sample
should be the same as the attributes of a class. Therefore, while generating OCD, attributes of a
class are kept unchanged. On the other hand, the latent variable z has been changed based on the

mean parameter of other classes.

Visualization of the Distributions: As shown in Figure 4-4(a), in the real distribution of unseen
classes, some of the samples are closer to another class distribution. As shown in Figure 4-4(b), the
unseen distribution predicted/generated via CVAE is well-separated. If the generated distribution
fails to mimic the behavior of real distribution, then utilization of such distribution might not be
useful in the training phase. Usually, the discriminative classifier trained on such distribution
performs poorly on unseen classes. On the other hand, learning class separability by maximizing
inter-class distance and minimizing intra-class distance might provide a viable solution when the
behavior of the training set is close to the test set. In the case of ZSL, distribution is unknown, and

approximating unknown distribution where latent variables are sampled from Gaussian distribution
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Figure 4-4: Illustration of synthetically generated distributions (a) and (b) for unseen classes of
the AWA2 database. (c) is a real unseen distribution of the AWA?2 database. Different colors of
distribution represent different classes of the AWA?2 database when the PS protocol has been used.
The distribution plot shows that (b) is a closer representation of the real unseen class distribution
(c). (Best viewed in colour)

creates blind spots in the feature space. As observed in Figure 4-4(b), the blind spot is the place
where samples are not present, and training a classifier on such separable data would not ensure
the model learns transformation so that the real unseen distribution would be separated. Figure 4-
4(c) illustrates the OCD, which is an approximated distribution of unseen classes while generating
hard samples via CVAE. Experimentally, we have shown that training using such distribution can

improve classification performance.

4.3.3 Applying Loss Functions to Train the Proposed OCD-CVAE Frame-

work

We propose to train OCD-CVAE framework in three phases. In the first phase, CAVE loss Loy ag,
is optimized. In the second phase, OBTL loss along with center loss, i.e., Loprr + Lo, 18
minimized. The trained model is then utilized as a pre-trained model for the third phase, where we
propose training the regressor on the generated OCD while minimizing the OBTL and CL losses.
The embedding space created from the output of the regressor increases the inter-class distance

and reduces the intra-class distance.
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Online Batch Triplet Loss to Maximize Inter Class Distance

In the ZSL problem, generative classifiers suffer from the challenges of bias towards the seen
classes. As shown in Figure 4-3, the generated hard samples between two classes lead to generating
OCD for a class. The approximated OCD is then utilized for training a discriminative classifier
for triplet loss minimization. Selecting N; hard triplets in offline mode requires processing all
the generated triplets in a single epoch, which is very challenging in real-world ZSL settings.
Therefore, proposed Lopr; minimizes the generated triplets for every batch while training the
model. Lopry is optimized in a manner similar to £; as defined in Equation 4.1.

Processing one batch and generating triplets would reduce the total training time of the deep
model®. The proposed OBTL loss is inspired by the online triplet loss [6]. Generating triplets
batch-wise reduces the search space to find hard negative samples. Synthetically generating hard

negatives can improve the learning process of the deep model.

Learning Phase of the Proposed Model

As shown in Figure 4-2, the learning phase of the proposed framework can be divided into three
phases. In the first phase, encoder followed by decoder CVAE is trained using KL-divergence
and conditional marginal likelihood. In the second phase, regressor/classifier is trained using the
proposed OBTL along with CL. In the third phase, the decoder/generator and the regressor have
been trained while minimizing OBTL, CL, and discriminator driven losses [129].

Let the training set contain ‘S’ seen classes and the testing set contain ‘U’ unseen classes,
where their respective class attributes are represented as {a. fle where, a. € RY, L is the length of
attributes. Training Dg and testing Dy, sets can be represented as the triplet of data, attributes, and
label { X, as, v, }5_, and { X, ay, v, }7_,, respectively. On the aforementioned settings, ZSL algo-
rithm aims to build a classification model on Dg which can learn a mapping function f : Xy — Vu
where, Xy = {X,}U_, is a set of unseen samples and Yy = {,}"_, is the corresponding class

set [2, 133].

%For instance, we have 20 samples per class from 10 classes in the dataset. Selecting every combination of 2
images from each class for the anchor and positive images and selecting a hard-negative from the remaining images
gives 10 x (C3°) = 1900 triplets. Despite 200 unique samples, it requires 19 forward and backward passes to process
100 triplets simultaneously. In OBTL, these embeddings are mapped to 1900 triplets that are passed to the triplet loss
function, and then the derivative is mapped back through to the original sample for the backward network pass - all
with a single forward and single backward pass.
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First phase of training: In the first phase of training, CVAE is trained on Dg, where the input
sample is x; for the encoder which encodes the latent variable z;. The encoded variable is appended
with the attributes a; of the corresponding sample. The appended latent variable [z;, a;] is then
provided to the generator module that generates the outputs z; for a particular distribution close to
the input provided to the encoder module. Trained CVAE allows the decoder to generate synthetic

data on given attributes a. The CVAE loss Loy 4 can be defined as:

Lovap = _EPE(z\x))p(a\:c) Uogpc (‘ﬂz’ CL)] + KL(pE(Z|x)||p(Z)) (4.5)

where, —E,; b (1090 (£]2, a)] is the conditional marginal likelihood and K L(pg(2|7)||p(2))
is the KL-divergence. Inspired from [102], the joint distribution over the latent code [z, a] is fac-

torized into two components pg(z|x) and pr(a|z) as a disentangled representation.

Second phase of training: In the second phase of training, the regressor is trained on Dg while

minimizing two the losses

Helin Loprr + Lot (4.6)
R

The regressor is trained to improve the mapping of generated synthetic data to the corresponding

attribute.

Third phase of training: From the first phase, we obtain 6 (the generator parameter), which is
used in the third phase of training. In the third phase, loss £.(0¢) is based on the discriminator

prediction, and Lg.,(f¢) is used as a regularizer.

Lo(0c) = —Epgalzapp@[l0g pr(ald
(0c) pa(@lza)p(z)p(@ 109 Pr(alT)] (4.7)

Lreg(0c) = —Epeppalog pa(ilz, a)]

This regularization is used to ensure that the generated OCD from the generator produces class-

specific samples even if z is randomly sampled from p(z). The complete objective function of the
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third phase can be represented as:

Gl_’Illen ()\C"CC + )\reg~£Reg + ‘COBTL + ‘CCL) (4'8)
GHYR

where, A, and A,., are the hyper-parameters.

4.3.4 Implementation Details

Experiments are performed on a 1080Ti GPU using Tensorflow-1.12.0 [1]. Hyper-parameters for
CVAE learning: A\. = 0.1, Ag = 0.1, A,y = 0.1, and batch size = 256. To generate hard samples,
the value of hyper-parameters jiyp, oyp and U}I p in Equations 4.3 and 4.4 are 0, 0.12, and 0.5,
respectively. In our experiments, the size of p is 256 x 100, and row-wise shuffling is performed.

For reproducibility, we will release the model files of the proposed algorithm.

4.4 Experimental Results and Analysis

The proposed framework is evaluated on both ZSL and GZSL settings and compared with recent
state-of-the-art algorithms for both. This section briefly presents the databases and evaluation
protocols, followed by the results and analysis on the AWA2 [134], CUB [272], and SUN [196]

benchmarking databases.

4.4.1 Database Details

The statistics and protocols of the databases are presented in Table 4.1. All databases have
seen/unseen splits and attributes of the corresponding classes. The Animals with Attributes2
(AWA?2) [134] is the extension of the AWA [133] database containing 37, 322 samples. The num-
ber of classes (50) and size of the attribute vector (85) are consistent with AWA. Human experts
manually mark the 85 dimensional attributes. The Caltech UCSD Bird 200 (CUB) [272] database
contains 11, 788 fine-grained images of 200 bird species. The size of the attribute vector is 312.
The SUN Scene Classification (SUN) [196] database contains 14,204 samples of 717 scenes. It

has an attribute vector of 102 length.
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Table 4.1: Databases used in the experiments.

Dataset | Seen/Unseen Classes | #lmage | Attribute/Dim
SUN 645/72 14340 A/102
CUB 150/50 11788 A/312

AWA2 40/10 37322 A/85

4.4.2 Evaluation Protocol

In ZSL, OCD for unseen classes have been generated and utilized to train the proposed OCD+CVAE
framework. The results are reported on both standard split (SS) given by Larochelle et al. [135]
proposed split (PS) given by Xian ef al. [280] protocols. Unseen class classification accuracies
have been reported in Table 4.2 for both PS and SS protocols. For GZSL, the seen classes of the

dataset are divided into 80-20 train-test ratio to obtain X2

train

and X7, sets. S+ U is a set used for
the training where the generator module of the proposed framework has synthetically generated U'.
The model is tested on XV and X} ,. In GZSL, as defined in the literature, average class accura-
cies of protocol A and B are reported in Table 4.4. Protocol A is an average per-class classification

accuracy on X

tes

., Where, a classifier is trained on S + U classes (A : U — S + U). Protocol B is
an average per-class classification accuracy on X}, where, a classifier is trained for S + U classes
B : S — S+ U). The above mentioned protocols are predefined for AWA2 [134], CUB [272],
and SUN [196] databases and widely used to evaluate ZSL/GZSL algorithms.

4.4.3 Conventional Zero-Shot Learning (ZSL)

Table 4.2 summarizes the results of conventional zero-shot learning. The train split of all three
datasets has been used to optimize the proposed framework. Synthetic hard samples are gener-
ated between unseen classes for the ZSL problem. The classification accuracies obtained on the
PS protocol on AWA2, CUB, and SUN databases are 71.3%, 60.3%, and 63.5%, respectively.
The proposed framework has improved the state-of-art performance on AWA2, SUN, and CUB
databases by 1.8%, 0.7%, and 0.1%. The McNemar Test [170] estimates whether this difference
is significant. Keeping a significance threshold of 0.05, or 5%, we observed that the null hypoth-
esis is rejected for AWA?2 and CUB databases. However, the null hypothesis has been accepted

for the SUN database; thereby, the difference is statistically significant in the case of AWA2 and
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Table 4.2: Classification accuracy (%) of conventional zero-shot learning for standard split (SS)
and proposed split (PS) [280]. (Top two performances are in bold)

AWA?2 CUB SUN
Method 55~ TPS S5 [PS |SS |PS
CONSE [185] 679 [ 4451367343 4423838
SSE [304] 67.5]61.0 (437439 545|515
LATEM [279] 68.7 558 49.4 493569 [ 553
ALE [2] 80.3 [ 62.5 | 53.2[54.9 [ 59.1 | 58.1
DEVISE [66] 68.6 | 59.7 [ 53.2 | 52.0 || 57.5 [ 56.5
SIE [3] 69.5 | 61.9 || 553 |53.9 || 57.1 | 537
ESZSL [208] 75.6 | 58.6 || 55.1|53.9 || 57.3 | 545
SYNC [28] 71.2 | 46.6 || 54.1 | 55.6 || 59.1 | 56.3
SAE [123] 80.2 [ 54.1 [ 33.4 333 42.4 [ 403
SSZSL [83] RE 558 - RE
GVRZSC [20] - |- 60.1 [ - - |-
GFZSL [258] 79.367.0 [[53.0 | 49.2 [ 62.9 | 62.6
CVAE-ZSL[175] |- [658[ - [521(- 617
SE-ZSL [129] 80.8 | 69.2 | 60.3 | 59.6 || 64.5 | 63.4
DCN [153] RE 55.6 562 || 67.4 | 61.8
JGM-ZSL [71] - [695] - [549] - [590
RAS+cGAN [300] | - |- - [526]- 617
Proposed 81.7 [ 71.3 [ 60.8 | 60.3 [ 68.9 | 63.5
Current Methods
CCD [72] |- 767 - |803]- 645

CUB databases. On the other hand, it is insignificant in the case of the SUN database. For the SS
protocol, the classification accuracy on AWA2, CUB, and SUN databases are 81.2%, 60.8%, and
68.4%, respectively. In general, the proposed algorithm yields one of the best accuracies across

the three databases compared to several existing approaches.

4.4.4 Ablative Study

The proposed framework OCD-CVAE has utilized multiple loss functions for improving the per-
formance of ZSL/GZSL. An ablation study is conducted to evaluate the effectiveness of each of
the components individually and in combination. Table 5.11 summarizes the results of five set-
tings thus obtained OCD+OBTL+CL yields the best results followed by OCD+OBTL. It can be

observed that only applying OBTL is performing poorly, and the primary reason is not to have
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Table 4.3: Ablative study on 3 datasets with the PS protocol. The reported values are classification
accuracy (%).

AWA2 | SUN | CUB

OBTL 65.8 56.4 | 545
CL 65.3 56.2 | 53.7
OCD+OBTL 70.9 62 60.5
OCD+CL 66.5 57.6 | 56.8
OCD+OBTL+CL | 71.3 62.1 | 60.9

Table 4.4: Average per-class classification accuracy (%) of generalized zero-shot learning when
test samples can be from either seen (S) or unseen (U) classes. A: U—S+U, and B: S—S+U.
(Top two performances are highlighted)

AWA2 CUB SUN

Type Method A [B |H |A [B [H |A [B [H

CONSE [185] 05 [906 1.0 |16 [722]3.1 |68 |399] 116
= [ SSE[304] S1 | 825|148 85 |469 | 144 | 2.1 | 364 | 40
3 [SED] 80 | 739 | 144235 | 592 | 33.6 | 147 | 305 | 198
= [ESZSL [208] 50 | 77.8 | 11.0 | 12.6 | 638 | 21.0 | 11.0 | 279 | 158
¢ [SYNC[2§] 100|905 | 18.0 | 115|709 | 198 | 7.9 | 433 | 134
5 [SAE[123] 1 82222 |78 | 54013688 | 180 118
2 [ LATEM 279] 115|773 200 | 152 | 573 | 240 | 147 | 288 | 19.5
& [ALE[2] 140 | 818 | 230 | 23.7 | 62.8 | 344 | 21.8 | 33.1 | 263
£ [ DCN[I53] — |- |- 284607387 255370302
% [COSMO+LAGO [8] | 52.8 | 80.0 | 63.6 || 44.4 | 57.8 | 502 | 44.9 | 37.7 | 41.0

DEVISE [66] 171|747 | 278 || 23.8 | 53.0 | 32.8 | 169 | 274 | 20.9

CVAEZSL 1751 |- |- |512]- |- [345]- |- 267
2 [SE-GZSL[129] | 583 | 68.1| 628 || 415 | 533 | 46.7 | 409 | 305 | 349
€ [JGM-ZSL [71] 56.2 | 71.7 | 63.0 | 42.7 | 45.6 | 44.1 | 444 | 309 | 365
> [FCLSWGAN[SI] |- |- |- |/ 437|517 497 | 426|366 | 394
2 [RAS+GAND00] |- |- |- 315402353 412|267 | 324
§ [CADA-VAE[220] | 558 | 750 | 639 | 516 | 53.5 | 524 | 47.2 | 35.7 | 40.6
£ [ GDANTIO5] 32.1| 67.5 | 435 | 39.3 | 66.7 | 49.5 | 38.1 | 89.9 | 53.4
G [Proposed 59.5 | 73.4 | 65.7 | 448 | 59.0 | 51.3 || 44.8 | 420 | 438

Current Methods

MSDN [31] 62.0 [ 74.5 | 67.7 [ 68.7] 67.5 [ 68.1 [ 52.2 [ 34.2 [ 41.3

HSVA [32] 59.3 | 76.6 | 66.8 || 52.7 | 58.3 | 55.3 | 48.6 | 39.0 | 433

CCD [72] 68.0 | 82.7 | 74.6 | 73.1 | 78.9 | 759 || 439 | 44.6 | 442
I | SRWGAN [61] 725 894 | 80.1 | 63.7 | 78.9 | 702 | 652 | 515 | 57.5
T | SRWGAN [61] 81.2 | 92.9 | 86.6 | 653 | 79.1 | 71.6 | 688 | 51.8 | 59.1

71



sufficient hard samples for the OBTL loss function to backpropagate the gradient.

4.4.5 Generalized Zero-Shot Learning (GZSL)

In GZSL, the testing samples can be from either seen or unseen classes. In Table 4.4, average

per-class classification accuracy for the protocols A and B have been reported. The final accuracy

is the harmonic mean of accuracies (represented as H), which is computed by 2 x iig' This
is a challenging setting where the train and test classes are not entirely disjoint, but the samples
of the train and test sets are disjoint. Hence, the possibility of overlapping distribution and hard
samples increases in the test set. Most of the ZSL algorithms perform poorly on GZSL. We assert
that addressing this GZSL requires learning separability in the embedding space (output of the
regressor).

Table 4.4 summarizes the results of existing algorithms on the three databases in GZSL set-
tings. The algorithms are segregated into non-generative and generative models. Among the non-
generative models, COSMO+AGO [8] yields the best performance. Considering all the algorithms,
it can be observed that utilizing the approximated distribution of unseen class by generative mod-
els performs better than non-generative models. The proposed method also utilizes CVAE based
generative model. We postulate that generating OCD on the train set and utilizing it to optimize
the proposed framework leads the network to better generalize on the test set.

It can be observed from Table 4.4 that the proposed framework improves state-of-the-art har-
monic mean accuracies H on the AWA?2 dataset by 1.8%. The proposed algorithm is among the
two best-performing algorithms on the SUN and CUB databases. It is worth mentioning that the
GZSL is a challenging problem, and none of the algorithms have consistently outperformed on all

three databases.

4.4.6 Hyper-Parameter Selection

Figure 4-5(a) shows the performance with increasing synthetically generated samples. It can be
observed that when OCD is not used for training the regressor, increasing the number of samples
does not affect the performance. With the use of OCD, generating 400 to 600 samples leads to im-

proved performance. Tto determine the value of oy, in Equation 4.4, we have explored the range
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Figure 4-5: Accuracy plots on varying (a) the number of samples and (b) standard deviation on the
AWA? dataset.

of o » from 0.05, to 0.95. As shown in Figure 4-5(b), it can be observed that the best performance
has been achieved on 0.5 standard deviation. The value of ogp is chosen from a standard normal
while o’ is computed using the PS split train set. The results in Figure 4-5 also demonstrate that
the chosen value (0.5) yields the best results. Most of the hyper-parameters are kept consistent
with Verma et al. [129]. In OBTL loss, o parameter is computed during optimization on the train

set and is set as 0.4.

4.5 Summary

This paper addresses the challenge of Zero Shot Learning and Generalized Zero Shot Learning.
We propose the concept of over-complete distribution and utilize it to train the discriminative
classifier in ZSL and GZSL settings. The over-complete distribution is defined by generating all
possible hard samples for a class closer to other competing classes. Experimentally, we have
shown that learning a classifier on separable distribution would not generalize on test samples with
the class-overlapping distributions. We have observed that over-complete distribution is helpful
in ensuring separability between classes and improving classification performance. Experiments
on three benchmark databases show that the proposed approach yields improved performance.

The concept of OCD can also be utilized in other frameworks, such as Generative Adversarial
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Networks, along with optimizing inter-class and intra-class distances.
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Chapter 5

Guided DropBlock and Filter Augmentation

in CNNs for Data Constrained Learning

“A blocked path also offers guidance.”

— Mason Cooley

5.1 Introduction

Data-driven applications strive to automate a variety of real-world challenges by deriving insights
and making decisions based on data. However, numerous real-world scenarios are still uncharted,
particularly in resource-restricted environments, as highlighted in various studies [143, 265, 286].
These settings often face constraints regarding computational/hardware resources and data acces-
sibility [136]. Hardware limitations may arise due to a lack of computational resources, such as the
absence of GPUs or restrictions in network connectivity from edge computing devices to the cloud,
often for security reasons associated with edge devices [252]. Conversely, the issue of data scarcity
can result from the inherent characteristics of certain applications, such as the identification pro-
cesses in newborns and pre-post cataract surgery scenarios, or limitations in the sensing devices
themselves. This scenario presents a significant hurdle, as having sufficient high-quality training
data is a crucial prerequisite for constructing deep learning systems. Over time, as advancements

in research have occurred, meeting this prerequisite has become imperative for developing high-

75



performing deep learning models [91, 103].

Training deep learning models in a data-constrained environment (i.e., the training set has
a limited number of samples) often results in a skewed distribution of gradients as the mod-
els struggle to fine-tune their millions of parameters. Consequently, these deep models exhibit
poor generalization and convergence when applied to tasks with fewer samples in the dataset.
This issue is particularly noticeable in scenarios such as small object detection [291], budgeted
data classification [64], multi-task learning [277], high-resolution mapping [144], text to signa-
ture transformations [251], and distributed semi-supervised learning [154]. A variety of strategies
have been proposed to mitigate the challenges posed by data-constrained environments. These in-
clude adjusting the adaptive learning rate [151], facilitating the transfer of learnable features [156],
implementing rotation equivariant CNNs [257], augmenting the dataset to increase sample num-
bers [42, 127, 193, 215, 228, 239], utilizing models pre-trained on extensive datasets [118], adopt-
ing knowledge distillation techniques [92, 119], engaging in metric learning [75], and applying
regularization methods [73, 233]. These approaches aim to alleviate the undergeneralization issue

and enhance the performance of deep models in data-constrained scenarios.

Few-shot learning presents a unique challenge in data-constrained scenarios, where it is de-
fined as an m-shot n-way classification task. In this context, m represents the count of labeled
instances for each novel category, and n signifies the number of unfamiliar categories to be classi-
fied. Various strategies have been proposed to address this challenge, including approaches based
on probability density [172], metric learning [163, 259], memory augmentation [219], and the
generation of latent features [165]. A comprehensive review by [267] encapsulates the problem of
few-shot learning, pinpointing the main issue as the model’s poor generalization capabilities when
only limited samples are available. There are two principal strategies to navigate the constraints
imposed by limited data availability: A) augmenting the dataset to increase the number of samples
and B) implementing robust regularization techniques. These approaches enhance the model’s per-

formance, making it more adaptable and reliable even when operating under data scarcity.

A) Data Augmentation directly manipulates the data before it is inputted into the model, al-
lowing the model to extract relevant features from various transformations or perspectives of the

data. Common augmentation techniques encompass rotation, flipping, histogram equalization,
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Figure 5-1: Figure Illustration of differences between DropBlock and Guided DropBlock. (a) an
input image for a CNN model. The yellow regions in (c¢) and (d) include the activation units, which
contain semantic information about cows shown in the input image (a) and the activation map (b).
(c) In DropBlock, continuous regions containing semantic information like head or feet can be
removed. If the object’s size varies (as shown in (a), which has four cows at different distances,
hence different sizes within an image), then dropping a random block can drop the whole object or
miss it. Thus, it will lead to inefficiency in dropping semantic information. (d) Proposed Guided
DropBlock, where continuous regions are selected from the active features shown in feature map

(b).

cropping, CutMix, MixUp, and pixel corruption [161] operations. Enhancements in model per-
formance are consistently observed across the board when these approaches are employed, as

they enable the model to capture variability properties from both the original and augmented data
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sets [43, 62, 148]. Nevertheless, it’s crucial to note that CNNs generally struggle to handle vari-
ations in object views, often misclassifying objects when they appear in rotated forms [4]. There
has been an exploration into adjusting the orientation and scale of filters [40, 74], aiming to equip
CNNs with the capability to better recognize and classify objects, regardless of their orientation or

scale in the input data.

B) Regularization plays a crucial role in mitigating poor generalization in deep learning models.
Various adaptations of the traditional dropout regularization method [233] have been introduced in
the literature. Among these, DropBlock [73] stands out as a regularization technique designed to
eliminate semantic information, making it particularly suitable for use after convolutional layers
in modern CNN architectures [125, 210, 264, 298]. To illustrate, consider Figure 5-1(a), which
depicts an image featuring four cows at varying distances and, consequently, different sizes. Fig-
ure 5-1(b) represents the corresponding activation map. After translating the activation map into
binary form, we derive the highlighted cells shown in Figure 5-1(c) and (d). In Figure 5-1(c), a3x3
block in the top-left corner is randomly chosen. In the standard DropBlock method, continuous
regions of the image, possibly containing vital semantic information like parts of the object, could
be randomly removed. This method can be less efficient, especially when objects vary in scale, and
the image has a significant background portion. To address these limitations, we introduce a modi-
fied version of the DropBlock regularizer named Guided DropBlock, aiming to enhance efficiency
through guidance. As depicted in Figure 5-1(d), Guided DropBlock selectively removes continu-
ous regions based on the active features highlighted in the feature map (Figure 5-1(b)), providing
a semantic guide for more effective information dropping. Moreover, we incorporate fine-tuning
a pre-trained model, freezing the initial layers of the CNN, and utilizing Guided DropBlock for

regularization to optimize performance.

Contributions: Fine-tuning a pre-trained model in data-limited environments (previously trained
on a comprehensive dataset) serves as a viable strategy to mitigate overfitting when data is scarce.
As illustrated in Figure 5-2(a), a model undergoes training on a source database abundant with data
adequate for training the model. Adapting the pre-trained model involves updating only the last few

layers, making it challenging to determine the optimal filters for the target database. Conversely, in
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Figure 5-2: Illustrating CNN and the structure of trained filters. CNN contains multiple convolu-
tional blocks followed by Fully Connected (F'C') and So ftmax layers. (a) Visualization of trained
filters in CNN framework, trained on the source database. (b) Visualization of three filter augmen-
tation operations on pre-trained filters along with two FC layers. FA1: is a 90° clockwise rotation
operation, FA2: randomly drops some of the weight in a filter after FA1, and FA3: is a conditional
operation applied when the condition is satisfied. Each Filter Augmentation (FA) operation leads
to training the corresponding feature vector shown in the first FC layer. All feature vectors are
combined via 1 x 1 conv layer and produce the second FC layer used as an input for the softmax
layer.

Target Database

our proposed framework, as shown in Figure 5-2(b), the pre-trained model undergoes fine-tuning
on the target dataset while undergoing three operations: FA1, FA2, and FA3', resulting in behavior

akin to an ensemble model. This research focuses on the following:

1. Extraction of pertinent features for the target database, even when filters are frozen, to pre-

vent overfitting due to limited data availability.

2. Addressing the research question: "Is it feasible to implement augmentation operations on
convolutional filters, enabling the extraction of apt features for the target database, even

with a scarce number of samples?"

3. We propose the integration of Guided DropBlock and Filter Augmentation (FA) within the
CNN framework, introducing minimal overhead through the application of augmentation

operations on filters.

'The number of FA operations can vary based on the selection of functions deemed suitable for the filters.
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4. To substantiate our claims, extensive experiments were conducted, yielding results across
seven databases and two real-world applications. Comparative analyses with existing state-
of-the-art algorithms were also carried out to demonstrate the effectiveness of the proposed

method.

5.2 Related Work

The related literature can be divided into two parts: 1) advancement in few-shot learning and 2)
architectural similarity-based approaches.

Advancements in Few-Shot Learning: Generally, few-shot learning protocols are defined in
terms of base and novel classes. Base classes usually have sufficient samples to train the model,
and novel classes have fewer training examples. Therefore, the model should be generalized
enough to perform well on novel classes. In literature, multiple promising solutions have been pro-
posed. [219] have suggested using a memory-augmented-based neural network. Their approach
utilizes gradient descent and slowly learns an abstract method for obtaining valuable representa-
tions of raw data and binding with a single presentation through an external memory module. [259]
have proposed a non-parametric solution for few-shot learning, which utilizes a neural network
(augmented with memory) and builds a function between small sample data to its classes.

[163] have utilized a CNN architecture and employed supervised and entropy losses to achieve
multi-level domain transfer. Specifically, they have a semantic transfer by minimizing the pairwise
entropy’s similarity between unlabeled/labeled target images [118] have proposed a strength-based
adaptation of CNN filters. While training, they froze the filters and learned only one parameter cor-
responding to each filter. The results showed improved performance and reduced the requirement
for extensive training data. [199] have proposed a structured margin loss with a context-aware
query embedding encoder and generates a highly discriminative feature space for discriminative
embeddings. Their proposed task-dependent features help the meta-learner to learn a distribution
over tasks more effectively.

[101] have proposed a novel transfer-based method that builds on two successive steps: 1)
transform the feature vectors to Gaussian-like distributions, and 2) utilizing this pre-processed

vectors via an optimal-transport inspired method which uses the Wasserstein distance [44]. [168]
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have proposed an S2M?2 framework that learns relevant feature manifolds for few-shot tasks us-
ing self-supervision and regularization techniques. They observed that regularizing the feature
manifold, enriched via self-supervised methods, with Manifold Mixup significantly improves the

performance of few-shot learning.

[306] have suggested utilizing adaptive kernels with random Fourier features in the meta-
learning framework for few-shot learning called MetaVRF. They have formulated the optimization
of MetaVRF as a variational inference problem and proposed a context inference of the posterior,
established by an Long Short-Term Memory Networks (LSTM) architecture to integrate the con-
text information of the previous task. [229] have proposed a framework by introducing subspace-
based dynamic classifiers that use few samples. They have experimentally shown the efficacy of
the proposed modeling on the task of supervised and semi-supervised few-shot classification. [284]
have submitted Task-specific Discriminative Embeddings for Few-shot Learning (TDE-FSL) via
utilizing the dictionary learning method for mapping the feature to a more discriminative subspace.
It allows them to use unlabeled data. They obtained excellent performance on five benchmark im-

age datasets.

Architectural Similarity: Analyzing the filters while applying operations such as orientation,
scale, and structural change are widely utilized in computer vision [78] and now used to study
CNN filters as well [290]. We want to mention some of the regularizations that could be related
to “filter augmentation”. In the filter augmentation, operations on the filters have been applied
that change the network architecture and require a dedicated feature vector in the FC layer. [39]
have proposed Group equivariant CNNs (G-CNNs) where a new layer called G-convolution has
been used. In this new type of convolution, reflection, rotation, and translation operations have
been utilized to have robust features. Extending the work of G-CNNs, Cohen, and Welling [40]
have proposed steerable CNNs where a cyclic shift of convolutional kernel can extract rotation-
invariant features. Similarly, [74] have utilized scale-steerable operation on the filters to make the
CNN scale and rotation invariant.

[113] have proposed a locally scale-invariant CNN model and shown improvement on the
MNIST-scale dataset. In some cases of filter augmentation, operations are not directly affect-
ing network architecture and do not require a dedicated feature vector in the FC layer such as

dropconnect [262], dropout [233] and its variants [9, 68, 116, 121]. Patch Gaussian Augmenta-
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Figure 5-3: Illustration of filter augmentation operations in 3 x 3 filters: (a) Visualization of eight
anti-clockwise rotation operations of intervals 45°, (b) horizontal and vertical flip operation, (c)
randomly drop some of the weight in a filter, (d) channel shuffling operation, (e) learning strength
of filters.

tion [161] regularizers behave as an ensemble of filter augmentation operations when the deep
models are trained for many epochs. Apart from filter augmentation operation, model adaptation

is also widely used when the target database has limited samples [52, 223].

5.3 Proposed Guided DropBlock and Filter Augmentation

In this research, we introduce two novel contributions: 1) Guided DropBlock, a new regulariza-
tion technique, and 2) filter augmentation, which involves applying transformations to pre-trained
or previously learned filters. The proposed filter augmentation (FA) technique encompasses five
distinct operations: 1) variation in strength, 2) rotation, 3) flipping, 4) channel shuffling, and 5)
random elimination of filter weights. These proposed FA operations are visually depicted in Fig-
ure 5-3. This section is structured to provide preliminary information first, followed by detailed
descriptions of the proposed Guided DropBlock, filter augmentation, and the associated imple-

mentation specifics.

5.3.1 Preliminary

Dropout is a prominent and extensively utilized regularization technique to address overfitting [233],
with numerous variations introduced in subsequent literature. DropBlock [73] represents a novel

iteration of this concept, tailored for semantic-aware learning applications. This method is specifi-
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cally intended for use following the convolutional layer, where it operates by randomly eliminating
block(s) of semantic information from the 2D input.

Dropout and DropBlock: In dropout [233], some of the nodes from the hidden layers are
dropped at every epoch with probability (1 — ). Let ¢ be the ¢*" layer of a network, where the
value of ¢ ranges from 0 to L, ¢, represents the input layer, and L is the number of hidden layers.

Let the intermediate output of the network be z(*).

dvj(é-i-l) _ 7}(-”1) o a§e+1) 5.1)

where, a§e+1) = f(zj(“l)), and z](-ZH) = wj(»gxtl)af + bg-“l). i€[l,...,Nip],and j € [1, ..., Ny are
index variables for N;, and N,,; at the (¢ + 1) layer, respectively. f(.) is the ReLU activation
function. The conventional dropout randomly drops nodes using Bernoulli distribution, where a
is the masked output, (¥ is the intermediate output, ® is the element-wise multiplication, and r(®)
is the dropout mask sampled from Bernoulli distribution.

In case of “DropBlock”, the outputs a has been modified by r ® a, where, r, and a are four-

dimensional tensors. r is randomly sampled from Bernoull: distribution such that selected pixels

of the features map along with neighboring pixels are dropped in a block-wise manner [73].

5.3.2 Guided DropBlock

First, we establish a connection between traditional dropout and “Filter Augmentation”, demon-
strating that DropBlock serves as an innovative approach to implement FA on convolutional filters.
Subsequently, we delve into the functionality of “Guided DropBlock,” which we introduce as a
novel filter augmentation method. This technique is employed to train the model, as illustrated
in Figure 5-3(h). The dropout Eq. 5.1 can be rewritten as: @MH) = r](“l) of (wﬁ@l)af). The
Bernoulli variable r is element-wise multiplied by the output of function f. Directly modifying

the weight parameter 1" with dropout mask r, the equation can be further derived as:

W i =1
dvj(€+1) — f(W’;EH)af), W/ — Zf " (5.2)
0 if r=0
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Algorithm 2 Guided DropBlock

Input: output of ¢*" layer is A, block_size, drop_prob, mode
Output: masked output of A

if mode == Inference then
| return A

else
mask M; ; : A > mask_th

list= fZTld(MLJ == 1)
drop_list = Random(list, drop_prob) ; // randomly select n items from
list with drop probability p
while i’,j’€ drop_list do
k,l=spatial_square_mask_index (i, j', block_size)

Mkj =0
end
A=AxM
A = A x count(M)/count_ones(M)
end
where, W’yﬂ) = r](“l) ® WJ(-EH) and W; is the column vector w;, V 7. In the case of

convolution operation, the modified filters can behave as a conditional operation over Bernoulli
variable r as described in equation 5.2.

Dropout is not commonly utilized following the convolutional layer. This is primarily due to
the lack of semantic information at this stage, and the random elimination of pixel data may not
effectively contribute to the variability in the sample. To overcome this limitation, Ghiasi et al. [73]
introduced DropBlock, a novel approach that systematically eliminates semantic information from
feature maps in a block-wise fashion. This can be advantageous when the blocks removed contain
partial object information. However, the method may not be as effective if it removes blocks
that predominantly contain background information. To address this issue, we propose leveraging
the feature maps to create a mask highlighting crucial activated regions. This mask is then used
to guide the block removal process, ensuring that the blocks dropped contain crucial semantic
information. We refer to this approach as “Guided DropBlock”.

Algorithm 2 describes the proposed Guided DropBlock. Let A = af, block_size be the height
and width of a spatial square mask with the center M, ;. M; ; has been derived from the masking

of A by iteratively scheduling masking threshold (mask_th) at every epoch. M, is set to be zero
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based on randomly selected block{k, ¢}. The function Spatial_square_mask_index() takes a
block as input and returns a list of all pixel locations of the block?®. Finally, generated M is applied

to mask the feature map A. After that, A is normalized by the total number of ones in M.

5.3.3 Filter augmentation (FA)

FA enhances the diversity of filters by applying a series of operations to the existing ones, which
can be derived from predefined mathematical functions [197] or pre-trained CNN models [290].
This paper delves into various innovative operations to manipulate pre-trained CNN filters. FA
operations can be integrated into each training epoch, transforming the resulting model into an
ensemble of multiple classifiers influenced by different augmentation operations applied to the
filters. This approach is particularly beneficial when adapting pre-trained models to a limited
dataset that significantly differs from the source data. Previous work has introduced steerable CNN,
which generate filters through rotational operations and initialize them at the outset. However,
this method incurs a computational overhead, requiring n times more learning parameters at each
convolutional block for n steerable functions and, consequently, n times more resources to train
the model. In contrast, this research proposes incorporating an augmentation module within the
convolutional block of CNN models, empowering the network to learn invariant features tailored
to the augmentation methods. Although the proposed method applies to any CNN model, this
paper focuses on two specific ResNet architectures, 50 and 101. It is important to note that since
this research emphasizes data-constrained environments, more parameterized ResNet architectures
are not preferred. As shown in Figure 5-4, (a) represents the conventional training of the ResNet
model, and (b) proposed framework for the ResNet model in which every convolutional block has
a filter augmentation module (< F'A >).

An infinite number of filters can be generated by changing the values of pre-existing filters.
However, only some filters might be helpful for the target database. In this paper, six types of
augmentation methods have been considered: 1) Guided DropBlock 5.3.2 2) learning strength of
filters, 3) rotation operation, 4) flip operation, 5) channel shuffling, and 6) generating new filters

while dropping connections. The five operations, 2 to 6, can be directly applied to the filters and

2k (=Spatial_square_mask_index(i', j', block_size), where, i’ and j’ as a center-pixel of the squared block of
size block_size. k and ¢ have a list of all pixel locations of the block
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Figure 5-4: Illustration of ResNet model and proposed fine-tuning phase: (a) represents the con-
ventional training of the ResNet model, (b) Proposed framework for fine-tuning of ResNet model
in which every convolutional block has filter augmentation module (< F'A >). While fine-tuning
the model, convolutional blocks are frozen, and only the Fully Connected (FC) layer has been
trained along with augmentation operations.

likely cover most ways of generating new filters from existing ones. For example, a 3 x 3 filter can

only have eight new filters by applying rotation operation.

Similarly, horizontal and vertical axes have been chosen to use the filter’s flip function without
changing the filter structure. Also, the strength learning operation allows us to have a new filter
while keeping the exact structure of the pre-trained filter [118]. Since filters are a 3D kernel, where
the depth of the filter is many channels, a new 3D kernel can be obtained by applying channel

shuffling; also, a new filter can be generated by changing any cell value of 3 x 3 filter.

Rotation operation: In the rotation operation (shown in Figure 5-3(a)), eight angles (6 €
[0°,45°, ..., 315°]) have been utilized to apply rotation on the convolutional filters. Out of eight

possible angles, any of the angles is applied on the filters anticlockwise. The 2D affine matrix has
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been computed to find the transformed index variable i’ and ;' and used to obtain the rotated filters.

M= a B (I1—a)Xw —fFXws (5.3)
-0 a Bxw +(1—a)Xw

1 7
il =Mx | (5.4)
1 1

where, a = sxcos(f), 8 = sxsin(f), and s is the scaling parameter. i and j are index variables
of the w;y; parameter known as height and width for 2D filters, where, i € [0, ..., height] and
j€[0,..., width).

Flip operation: Two horizontal and vertical flips have been utilized (shown in Figure 5-3(b)).
In case of horizontal flip, w;; can be written as w; ;, where, 5’ € [width, ..., 0]. Similarly, in the

case of a vertical flip, the obtained filter is w;;, where ¢’ € [height, ..., 0].

Learning strength of filters: In this type of operation (shown in Figure 5-3(e)), an augmented
filter is generated by learning the strength of a filter and scaling the filter by element-wise multi-

plication and mathematically can be represented as W' =t ©® W [118].

Channel shuffling: CNN filters are defined in four-dimensional tensor w;y jxcxn, Where, 4, 7,
¢, and n are height, width, number of channels, and number of filters, respectively. To apply the
channel shuffling operation on the 4D tensor, channel index variable c has been shuffled to obtain

¢ = shuf fle(c) (shown in Figure 5-3(d)).

Randomly drop filter weight(s): Unlike the dropout regularization, dropping weights are
similar to dropconnect [262] which is directly applied on weights of CNN filters. Mathematically,
it can be expressed as: c’[j(Hl) =f ((7‘](»@1) © w](-itl))af), where, r is randomly sampled from
Bernoulli distribution and the dimension of r is same with weight parameter W. In dropping filter
weight (shown in Figure 5-3(c)), randomly sampled Bernoullt variable r;,; is applied on w; ;.

It can be observed that applying drop-connect operation on the weight of filter w generates new

filters as a feature extractor, which leads the network to extract robust features from the sample.
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5.3.4 Fully Connected Layer and loss function

As shown in Figure 5-4(b), each filter augmentation operation creates a new classifier, and the
output feature vector m represents numerical scores (pre-softmax logits). We are assigning f :
R? s R™ to represent a basic classifier that receives a d-dimensional input. These m-dimensional
feature vectors are combined by 1 x 1 conv layer®, mathematically it can be represented as f(x) =
Zf:o W, x Al(f(x)) where, f and f are the output of ensemble of classifiers after applying A’
augmentation and a selected classifier when no augmentation A° applied, respectively. The feature
vector of the individual classifier then fuses with either averaging all logits [1FC] or using the
second FC layers [2FC]. In all the experiments, both settings are used to compute the performance
and compare with SOTA methods. k is the number of augmented filters operations, V; is the weight

associated with each feature vector. In case of [1FC], W, is a uniform distribution % y = f(x)
will lead the model to smooth the decision boundary and essential while finetuning a model on the
target dataset. The output of the FC layer is embeddings for the softmax layer. The loss function for

. _ exp(yn,c)
the model can be written as L(y,c) = goclog—zicz R

, where, vy is the logits for the softmax
layer, at [ = 0 means un-augmented classifier. c is the target, ¢ is the weight, C' is the number of

classes, and NV spans the mini-batch dimension.

5.3.5 Why Filter Augmentation Work on Data Constrained?

The fundamental issue deep learning encounters when dealing with small datasets is generaliza-
tion. Deep models memorize the training samples rather than learning the underlying patterns
when provided with a limited amount of data. As a result, the model exhibits high variance on
the test set, demonstrating poor performance due to the insufficient smoothing of the decision
boundary [99]. Let us assume pre-softmax logits f!(x) =: y' € R™ as the sum of two random
variables y! = y', + y', where, y! represents classifier’s behavior on the source domain data,
and y!, represents the effect of domain shift. The distribution of the source target component ys
over classifiers with mean ¢ = E; [ fl(w)} , and covariance X, € R™*™ characterizing randomness
in the training process. We assume the distribution of the target data domain shift effect y, to be

zero-mean (following from local linearization and zero mean perturbations) and to have covariance

3if feature vector size is 512 x 1 and many FA operations are eight then all feature vector has been concatenated,
and resultant vector size is 512 x 1 x 8, and conwv size wouldbe 1 x 1 x 8 x 1
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g € R™ ™  Another way, it can be represented as J;; = O'Z-Q and X;; = o0,0;p;;, for standard de-
viations o; and correlations p;;. In the case of the ensemble model, we parametrize the covariance
between y’ and y7 for classifiers i # j with ¢, 3", and similarly between y? and v’ with (; 3",
for (s, (4 € [0, 1]. With these correlation coefficients (; and (g, this construction captures the range
from no correlation (¢ = 0) to perfect correlation ({ = 1).

Variance Reduction explained by [99] is also applicable in source and target finetuning,
where multiple filter augmentation creates an ensemble model. Mathematically, for both variance

component ratios o2(k)/o2(1) and o3(k)/o?(1) can be defined as*:

o?(k)  (1+C¢(k—1))(0? 4+ 02 — 2py 010%) _ I+ C(k—1)

5.5
0'2(1) k(O’% + 01'2 — 2,01,1‘0102') k ( )

where, ( is correlation coefficients, o(1) covariance matrix for majority class. From equa-
tion 5.5, it can be observed that there is a direct relationship between the variance component
ratio and the correlation coefficients within the ensemble network, culminating in a more resilient

decision boundary when dealing with small datasets.

5.3.6 Implementation Details

Experiments are performed on a workstation with two 1080Ti GPUs under PyTorch [195] program-
ming platform. Also, some of the experiments are performed on Amazon SageMaker p3.8xlarge,
which has four V100-SXM2 GPUs [147]. The program is distributed on GPUs. Hyperparameters
such as epochs, learning rate, and batch size are kept as 200, [107%,1072, 1073, 10~%] (after every
50 epoch, the learning rate has been reduced by the factor 10), and 32, respectively for all the
experiments. FA operations are fixed and lead to training corresponding feature vectors in the first
FC layer. In guided dropblock, mask-threshold (mask_th) has been scheduled zero till 50 epochs.
After that, 150 equally spaced mask thresholds are drawn from the minimum to maximum value of
the feature map. Obtained 150 mask-threshold values are then iteratively initialized from epochs
51 to 200. In the case of FA-ResNet [1FC], the network is trained independently, and softmax

layer scores have been fused with equal weight. In FA-ResNet [2FC], feature vectors are com-

“subscript is omitted
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bined with the learned weight of 1 X 1 conv layer utilized before the final FC layer, as shown in
Figure 5-4(b). There are two modes of making an inference’: 1) when we trained all the layers,
then the best-trained model was utilized. 2) when we trained only the last layers, all the filters were
the same except the final two FA layer’s features vector of the model. In our proposed methods,
the FA module is a set of operations defined in the convolutional block. The functions are applied
directly to the convolutional filters. Rotation operation has been utilized from the library given by
Riba et al. [206]. The other operations are available in the PyTorch library.

Empirically, we have obtained four filters of angle [0°, 45°, 90°, 135°] in rotation operation
and horizontal, vertical flip operations. Regarding channel shuffling, we have utilized one channel
shift clockwise. Therefore, the total number of feature vectors is nine (four rotations, two flips,

one strength learning, one channel shuffling, and one for all randomly dropping weights.)

5.4 Experiments and Results

The proposed FA approach has been evaluated with two source and target database settings: 1)
intra-database and 2) cross-database. Table 5.3 presents the details of the experiments. For the
intra-database experiments, ResNet50 and ResNetl101 have been utilized. ResNet50, which is
pre-trained on ImageNet, has been used for the data-constrained cross-database experiments. The
pre-trained ResNet50 is then fine-tuned on the randomly sampled target dataset. The protocol is
similar to few-shot learning; therefore, we evaluated the proposed model on publicly available
few-shot databases and predefined protocols. We have used two architectures as the backbone,

ResNet and ConvMixer, for evaluation.

5.4.1 Database and Protocols

The performance of the proposed algorithm is demonstrated on five classification benchmarking
datasets: CIFAR10 [138], CIFAR100 [138], TinyImageNet [247], SVHN [180], MNIST [138], and
for few-shot experiments CUB [261], and Omniglot [130] have been utilized. We have also con-
ducted experiments on real-world applications such as newborn [15] and cataract pre-post surgery

CMPD [114] identification. Some of the samples are shown in Figure 5-5. The details of the

>The augmentation operations have been applied when the model is getting trained and at the inference.

90



Table 5.1: Summarizing the protocols of the publicly available databases in terms of the number
of classes in training and testing sets.

| Database | Classes | Train | Test |

TinyImageNet 200 100,000 10,000

Source
ImageNet 1,000 | 1,331,167 | 100,000
CIFARI10 10 50,000 10,000
Tarset CIFAR100 100 50,000 10,000
8¢ "MINIST 10 60,000 | 10,000
SVHN 10 73257 26,032

Table 5.2: Summarizing the protocols of the publicly available databases for zero-shot experiments
and real-world applications as a use-case in terms of the number of classes in training, validation,
and testing sets.

| Dataset | Train | Validation | Test |
Omniglot 30 - 20
CUB 100 50 50
CIFAR-FS 64 16 20
Cataract Mobile Periocular Database (CMPD) | 132 - 56
Newborn Face 10 - 86

Table 5.3: Summarizing the Protocol for inter/cross database experimental setup. The source
database is used for training, and the target database is used for testing. (CIFAR10 and CIFAR100
mention as C10 and C100, respectively.)

| Experiments | Source Database | Target Database |
C10 C10
A: Intra Database C.l 00 C.l 00
Filter Augmentation TinyImageNet TinyImageNet
SVHN SVHN
MNIST MNIST
C10
C100
ImageNet MNIST
B: Cross Database SVHN
Filter Augmentation C10
. C100
Tiny-ImageNet MNIST
SVHN

respective databases and experiments are mentioned in Tables 5.1, 5.2, and 5.3. ImageNet and

Tiny-ImageNet are source databases in these experiments, and CIFAR-10, CIFAR-100, MNIST,

91



Omniglot
A
e
)
4
Q(
L4
X

ImageNet

Source Database
B
Few-shot

Tinylmage
Net

Pre-Surge

Post-Surg

CIFAR100 CIFAR10

Real-world Application

SVHN
Healthy

Target Database

O13345b789

MNIST

Figure 5-5: Shows a few samples from datasets used in our experiments. Left side of databases
are bench-marking datasets, summarized in table 5.1. Right side of databases are used for data-
constrained experiments such as few-shot, and real-world applications as a use case, summarized
in table 5.2. We have also conducted experiments with the bench-marking dataset by reducing per
class sample.

and SVHN are target databases. In the data-constrained cross-database experiments, the training
set of the target databases is randomly selected with 1, 5, 10, 25, 50, 100 samples per class. Five-
fold cross-validation has been performed for data-constrained experiments, and the mean of test
accuracies are shown in Figure 5-6. The testing set for the target databases is kept unchanged.
Finetuning is performed on the model pre-trained on the source dataset, i.e., ImageNet.

We have also conducted few-shot experiments with 1-shot, 5-way, and 5-shot, 5-way settings
on CUB, Omniglot, and CIFAR100 datasets. The protocols for all three datasets are predefined.
Omniglot has 1623 handwritten characters of 50 different alphabets. The split of the dataset is
adopted from Vinyalset et al. [259]. The background database has 30 alphabets, and the evaluation
set has 20. In the case of CIFAR100, the new split defined as CIFAR-FS by Bertinetto ez al. [13]
is adopted. They divided the dataset into the train, validation, and test sets of 64, 16, and 20. The
resolution of the dataset is kept unchanged, which is 32 x 32. CUB has 11,788 images of resolution
84 x 84 and contains 200 classes. The protocol is defined by Hu et al. [100]. The train set has 100

classes, 50 for validation and 50 novel classes for testing. All the experiments are performed with
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Table 5.4: Intra-database results when the complete dataset has been used to train all layers of CNN
models. Test accuracy (%) on five databases using two different depths of ResNet architectures.
For the ConvMixer model, two architectures  h128-d4, I h256-d20 have been utilized, which are
not ResNet architecture and are highlighted with a light gray color. (The top two accuracies are in
bold).

Method ResNet-50 . ResNet-101 .
C10 C100 SVHN | MNIST | Tiny ImageNet C10 C100 SVHN | MNIST | Tiny ImageNet
ResNet [91] 93.01 73.02 93.11 99.43 59.25 93.39 73.5 93.11 99.44 59.38
SteerCNN [40] 93.26 73.25 94.42 99.34 60.17 93.26 73.49 94.42 99.34 60.17
SS-ResNet [118] 92.89 72.38 94.11 99.7 60.05 92.89 72.14 94.11 99.7 60.05
BiT [124] 95.22 76.52 96.57 99.68 62.84 95.95 76.54 96.26 99.71 63.73
ConvMixer [250]
FA-BiT [1FC] 95.08 76.15 96.25 99.51 62.55 95.41 76.06 95.88 99.7 62.55
FA-BiT [2FC] 96.18 77.08 97.25 99.73 63.69 96.63 7717 97.38 99.73 64.84
FA-ConvMixer [1FC] - - - - -
FA-ConvMixer [2FC]

five-fold cross-validation, and average accuracies are reported, which we explain in the following

subsection.

5.4.2 Intra Database Results

The proposed filter augmentation-based finetuning has been evaluated on five databases, and exper-
imental protocols are summarized in Tables 5.1 and 5.3. In Table 5.3, row A: Intra Database Filter
Augmentation has the same source and target database. A training set of the source database is
used for training, and a test set is used for evaluation. Two different ResNet of depth 50 and 101 are
utilized to assess the performance of proposed FA-ResNet. The proposed method is then compared
with baseline methods ResNet [91], steerableCNN [40] and SS-ResNet [118] and state-of-the-art
(SOTA) methods ConvMixer [250] and BiT [124]. SteerableCNN and SS-ResNet methods are
considered baseline because they have modified Reset’s architecture like our proposed method.
Specifically, steerableCNN and SS-ResNet are changing the convolutional layer.

For our proposed method, we have conducted experiments with different architectures and
observed consistent improvement; here, we are reporting FA-BiT and FA-ConvMixer as a proposed
modification of BiT and ConvMixer. Also, the proposed [1FC] and [2FC] FA operations are fixed
and shared weights of the CNN model and then applied on all layers where one and two FC layers
have been utilized, respectively. ConvMixer did not have ResNet as the base model; therefore,
h128-d4 and h256-d20 have been utilized and in Table 5.4 represented as light gray color with

symbol | and I, respectively. ConvMixer-based models need high computational resources, and the
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computationally heavy model with our proposed modification is not feasible. However, we have
computed results for our proposed FA-ConvMixer with base ConvMixer h128-d4 and observed
improvement of 1% to 2%.

Experiments with the different base models with different depths of respective models are
conducted to showcase the applicability of the proposed framework across robust and SOTA CNN
architectures. It can be observed that FA-BiT-50 [2FC] is able to achieve 96.18%, 77.08%, 97.35%,
99.73%, 63.69% on CIFAR10, CIFAR100, SVHN, MNIST, and TinyImageNet, respectively. And
FA-BiT-101 [2FC] is able to achieve 96.63%, 77.17%, 97.38%, 99.73%, 64.84% on CIFARI10,
CIFAR100, SVHN, MNIST, and TinyImageNet, respectively. FA-BiT-50 [2FC] outperforms in

comparison to SOTA methods reported in Table 5.4.

5.4.3 Cross Database Results

The proposed method is also evaluated on cross-database experiments, and experimental protocols
are summarized in Tables 5.1, and 5.3. In Tables 5.3, row B: Cross Database Filter Augmentation
has different source and target databases. A training set of the source database is used for training,
and a test set is used for evaluation. In this setting, the model has been pre-trained on the source
database and finetuned on the target database to adapt the model. Pre-trained ResNet models on
ImageNet [47] with different depths are available and widely used to finetune the target dataset.
Since pre-trained steerable CNN on ImageNet is unavailable, TinyImageNet has been used as a
source database for pre-training the model and finetuned on the target databases. The protocol has
been consistent for BiT and proposed FA-BiT as well. Two sets of experiments are performed to
evaluate the proposed model on cross-database. 1) Use complete data, and 2) use data constrained
settings for finetuning explained in section 5.4.4.

Complete Data: With complete training data, experiments can be divided into two subparts. 1)
Finetune all the layers of the pre-trained model, and 2) Finetune the last layer of the pre-trained
model. The results are reported in Tables 5.5 and 5.6. Pre-training with ImageNet as a source
database is superior to TinyimageNet. From the Tables 5.5 and 5.6, it can be observed that com-
pared to SOTA methods, the proposed method yields higher performance by 1% to 5% when only

the last layer is finetuned.
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Table 5.5: Cross-database results when a complete dataset has been used to finetune all the layers
and the last layer of models. ImageNet has been used as a source database for test results with
cross-database experiments. (The top two accuracies are in bold)

Method ResNet-50 ResNet-101

C10 | C100 | SVHN | MNIST | C10 | C100 | SVHN | MNIST

- ResNet [91] 84.73 | 55.77 | 95.39 99.55 | 85.66 | 56.18 | 96.32 99.64
% SS-ResNet [118] | 84.71 | 55.64 | 95.73 99.65 | 85.70 | 57.12 | 96.54 99.68
— BiT [124] 97.20 | 86.50 | 97.90 99.73 | 98.50 | 90.80 | 98.24 99.83
<=: FA-BiT [1FC] | 97.13 | 86.57 | 98.06 99.72 | 98.17 | 91.15 | 98.58 99.68
FA-BiT [2FC] | 98.13 | 87.56 | 98.55 99.74 | 98.64 | 91.26 | 98.62 99.79

o ResNet [91] 78.78 | 49.30 | 44.68 92.64 | 67.13 | 47.84 | 39.92 90.68
% SS-ResNet [118] | 80.05 | 55.02 | 58.19 9474 | 68.71 | 48.87 | 45.92 92.22
= BiT [124] 82.3 63 68.81 94.04 852 | 674 | 72.15 98.13
§ FA-BiT [1FC] | 85.08 | 65.54 | 69.59 95.35 | 86.36 | 68.32 | 74.82 98.45
FA-BiT [1FC] | 86.45 | 65.81 | 71.38 96.38 | 87.66 | 70.27 | 75.04 99.12

Table 5.6: Cross-database results when a complete dataset has been used to finetune all the layers
and the last layer of models. TinyImageNet has been used as a source database for test results with
cross-database experiments. (The top two accuracies are in bold)

Method ResNet-50 ResNet-101
C10 | C100 | SVHN | MNIST | C10 | C100 | SVHN | MNIST

ResNet [91] 80.99 | 50.99 | 90.93 98.05 81.35 | 52.77 | 92.53 98.26

5 | Steerable ResNet [40] | 80.5 | 51.03 | 93.34 98.82 80.86 | 54.22 | 93.29 98.98
E‘ SS-ResNet [118] 80.68 | 51.45 | 93.83 99.02 81.32 | 54.55 | 93.48 99.09
= BiT [124] 93.3 | 83.69 | 94.57 99.03 94.60 | 87.36 | 94.27 99.14
< FA-BiT [1FC] 93.47 | 83.11 | 95.13 99.14 94.56 | 87.88 | 95.85 99.28
FA-BiT [2FC] 94.66 | 84.51 | 95.72 99.25 94.69 | 88.89 | 96.02 99.47

ResNet [91] 748 | 45.12 | 42.17 91.19 6348 | 44.11 | 37.29 91.38

§ Steerable ResNet [40] | 77.19 | 52.76 | 55.47 94.15 66.23 | 45.71 | 43.22 94.42
3 SS-ResNet [118] 78.19 | 55.41 | 63.97 93.49 77.92 | 5845 | 67.21 93.64
Z BiT [124] 80.85 | 59.46 | 65.97 94.46 81.84 | 63.26 | 69.08 94.71
— FA-BiT [1FC] 81.74 | 61.16 | 67.45 95.55 83.68 | 65.04 | 71.37 95.71
FA-BiT [2FC] 82.93 | 62.69 | 75.99 95.68 84 67.23 | 74.78 95.81

An improvement ranging from 0.1% to 1% is observed when finetuning all layers on target
datasets. These results highlight that the availability of comprehensive data and ample training
samples enables the effective training of all model layers. When sufficient data is present, the
models’ absolute performance is superior when training all layers compared to just training the last
layer. Nonetheless, it is essential to emphasize that the proportional enhancement compared to the

SOTA is more pronounced when only the last layer of our proposed FA-BiT model is finetuned.
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Figure 5-6: Summarizing mean of test accuracy over five random folds (represented on the Y-axis)
vs. respective dataset sampling size. On the X-axis, the number represents pre-class sample(s)
selected randomly for finetuning. We have employed two baselines, ResNet and SS-ResNet, and
BiT SOTA methods to compare with our proposed FA-BiT [2FC] approach. All methods base
model ResNet50 is kept the same, and the ImageNet database has been utilized for pre-training.
(best viewed in color)

5.4.4 Data Constrained Problem

In data-constrained problems, there are either too few samples or classes available, making it

challenging to capture the entire distribution of the data accurately:

1. We executed experiments on benchmark databases, decreasing the number of samples across

all categories, and assessed the class activation maps of the fine-tuned models.

2. We benchmarked our proposed method against state-of-the-art techniques in few-shot learn-

ing scenarios.

3. We demonstrated the efficacy of our approach through real-world applications, specifically

in identifying individuals in newborns and in pre-post cataract surgery scenarios.

Reduced Samples in Bench-marking Databases

In this experiment, all of the results were obtained by fine-tuning only the last layer of the pre-
trained model while keeping the rest of the layers fixed. We noticed a decrease in accuracy when

attempting to train all the layers of the model with a limited number of samples. Consequently, for
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Input : ResNet BiT FA-BIiT [1FC] FA-BIiT [2FC]

Figure 5-7: Illustration of Class Activation Map (CAM) from the model trained on ImageNet and
finetuned all the layers using the CIFAR10 dataset. The first column is a CIFAR10 test image that
feeds into the model. The second to fifth columns are the CAM output of ResNet, BiT, FA-BiT
[1FC], and FA-BiT [2FC]. From the fifth column, it can be observed that there are more active
regions around the object for FA-BiT [2FC].

protocols with data constraints, we have chosen not to include comparisons with experiments that
trained all model layers. The results that were obtained were benchmarked against our proposed
method, FA-BiT [2FC]. All evaluations were carried out using ImageNet as the source database
and CIFAR10, CIFAR100, MNIST, and SVHN as target databases. As illustrated in Figure 5-6,
it is evident that our FA-BiT [2FC] method not only surpasses baseline methods such as ResNet
and SS-ResNet but also outperforms the state-of-the-art BiT method. In scenarios with only one
sample per class, our method achieved test accuracies of 61.03%, 40.02%, 65.12%, and 59.03%
on CIFAR10, CIFAR100, SVHN, and MNIST, respectively. These results show improvements of
3.13%, 4.82%, 4.95%, and 0.62% over the state-of-the-art BiT method on the respective target
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Table 5.7: Test accuracy (%) on the Omniglot dataset. In the BiT and proposed method, backbone
ResNet50 has been utilized for the evaluation. (The top two results are in bold, f results are not
reported in the paper, computed using the official code)

Method 1-shot, 5-way | 5-shot, 5-way
[219] 82.8 94.9
[122] 97.3 98.4
[259] 98.1 98.9

SS-ResNet34 [118] | 97.6 £0.84 | 98.3 +1.03

1PT-MAP [101] 99.1+0.32 99.6+0.15
[199] 99.7 99.9

BiT [124] 98.7£1.29 | 99.0+£1.27

FA-BiT [1FC] 99.4+0.57 | 99.5+£0.22

FA-BIiT [2FC] 998 £ 0.15 | 999 +£0.18

databases.

Visualization: Figure 5-7 illustrates the class activation map of different methods used in Ta-
ble 5.6. The first row is an airplane class; it can be observed that the conventional ResNet focuses
on a smaller portion of the airplane than BiT. However, our proposed methods, FA-BiT [1FC] and
FA-BiT [2FC], almost concentrate on the whole object. The pattern can be seen consistently in
other classes as well. The activation map supports our assertion that augmented filters allow the

model to learn more convenient features.

Few-shot learning

Table 5.7 summarizes the results of the proposed algorithm on the Omniglot database. It can be
observed that utilizing BiT of depth 101 with Filter Augmentation (FA-BiT [2FC]) outperforms
methods for 1-shot, 5-way protocol. In the 5-shot, 5-way protocol, the mean accuracy of the
proposed method is the same, with a standard deviation of 0.18 compared to SOTA. We have
also evaluated and compared the proposed model on CUB [261] and CIFAR-FS [13] datasets.
Table 5.8 summarizes the results of the proposed algorithm and compares them with existing SOTA
algorithms. In the case of CIFAR-FS datasets, it can be observed that the proposed FA-BiT [2FC]
is the second-best performing algorithm for the 5-shot, 5-way protocol. However, In the case of the
CUB dataset, the proposed method performs better than the SOTA method when experimenting
with the 1-shot, 5-way protocol. In 5-shot, 5-way for CUB, and 1-shot, 5-way for CIFAR-FS,
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Table 5.8: Test accuracy (%) on CUB [261], and CIFAR-FS [13] datasets with few shot setup. In
the BiT and proposed method, backbone ResNet50 has been utilized for the evaluation. (The top
two results are in bold)

CUB CIFAR-FS

Method 1-shot, 5-shot, 1-shot, 5-shot,

5-way 5-way 5-way 5-way
MetaVRF [306] - - 63.1+£0.70 | 76.5+0.90
S2M2R [168] 80.74+0.81 | 90.94+0.44 | 74.840.19 | 67.5+0.13
PT-MAP [101] 91.6+0.19 | 94.0+£0.10 | 87.7+£0.23 | 90.7+0.15
Steerable CNN [40] | 81.24+0.50 | 91.44+0.60 | 80.44+0.25 | 83.04+0.44
SS-ResNet34 [118] | 84.940.84 | 92.840.71 | 81.94+0.58 | 83.1+0.81
DNS-MR [229] - - 78.0+£0.90 | 87.3+0.60
TDE-FSL [284] - - 84.68+1.14 | 89.24+0.66
BiT [124] 88.64+0.83 | 92.44+1.79 | 83.24+0.98 | 88.9+1.45
FA-BiT [1FC] 89.64+0.05 | 93.3+0.02 | 84.840.08 | 89.6+0.03
FA-BIiT [2FC] 91.8+0.08 | 94.0+0.06 | 87.7+0.09 | 90.2+0.04

the proposed FA-BiT [2FC] performs similarly with reduced variance. The reduced variance is

obtained because of the nature of the ensemble explained in section 5.3.5.

Real-world Application

To validate the effectiveness of our proposed method, we have applied it to two specific appli-
cations: (1) Identification Before and After Cataract Surgery Using Periocular Information: The
periocular region, encompassing the eye and its surrounding area, undergoes noticeable changes
post-cataract surgery, potentially impairing the performance of identification systems [184]. Our
method addresses these challenges and improves the system’s resilience to such changes. (ii)
Newborn Face Identification: This application is particularly challenging due to the scarce avail-
ability of extensive datasets, posing difficulties in developing robust identification models [15].
Both of these applications inherently deal with data-constrained environments, making them apt
for demonstrating the strengths of our proposed method. For experimental validation, we adhered
strictly to predefined protocols across all tests. Performance was evaluated using rank-1 identifi-
cation accuracy (in percentage) on both the newborn and CMPD datasets, with the results detailed
in Tables 5.9 and 5.10. The results indicate that our FA-BIT [2FC] model performs better than the

SOTA methods across various gallery settings in the newborn dataset. Additionally, our method

99



Table 5.9: Identification accuracy (%) on newborn. Gallery in newborn experiments is a set of
representative image(s) of each class from the test set. If one representative image is kept, the
gallery number is represented as one, and experiments are repeated from one to four galleries.
represents that the model is not finetuned on newborn and CMPD dataset. FaceViT model trained
on MS-Celeb-1M dataset. (The top two results are in bold)

Newborn
Method Number of Gallery Images

1 2 3 4

Gabor+scatNet+DSIFT - - - -
SS-VGG-face 70.4£0.5 81.4+1.59 | 86.5+1.20 90.0£1.53
Steerable CNN 73.4+2.34 | 82.842.05 | 85.8+2.45 91.4+2.51
PT-MAP 77.2+1.59 | 84.1x1.11 86.6+1.56 92.8+1.65
DNS-MR 74.7+£1.88 | 83.5+£1.23 | 85.5+1.62 90.3+1.72
Inception-Resnet-v1 74.5+1.15 | 82.8+1.05 | 85.4+0.95 91.5+0.84
BiT 76.2+1.36 | 83.6+£1.02 | 85.9+0.99 92.8+1.53
FA-BIiT [1FC] 79.3+0.11 | 85.2+£0.10 | 86.1£0.12 | 93.1+0.63
FA-BIiT [2FC] 80.4+0.07 | 86.7+£0.09 | 87.8+£0.18 | 93.840.34

] FaceViT \ \ \ \ \

demonstrates enhanced performance in both modalities (L and R) and registered and unregistered
periocular scenarios for the periocular dataset. It is important to note that four eye points are

aligned across all images in the registered periocular scenario.

5.5 Ablation Study

Through our empirical observations, we have found that utilizing four filters at angles [0°, 45°, 90°,
135°] for the rotation operation yields performance almost equivalent to using eight filters. This
is because the combination of four filters and horizontal and vertical flip operations can generate
filters similar to those produced with eight filters. Given our focus on data-constrained learning,
the ablation results are based on a random selection of 100 samples. Moreover, we have indi-
vidually assessed all six FA operations (refer to serial numbers 3 to 8 in Table 5.11), following
a procedure of five-time random subsampling. The results, including means and standard devia-
tions, are provided in Table 5.11. Among all the FA operations applied, Guided DropBlock stands
out as the most effective, and the results from FA-BiT [2FC] indicate that a combination of these
FA operations leads to enhanced performance. Contrary to approaches that add filters to models,
which increases training overhead, our recommendation is to implement augmentation operations

directly on the filters and finetune only the CNN models’ last layer. This approach maintains
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Table 5.10: Identification accuracy (%) on CMPD datasets. L and R represent left-left and right-
right periocular matching from sessions S1 and S2. In the BiT and proposed method, backbone
ResNet50 has been utilized for the evaluation. t represents that the model is not finetuned on
newborn and CMPD dataset. FaceViT model trained on MS-Celeb-1M dataset. (The top two
results are in bold)

CMPD S1-S2 (pre-post surgery)
Method Unregistered Registered
L R L R

Gabor+scatNet+DSIFT | 16.3 | 15.5 | 30.1 22.4

SS-VGG-face 524 | 60.1 | 68.7 66.6

Steerable CNN 51.8 | 503 | 64.2 61.8

PT-MAP 56.7 | 545 | 69.8 67.3

DNS-MR 549 | 522 | 66.7 62.7

Inception-Resnet-v1 55.6 | 539 | 673 65.7

BiT 56.2 | 54.1 | 68.7 67.2

FA-BiT [1F(C] 61.2 | 60.8 | 71.9 69.8

FA-BiT [2FC] 63.9 | 624 | 74.2 71.2
FaceViT

efficiency while improving the model’s performance in data-constrained scenarios.

5.6 Summary

Finetuning is a prevalent technique in deep learning, mainly when dealing with data-constrained
challenges. The approach involves adjusting the extent to which the learning parameters of a model
are either kept static or adapted based on the size of the available training dataset. In this paper,
we introduce Guided Dropblock and Filter Augmentation to enhance image feature extraction.
Guided Dropblock is motivated from Chapter 3 and [73], and FA is achieved by augmenting the
filters within convolutional layers while maintaining the current number of learnable parameters.
The proposed methodology enables the augmentation of specific filters that are pertinent to the
target dataset, employing augmentation operations on filters that have been pre-trained. Through
extensive experimentation, we have validated that applying augmentation operations to convolu-
tional filters, combined with the regularization effect of Guided Dropblock, leads to improved
performance. This is particularly evident in cross-dataset experiments and scenarios characterized

by limited data availability.
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Table 5.11: Test accuracy (%) on CIFAR10 and SVHN datasets as Ablation study. ResNet-50
has been used as the backbone model for BiT, pre-trained on the ImageNet, and fine-tuned on
the target dataset. BiT+ is the model that has been trained while augmenting the training data
while utilizing 1) rotation, 2) flip, 3) channel shuffling, 4) generating new samples while randomly
dropping image pixels, 5) blocks, and 6) change intensity. The number of augmentation operations

1S SiX.

S.No. | FA operation CIFAR10 SVHN

1 BiT 85.16£1.6 | 86.67+0.79
2 BiT+ 85.36£1.03 | 86.8£0.58
3 Learning Strength | 85.58£1.30 | 87.50%+1.51
4 Rotation 85.86+1.91 | 87.43+1.12
5 Flip 85.44+0.92 | 86.0440.69
6 Channel Shuffling | 85.204+0.31 | 86.124+0.56
7 Dropping Weights | 85.93+0.54 | 86.81+£0.43
8 Guided DropBlock | 86.074+0.16 | 89.7440.25
9 FA-BiT [1FC] 86.27+0.12 | 89.194+0.34
10 FA-BiT [2FC] 86.43£0.41 | 90.1940.28
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Chapter 6

Conclusions and Future Work

This dissertation explores the application of deep learning models in constrained learning settings,
especially when data availability is limited. As shown in Figure 6-1, Constrained Learning (CL)
encompasses two primary categories: (A) Data Constrained and (B) Resource Constrained. This
research explicitly addresses the data-constrained scenario, providing innovative strategies across
the deep learning model’s input, model, and feature spaces. These novel methods have show-
cased enhanced results across various standard benchmark datasets, surpassing the performance of

existing state-of-the-art techniques.

* CNN training on Data Constrained Settings: We propose Structure and Strength-Filtered
CNN as a framework for learning a CNN model with small training databases. Also, em-

pirically, using unsupervised dictionary filters to initialize CNN’s filters can help the model

Input Space Model Space Feature Space

FC FC. Softmax

Constrained Learning

Model Parameter ({w,, w,}6)

:B1HB2HBSHB4:

A: Data
Constrained
Learning

OClassOAO O a
OA g o ‘ R_ed_uce scatter
AO AO O 0 ~L : " within the class
@] © Class 3 1 . P T
A A @] o . Increase distance
between classes

* [Class 1 Class 2

Figure 6-1: Illustration of constrained learning and proposed solutions for deep architecture
pipeline’s input, model, and feature space.
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training, even if data is limited. We next suggest learning the strength of the filters with
the given training data. Using different architectures and experiments, we demonstrate the
efficacy of the proposed approach. Specifically, in the case of newborn face recognition, re-
markable improvement in accuracy is achieved with the proposed method. The effectiveness
of the proposed model has been demonstrated on multiple object classification databases and

a real-world newborn face recognition problem.

* Guided Dropout Regularization: We introduce a novel approach, a guidance-based variant
of dropout, designed to deactivate highly activated nodes in every iteration. This encourages
nodes that are either inactive or possess low strength to adapt and learn distinctive features.
Throughout the training phase, these low-strength nodes play a more significant role in the
learning process, aiming to minimize loss and ultimately enhance their strength. We have
assessed the performance of this guided dropout using both dense neural networks and con-
volutional neural networks. For all conducted experiments, benchmark databases were em-
ployed, and the outcomes have demonstrated the efficacy of the proposed guided dropout

method.

* Over-Complete Distribution for Generalized Zero-shot Learning: We introduced the
concept of over-complete distribution, applying it to train discriminative classifiers in Zero-
Shot Learning (ZSL) and Generalized Zero-Shot Learning (GZSL) contexts. An over-
complete distribution is crafted by generating all potentially challenging samples for a cate-
gory that lies in close proximity to other competing categories. Through experimental vali-
dation, we have demonstrated that a classifier trained on a separable distribution may fail to
generalize effectively on test samples drawn from distributions where classes overlap. Imple-
menting the over-complete distribution has enhanced class separability and boosted classifi-
cation accuracy. The efficacy of the proposed method is evident from experiments conducted
on three benchmark databases, where it consistently outperformed existing approaches. Ad-
ditionally, the Over-Complete Distribution (OCD) principle, alongside optimizing inter-class
and intra-class distances, holds potential for application in other computational frameworks,

such as Generative Adversarial Networks (GANS).

* Guided Dropblock and Filter Augmentation: We have introduced Guided Dropblock and
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Figure 6-2: Illustration of future work when resource, data, and both constraints are applicable.
The dotted block represents the optional module based on data and resource applicability.

Filter Augmentation, methodologies that enhance the robustness of features extracted from
images. This is achieved by augmenting the filters in convolutional layers without an accom-
panying increase in the number of parameters that require learning. Our approach enables
the selective augmentation of filters pertinent to the target data by applying augmentation
operations to pre-trained filters. Through extensive experimentation, we have validated that
combining filter augmentation and Guided Dropblock regularization leads to improved per-
formance, particularly noticeable in cross-dataset experiments and few-shot learning scenar-

10S.

Although the research presented in this dissertation makes significant strides in deep learning
under data-constrained conditions, both from theoretical and technological perspectives, ample
opportunities for further progress remain. Leveraging the groundwork laid by this dissertation,
Figure 6-2 offers a visual representation of potential avenues for future research. Below, we delin-

eate several specific directions for prospective studies:

* Deep Learning in Resource-Constrained Settings: In addition to limitations imposed by
data scarcity, resource constraints serve as another impediment to advancing deep learning.
Efficient training and inference demand the availability of a parallel processing unit equipped
with a substantial internal memory. Lin et al. [149] introduced Quantization-Aware Scaling
alongside Sparse Update to optimize their bespoke microcontroller, demonstrating that it
operates efficiently with 256KB SRAM and 1MB Flash, utilizing less than 1/1000 of the
memory without the need for auxiliary storage. Despite this progress, there remains a critical

need for ongoing research to ascertain the universal adaptability of deep learning models
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across diverse hardware configurations and resource allocations, ensuring their widespread

applicability.

* Training and Inference of the Deep Models on the Edge Devices: deep learning mod-
els are typically trained in cloud environments before being implemented on edge devices.
This practice restricts the model’s capacity for fine-tuning post-deployment and hinders the
application of online joint knowledge distillation. Gandelsman et al. [70] has proposed a
method for unsupervised test-time fine-tuning after deployment. Addressing the challenges
posed by resource limitations in deep learning will facilitate the adoption of test-time fine-
tuning, resulting in enhanced model performance and a more transparent understanding of

deep learning operations beyond the “Black Box™ paradigm.

* Out-of Distribution Generalization: In data-constrained settings, capturing the entirety
of a distribution is challenging, leading to issues with Out-of-Distribution (OOD) General-
ization when training deep models. This dissertation contributes to mitigating the impacts
of OOD problems by introducing novel architectures and regularization techniques. Never-
theless, this domain demands further exploration to effectively utilize the sparse available

samples, aiming to overcome data limitations while training deep models.

In conclusion, it is crucial to emphasize that the research conducted in this dissertation and the
future work proposed centers on employing deep learning algorithms in scenarios characterized
by limitations in resources, data, or both. Under such constraints, traditional deep models tend
to memorize and overfit the training data. The contributions made through this dissertation are
pivotal in broadening the spectrum of complex machine learning challenges where deep models

can be effectively applied while still achieving outstanding performance.
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