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Abstract

Humans are capable of learning a specific task from few observations and examples be-
cause we have the ability of learning to learn. Modern artificial intelligence (AI) systems
have achieved great performance in many settings and benchmarks, but this performance
is achieved through large quantities of annotated samples such as labeled images. While it
might be feasible to acquire such large quantities of labeled images in some application, it
remains difficult to build such image corpora in others. This is due to the fact that labeled
images may be unavailable and expensive for domain experts to annotate. Few shot learn-
ing (FSL) has been proposed to tackle the challenge of training an Al system with such a
human-like capability. FSL aims to learn a classifier from a set of base classes with many
available labeled data, and generalize to a set of novel classes with few available labeled
data. Meta-learning frameworks, which follow the key idea of learning to learn, have been
proposed for FSL. In such frameworks, FSL classification tasks are sampled from base cate-
gories, and a model is optimized to perform well in those tasks which then is used to classify
tasks sampled from novel categories.

This dissertation introduces two contributions in the field of few-shot learning. One of
these is a transductive framework that enables state-of-the-art FSL models to use intra-class
attributes from within the model itself. The other contribution is a transductive metric-based
iterative approach that achieves state-of-the-art accuracy in the field of few-shot learning.

The first contribution of this work addresses the problem of transfer learning between
few-shot source and target domains, using synthetic attributes in addition to convolutional
neural networks that are pre-trained on larger image corpora where no labeled instances of the
target domains are present, though they may contain instances of their superclasses. Using
a probabilistic transfer learning approach from predicted classes and inferred attributes, I

develop a meta-learning ensemble method. I apply this method to examine the inference



approach: specifically, how it can extend and improve upon existing deep learning models
for FSL, and how related probabilistic learning architectures can be adapted to use state-of-
the-field deep learning components in this framework.

The second contribution of this work falls under the metric-based category of FSL. Metric-
based approaches use a distance measure over embeddings extracted from convolutional neu-
ral networks. While there are many such proposed approaches, a simple one is to calculate
similarities between embeddings of the query set and the mean embeddings of the support
set (prototypes) using cosine similarity. My second contribution leverages the query set in a
supervised learning setting to enhance those prototypes using convolutional neural networks
that are pre-trained on base classes and fine-tuned using my iterative prototype-enhancement
approach. Beyond the supervised learning setting, this second aspect of the work also studies
the effect of leveraging an extra unlabeled set in a semi-supervised learning setting. Through
extensive experiments, I show the positive effect of my iterative prototype-enhancement ap-

proach in terms of accuracy.
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approach: specifically, how it can extend and improve upon existing deep learning models
for FSL, and how related probabilistic learning architectures can be adapted to use state-of-
the-field deep learning components in this framework.

The second contribution of this work falls under the metric-based category of FSL. Metric-
based approaches use a distance measure over embeddings extracted from convolutional neu-
ral networks. While there are many such proposed approaches, a simple one is to calculate
similarities between embeddings of the query set and the mean embeddings of the support
set (prototypes) using cosine similarity. My second contribution leverages the query set in a
supervised learning setting to enhance those prototypes using convolutional neural networks
that are pre-trained on base classes and fine-tuned using my iterative prototype-enhancement
approach. Beyond the supervised learning setting, this second aspect of the work also studies
the effect of leveraging an extra unlabeled set in a semi-supervised learning setting. Through
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Chapter 1

Introduction

In this dissertation, I offer two contributions to the field of few-shot learning. One addresses
the problem of transfer learning between few-shot sources and target domains, using synthetic
attributes in addition to convolutional neural networks pre-trained on larger image corpora.
In such scenarios, the original image corpora do not contain labeled instances of the target
domains though they may contain instances of their superclasses. [ developed a meta-
learning ensemble method using a probabilistic inference approach from predicted classes
and inferred attributes. This dissertation explains the inference approach, how it can extend
and improve upon existing deep learning models for few-shot learning, and how to adapt
related probabilistic learning architectures to use state-of-the-field deep learning components
in this framework.

The second contribution that this work offers is a transductive supervised and semi-
supervised approach that enhances the prototypes of a very popular and well-known metric-
based meta-learning framework, the cosine-based prototypical networks that was proposed
by Oreshkin et al. (2018)!''. T developed a meta-learning approach that can boost the
performance of cosine-based prototypical networks using supervised and semi-supervised
learning in a transductive setting.

In this chapter, I briefly introduce FSL in Section 1.1. I then discuss meta-learning

in Section 1.2. Section 1.3 provides a brief overview of transfer-learning, and Section 1.4



discusses the significance of FSL. The objective of this work is in Section 1.5, and the

chapter concludes with a roadmap in Section 1.6.

1.1 Few Shot Learning

Humans can learn a specific task from a few observations because we can learn to learn®.

This ability of learning-to-learn is unique to humans: we see a few pictures of an animal
or an object that we have never seen before and can then identify the animal or an object
the next time we see it. Modern artificial intelligence (AI) systems have achieved great
performance in many settings and benchmarks. These Al systems, however, can only achieve
this performance using large numbers of annotated samples like labeled images'?. In some
application domains, large numbers of labeled images might be easy to obtain, but obtaining
so many labeled images is very difficult or almost impossible in other domains'?. Labeled
images might not be available, or expert annotation might be too expensive.

In order to be able to train an Al system with the human-like capacity to identify objects
from only a few examples, few shot learning (FSL) has been proposed?. FSL attempts to
learn a classifier from a set of base classes with many available labeled data, then generalizes
to a set of unseen novel classes with few labeled data!?, usually FSL learning tasks consists
of one or five images per class.

If FSL uses one image, it is called one-shot learning, and if it uses k£ images, it is called a
k-shot learning. An example of a five-shot learning task is the following: given only a total
of 15 labeled images of three different animals (five images per animal), and then given an
unlabeled image of an animal that belongs to one of the 3-animal categories, Can you tell
which category it belongs to? Such a task is easy for humans because humans can easily
learn from only a few examples, but conventional Al systems would fail such a task unless
trained in a special way because directly learning a large number of parameters with few

samples might lead to overfitting?.



1.2 Meta-learning

Meta-learning frameworks, which follow the key idea of learning to learn, have been proposed
for FSL*. In the meta-learning framework, FSL classification tasks are sampled from base
categories (this set is referred to as the meta-training set). Those tasks are then used to
train a model that performs well, generalizing to tasks that are sampled from novel categories
(this set is referred to as the meta-testing set). In such frameworks, a task T comprises K-
way and N-shot (implying K classes and N support samples per K), and () query samples
for every class*. For semi-supervised learning, an extra set of U unlabeled samples is also
sampled from every class. The ultimate goal is to use only the N * K support samples (and
the U * K unlabeled samples in the case of semi-supervised learning) to classify all @ * K
samples into K classes®. Typically, small values of N are used to evaluate FSL techniques
where N € {1,5}°. In subsection 1.2.1, I provide the problem definition of meta-learning.
In subsection 1.2.2, I provide an example of what an FSL model consists of and how it is

trained.

1.2.1 Problem Definition

In this subsection, I describe the problem of meta-learning for FSL using the same notations
as Lee et al. (2019)° for FSL in supervised learning, but I modify it to generalize to semi-

supervised learning as well. Given the following four sets:
1. Training set: D™ = {(z,v,)}2,,
2. Testing set: Dt = {(z, 1)},
3. Unlabeled set: DUnlabeled — f(g, 4 )}V
4. Meta-training set of tasks: T = {(Dtrain Dtest punlabeledl]

where Dtrein  ptest and DUmabeled are sampled from the same distribution. The goal of a

base learner A is to estimate parameters 6 of the predictor y = f(x;0), so it generalizes well



to the unseen test set®. Meta-learning uses episodic sampling when given the following three

sets:
1. the set of training classes (base): Ctrein
2. the set of validation classes: Cv%
3. the set of testing classes (novel): O

An episodic sampling of task Tj = (Dfrein piest pUnlabeled) 'with samples (instances) each

belonging to the meta-training set, is sampled as follows:
1. Using sampling without replacement, sample K of C categories from C*%";

2. Using the set from 1, sample N images per category to obtain the support set

Direin = {(xp, yn)n=1,...., N x K, y, € C;};

3. Using the set from 1, sample () images per category to obtain the query set
Diet = {(zg,yg)lg = 1, ...,Q x K, y, € Ci};

4. Using the set from 1, sample U images per category to obtain the unlabeled set

pyntabeled — f(x y)|u=1,...U x K, y, € C;},

where Dfrain N D;ﬁest N D’L(]nlabeled = .
The same process is repeated to sample meta-validation from CV* and meta-testing sets
from C?t5, Then an FSL model can be trained using meta-training, validated using meta-

validation, and tested using meta-testing.

1.2.2 Meta-Learning Example

Most state-of-the-art FSL models use a feature extractor or an encoder to extract embed-
dings. A feature extractor in vision deep-learning can be defined as a convolutional neural
network (CNN) that parses the samples or images and converts them into a feature space

or embeddings where each sample or image has its own unique embedding that represented

4



the image. This CNN can be a simple encoder that comprises only a few layers, or it can
have an architecture that follows one of the state-of-the-art image classification models like
VGG, AlexNet!*, and ResNet!®. Most researchers use the first few layers of a ResNet as
a feature extractor or an encoder because ResNet has outstanding performance.

From here, different state-of-the-art FSL models do different things with the embeddings
of images. Some models that are considered to be metric-based models use a distance
measure to compare images in the query set with images in the support set; then they use
that measure to decide which image in the query set belongs to which class. Other models
that are considered to be optimization-based models go further by using another model with
trainable parameters and use that model’s embeddings to determine classes for the query
set.

My first approach in this dissertation work could be applied to both types of models,
enabling these models to use attributes. My second approach focused on making the distance
measure of a metric-based model more accurate by taking advantage of the query set and
the unlabeled samples.

For example, in training a model using the meta-learning framework, a 5-shot/5-way
scenario with the mini-ImageNet dataset could be used, and at each iteration, the model
gives a batch size of 100-1000, where each batch consists of eight episodes or tasks. Each
of the eight episodes comprises 25 images for the support set (5 * 5 = 25), 75 images for
the query set (15 * 5 = 75), and approximately 275 images for the unlabeled set (55 * 5 =
275) for semi-supervised training, adding up to 3000 images (8 * [254+75+275]=3000). The
limitation for the unlabeled set is determined by the data availability (a total of 600 images
per class in case of mini-ImageNet, which means a total of 3000 images for five classes) or
resource availability (approximately four 48GB-GPU’s to fit eight episodes of this size). To
an extent, the more episodes in a batch, the better the training for the model; usually eight
episodes in a batch is the optimal number of episodes. At every iteration, the output of the
query set (logits) are then calculated. These logits are used and fed into a loss function that
calculate an error. This error is then back-propagated through the entire model, which is

then optimized using an optimizer.



This process is repeated for a number of iterations where at the end of each iteration,
the model is then validated using the meta-validation set which usually consists of 100-1000
batches and each batch consisting of one episode. The accuracy of the validation set is
calculated, and the weights of the model at every iteration are saved. This concludes the
training process.

When testing the model, weights of the iteration with the highest validation accuracy
are loaded and used with the model. The model is tested on 1000-10,000 batches where
each batch consists of one episode sampled from the novel categories or classes, which are
different sets of classes were never present during training. After testing the model on the

1000-10,000 batches, the average accuracy is considered the final accuracy of the model.

1.3 Transfer Learning

In machine learning, transfer learning is the act of using knowledge learned from one par-
ticular situation and then applying the knowledge to another situation!®. One example of
transfer learning is transferring knowledge from a classifier trained to classify bees to another
classifier that is then used to classify insects. While transfer learning can be represented and
applied in many forms and ways in machine learning, one form that related to my work was
transferring knowledge obtained from meta-training to meta-testing, as discussed in the pre-
vious section. Attribute transfer is another important form of transfer learning that relates
to my work. In attribute transfer, a model is also given attributes to enrich its knowledge for
the sole purpose of better classifying objects. These attributes are usually in textual form
that represents visual features of the images. In most cases, every image would have more

than one attribute.

1.4 Significance

In machine learning, FSL is an important problem for a number of reasons. One is learn-

ing for rare cases like drug discovery!”. Another is to reduce data collection efforts. Less



data is needed to train an FSL model, so data collection and labeling costs can be reduced.
Training models that can successfully perform in FSL is challenging, so transferring knowl-
edge obtained from the meta-training step to the meta-testing step has succeeded using
a meta-learning framework. We can further improve this knowledge transfer by obtaining
supplemental knowledge from different sources like textual attributes that describe visual
features of images. Another improvement is to use unlabeled samples to enrich the model’s

knowledge.

1.5 Objectives

In this section, I present my two objectives with their alternative and null hypotheses in
subsections 1.5.1 and 1.5.2. I then discuss two novel contributions that this dissertation
work includes in subsection 1.5.3. I conclude this section with the research questions in

subsection 1.5.4.

1.5.1 First Objective

In this research, I hypothesized that when applying my attribute-transfer approach to current
state-of-the-art FSL models to classify the mini-ImageNet and tiered-ImageNet datasets
in a meta-learning framework, the performance of these models will improve because my
proposed attribute-transfer approach is more generally useful. My alternative hypothesis is
the following;:

H, : Accuracy(baseline + my transfer) > Accuracy(baseline),
and my null hypothesis is the following;:

Hy : Accuracy(baseline + my transfer) < Accuracy(baseline)

1.5.2 Second Objective

In my research, I also hypothesized that applying my prototype enhancement approach

to cosine-based prototypical network (CBPN) to classify the mini-ImageNet and tiered-



ImageNet datasets in a meta-learning framework will improve the performance of cosine-
based prototypical networks because my proposed prototype enhancement approach en-
hances those prototypes so that the final prediction accuracy improves. Hence, my alternative
hypothesis is the following:

H, : Accuracy(CBPN + my prototype enhancement) > Accuracy(CBPN),
and my null hypothesis is the following:

Hy : Accuracy(CBPN + my prototype enhancement) < Accuracy(CBPN)

1.5.3 Novel Contributions

There are two novel contributions that this research offers. These novel continuations are

the following:

1. I succeeded in showing that my technique of attribute-transfer derived from
zero-shot learning can be applied to few-shot learning when used with a

meta-learning framework.

Lampert et al. (2009)? proposed an attribute-transfer technique for zero-shot learning
in 2009. This technique does not work out of the box when applied to state-of-the-art
FSL models with mini-ImageNet and tiered-ImageNet in a meta-learning framework. I
succeeded in developing a technique for attribute transfer that is derived from Lampert
et al. (2009)? and adapted to FSL by using pre-training?, probabilistic fusion®, and

metric scaling*!.

2. I succeeded in developing a technique for enhancing prototypes of cosine-
based prototypical networks using an enhancement loop in supervised and

semi-supervised learning.

Inspired by the technique developed by Liu et al. (2020)?, T developed a prototype
enhancement technique that uses pre-training? and my own proposed enhancement
loop and achieved better accuracy measures than in Liu et al. (2020)° when used

with mini-ImageNet and tiered-ImageNet datasets in a meta-learning framework. My



technique can be used in both supervised and semi-supervised learning as I show in

this work.

1.5.4 Research Questions

I answered several primary questions in detail in the results chapter of this dissertation. The

following are the primary research questions:

1. How does applying attribute-transfer to existing state-of-the-art FSL models affect

their performance?

2. How does varying the number of transferred attributes affect my attribute-transfer

approach?

3. How does applying prototype enhancement to cosine-based prototypical network affect

its performance in supervised learning?

4. Does using unlabeled samples with prototype enhancement improve the performance

of cosine-based prototypical network?

5. For supervised prototype enhancement, how does varying the number of the query set

affect the performance?

6. For semi-supervised prototype enhancement, what is the best ratio of query and unla-

beled sets?

1.6 Roadmap

This dissertation is organized as follows: I first review prior research in few-shot learning
as related to my work in Chapter 2 and highlight the challenges revealed by published
research and how my two approaches overcome those challenges. I then discuss related
research on attribute transfer, prototypes rectification, and probabilities fusion in Chapter

3. My methodology explains my first and second approaches and provides detail in Chapter



4. 1 explain my experimental design in Chapter 5, including the baselines I used in this
research, the datasets and how they were sampled, and my experimental set up, which
details everything needed for reproducible results and evaluation metrics. I then discuss the
results and analysis from my experiments in Chapter 6. Finally, I present my conclusions and
a summary of the main contributions of this research as well as remarks on future directions

of research in Chapter 7.
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Chapter 2

Related Work on Few Shot Learning

2.1 Few Shot Learning

Modern artificial intelligence (AI) systems have been highly successful in applications with
large quantities of data. However, and due to overfitting, the very same systems might fail
when using small data sets'?. Recently, Few-Shot Learning (FSL) was created to tackle
this problem?. FSL can generalize to new tasks with only few supervised samples by using
prior knowledge!?. Research into FSL can be categorized into 2 settings: inductive and

1;2;4;18-21

transductive®. In the inductive setting , no knowledge is assumed about the query set,

and each sample from that set is treated individually®. On the other hand, the transductive

322729 3llows us to assume and use the query set in a way that contributes to better

setting
accuracy of the model®. My research as reported in this dissertation uses the transductive
setting because of its effectiveness. Related research in FSL as it relates to my research can

be broadly placed into three approaches: metric-based %4  optimization-based®3°, and

semantics-based 9831733,
In the subsections 2.1.1, 2.1.2, and 2.1.3, I discuss each approach using examples from

the literature.
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2.1.1 Metric-based approaches

The metric-based approach uses the embeddings obtained from a feature extractor, and
a model learns a distance-based prediction rule®. Matching networks! is early inductive
research that uses the metric-based approach. This model was based on the idea of attention
and memory using an LSTM network!. Figure 2.1 shows an illustration from Vinyals et al.

(2016) demonstrating the technique®.

Figure 2.1: Overview of the Vinyals et al. (2016)' approach.

A prototypical network? is another inductive approach also considered metric-based. In
a prototypical network, the support set is first used to calculate prototypes that represent
the mean embedding of each class. Then the similarities between the query set and those
prototypes are calculated using Fuclidean distance. Figure 2.2 shows the illustration that
Snell et al. (2017)2 used in their paper to illustrate five support samples per class, three

prototypes and one query sample.

12



Figure 2.2: Ouverview of the Snell et al. (2017)? representation of prototypes.

Snell et al. (2017)? reported that they used Euclidean distance instead of cosine similar-
ity because it more accurately trained their model?. Oreshkin et al. (2018)'! have showed
that scaling the cosine similarity can improve the performance of cosine-based prototypical
network over the performance of Euclidean-based prototypical network. In my second ap-
proach, I used the cosine-based prototypical network that was proposed by Oreshkin et al.
(2018) M.

Liu et al. (2020)2 proposed prototype rectification, a transductive metric-based approach
closely related to my second approach. They used a cosine-based prototypical network like
the one proposed by Oreshkin et al. (2018)'!. In their research, Liu et al. (2020)? identified
two biases: the cross-class bias and the intra-class bias, both of which boost the accuracy
of their model. Then, they proposed rectifying the prototypes to diminish these two biases.
To diminish the cross-class bias, they shifted embeddings of the query set obtained from

a feature extractor using a calculated shifting term. To diminish the intra-class bias, they

13



used label propagation®! that predicted pseudo-labels for the query set using the original
prototypes and then chose the top predicted samples and added them to the support set
to recalculate the prototypes again (rectification). They then used reactivated prototypes
to calculate the final labels for the query set. Even though their approach was simple, it

significantly increased the accuracy of the cosine-based prototypical network.

Features of Basic Prototypes

Support Samples ‘

/ Rectified Prototypes
| ] Cost

Feature + _{ . |— —— Labels
Cos(:)

Features of

Query Samples Features of
(after BD,ypss) Pseudo-Labeled

Features of
Query Samples

Cross-Class Bias Diminishing (BD,, ) D Intra-Class Bias Diminishing (BD, )

Figure 2.3: Overview of the approach of Liu et al. (2020)°.

While researchers in the FSL community were busy engineering complicated models,
Chen et al. (2020)* discovered a very simple, yet very effective, FSL model that has been
overlooked by the research community. Because their model has set a new benchmark
score by outperforming all existing state-of-art models at the time, the authors named it
“new Meta-Baseline” 4. The authors described their approach as a 2-step approach. First,
they used the base classes to train a network with a classifier in an ordinary classification
set up. Second, they used query and support sets in a meta-learning framework to fine-
tune the pre-trained network. The network was then used as a feature extractor to extract
embeddings that are then used with a scaled cosine similarity measure®. Figure 2.4 illustrates

the approach that Chen et al. (2020) used?. The meta-baseline can be thought of as a cosine-
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based prototypical network with a pre-trained feature extractor. Because of its simplicity
and effectiveness, most researchers have adopted pre-training into their FSL approaches. I

also adopted the pre-training stage into both of my approaches.

Classification Training Stage

: Classifier-Baseline F classification
' training o} on base classes :

Meta-Learning Stage i

_________________

y i transfer
; : Classifier-Baseline / Meta-Baseline
B : — evaluation
o O
| 1 | label
— S0l
Meta-Baseline

g training
support-set -
L1 o
query-set

Figure 2.4: Overview of the approach of Chen et al. (2020)%.

2.1.2 Optimization-based approaches

Recent models using the optimized-based approaches estimate model parameters by learning

0. Bertinetto et al. (2018)3°

a parameterized predictor on top of a feature extractor®?'.
reported on teaching a deep neural network to use standard machine learning tools. In
their research, they used a deep neural network as a feature extractor, then applied ridge
regression to the embeddings obtained from the feature extractor®’. Their approach, at the
time, achieved better performance than metric-based approaches®.

Inspired by the work of Bertinetto et al. (2018)3°, the authors of the MetaOptNetSvm
proposed using a differentiable GPU-based quadratic programming (QP) solver (proposed by
Amos et al. (2017)°) and named OptNet to learn linear classifiers like ridge regression (RD)
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and support-vector machine (SVM)®. In their research, dual QP equations were formulated
and solved to implement RD and SVM on top of a deep neural network. Figure 2.5 shows

the illustration that Lee et al. (2019) used in their research®.

Embeddings of Weights of Score (logit)
Training Examples Linear Classifier for Each Class
L O C_J B8 —
fo| ~C—| () | —C—( -0~
o— C ) 0 —

N | O
fo| ~,C D
J

Training Examples

Test Examples

Figure 2.5: Ouerview of the approach of Lee et al (2019)°.

2.1.3 Semantics-based approaches

My first approach fits this line of FSL research. In this approach, the performance of the
model is improved by using textual semantic knowledge® #3133, Chen et al. (2019)° cre-
ated the Dual TriNet Network® where feature representations come from different layers of
a ResNet-18. These representations are then treated as different levels of abstract seman-
tic information. They then used an encoder to encode the semantic information into the
semantic space. Using Semantic Gaussian and Semantic Neighborhood, they decoded the
semantic space into feature augmentation®. Figure 2.6 illustrates this network from Chen et
al. (2019)S.

Liet al. (2020)7 used the names of the base classes in the meta-training task as attributes.
A word-embedding model was then given those attributes to extract semantic vectors for
classes”. Then, they obtained margin penalty for each pair of classes by using an adaptive
margin generator. Thus, their proposed adaptive margin loss was obtained by combining

the margin penalty with the classification loss”. Figure 2.7 illustrates this process.
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Figure 2.7: Overview of the approach of Li et al. (2020)" .

Zhang et al. (2021)® used attributes extracted from WordNet>® as input to their proposed
prototype-completion network, ProtoComNet. Their model works side-by-side with a feature

extractor®.

Their research can be viewed as two models in one, where one model is their
ProtoComNet, using attributes to complete prototypes, and the second model is somewhat
similar to the model in Chen et al. (2020)*. Then, and using their probability fusion strategy,

they fused the outputs of the two models. They assumed that the estimated prototypes
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followed the Multivariate Gaussian Distribution (MGD) and named their fusion strategy
“GaussFusion”®. T used their fusing strategy in my approach as well. Figure 2.8 illustrates

Zhang et al. (2021)%

1. Pre-Training CE Loss 2. Learning to Complete Prototypes 3. Meta-Training

Part/ Attribute Base Class
Features Prototypes

Classifier
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D .
) : Cosine S
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A e(x — Extracting Priors
¥VV¥ Prototypes Fusion ALTEELE S nom
= Pr—== 2/, Strategy — Training
_ [ncomplete Prototypes  _ _ ___ _.! L ' — Test

Figure 2.8: Overview of the approach of Zhang et al. (2021)°.

2.2 Limitations of Current Work

I found a total of three major limitations with current FSL approaches. Two major limita-
tions in the current semantic-based approaches, and one limitation in the work of Liu et al.

(2020)3

1. Generalization

Most semantic-based models do not generalize to other models because they use spe-
cific embeddings or direct optimization instead of inter-class attribute transfer, which
potentially improves multiple models.

2. Complexity

Most semantic-based models are based on very complex architectures in order to be
able to derive knowledge from attributes; hence, they require a significant amount of

computational power.

3. Optimization opportunities
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The prototypical rectification in Liu et al. (2020)® does not take advantage of fine-
tuning, enhancement loop, or unlabeled samples, which could significantly boost its

performance.

The first approach in my research generalizes easily and can apply on top of any ex-
isting FSL model, as I show in this dissertation. My first approach was very simple and
straightforward, incurring negligible marginal runtime over the model. My second approach
used a pre-trained feature extractor that it then fine-tuned. It also further improved the
prototypes with an iterative process that takes advantage of unlabeled samples in the case

of semi-supervised learning. This in turn boosts the prediction performance.

2.3 Summary

In this chapter, I introduced research on FSL as it relates to my work. FSL has both an
inductive and transductive setting. In the inductive setting, no knowledge is assumed about
the query set, and each sample from that set is treated individually. On the other hand,
the transductive setting uses assumptions and uses the query set to contribute to higher
model accuracy. FSL falls broadly into three categories: metric-based, optimization-based,
and semantic-based. Metric-based approaches are models that obtain embeddings from a
feature extractor over which a distance-based prediction rule is then learned; optimization-
based approaches estimate model parameters by learning a parameterized predictor on top
of a feature extractor; semantics-based approaches improve the performance of the model
by using textual semantic knowledge. My research addresses problems with current FSLs,
primarily complexity and generalization.

Three additional methods are directly related to my research. Transfer learning, proba-

bilistic fusion, and prototype rectification are discussed in the next chapter.
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Chapter 3

Related Research on Transfer

Learning, Prototype Rectification,

and Probabilistic Fusion

In this chapter, I discuss research in transfer learning, prototype rectification, and probabil-
ities fusion as it relates to my research. My first approach relies on two major techniques:
attribute transfer as reported in Lampert et al. (2009)? and probabilities fusion as reported
in Zhang et al. (2021)® I explain the first in Section 3.1 and the second in Section 3.3. My
second research approach was inspired by prototype rectification as reported in Liu et al.

(2020)3, which T explain in Section 3.2.

3.1 Attribute Transfer

Lampert et al. (2009)° formulated the problem of zero-shot learning as follows: Let training
samples be (z1,01), ..., (xn, ) C X XY where X is an arbitrary feature space and Y =
Y1, .-, Yi, which consists of K discrete classes. The task of zero-shot learning is to learn a
classifier f : X — Z for a label set Z = 21, ..., 21, that is disjoint from Y.

Lampert et al. (2009)? explained the zero-shot learning problem and why it is difficult
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for machine learning systems. Lampert et al. (2009)? also explained how humans can
identify unseen classes when high-level descriptions of these classes are available in a zero-
shot classification task?. For example, if we provide a human a high-level description of a
STOP sign such as: "red”, "white letters”, ”eight-sided”, and "traffic sign”, then a human
can easily identify stop signs in any language; another example from Lampert et al. (2009)?
is the ability of a human to identify an elephant when provided with the following high-level
description: "grey”, ”large animal”, and ”long trunk”?.

Following this paradigm, the authors developed two approaches that use high-level at-
tributes to classify unseen classes in zero-shot learning®. The first approach was the Direct
Attribute Prediction (DAP) where a classifier trained to directly predict attributes was used

in a zero-shot learning task to infer classes. Figure 3.1 from Lampert et al. (2009)? illustrates

DAP.

Figure 3.1: Overview of the DAP approach in Lampert et al. (2009)°.

The second approach was the Indirect Attribute Prediction (IAP) where a classifier was

trained to predict classes that are then used to induce or infer attributes®. I incorporated
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their second approach into my own approach. Figure 3.2 from Lampert et al. (2009)°
illustrates [AP.

Figure 3.2: Ouverview of the IAP approach in Lampert et al. (2009)°.

In a zero-shot learning set up, using IAP, known classes are first predicted and used to
infer attributes, then the class labels of the unseen classes are inferred from the inferred
attributes. In zero-shot learning, an IAP is trained using a multi-class classifier, either a

regression or linear classifier, to predict known classes?. When using this classifier to predict
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unseen classes, the first step is to infer attributes by using the following equation:

K

plam|) = = plam|yr)p(yelz) (3.1)

k=1

where p(yg|x) represents the estimates of the probabilistic multi-class classifier for all train-
ing classes 1, ..., yx. The authors assume a deterministic dependence between classes and
attributes when setting p(a,,|y). They also assume that all attributes have binary values so
for any training class y, the attribute representation a, = (af, ..., a¥%) are fixed-length binary
|. Then those attributes are transferred into labels using the

vectors: planly) = [an = a2,

following equation:

f(x) = alr:gmax H = Z%é‘lj) (3.2)

where they assume a factorial distribution p(a) = Hi\n/[:l p(a,) for the factor p(a,,), using the
empirical means p(a,,) = %25:1 a’* as attribute priors over the training classes. I used an
approach similar to Lampert et al.’s IAP approach; this approach is explained in subsection

4.1.2.

3.2 Prototype Rectification

Liu et al. (2020)2 proposed a cosine similarity based prototypical network, where the feature
extractor is trained with a cosine classifier attached to it, using the base classes in a normal
classification set up. Liu et al. then used the feature extractor (without fine-tuning) to
predict the query set. They claimed that fine-tuning (“retraining” is the word they used)
the feature extractor will likely cause overfitting?.

As discussed in Section 2.1.1, Liu et al. (2020)2 proposed prototype rectification through
diminishing two biases: the cross-class bias and the intra-class bias. To diminish the cross-
class bias, Liu et al. first calculated a shifting term. Then, they obtained the original
embeddings of the query set from a feature extractor. Using the shifting term, they shifted

the original embeddings of the query set. To diminish the intra-class bias, they used label
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propagation®! by predicting pseudo-labels for the query set using the original prototypes,
then choosing the top predicted samples and adding them to the support set to recalculate
the prototypes (rectification). They used the reactivated prototypes to calculate the final
labels for the query set.

Liu et al. (2020)° first formalized the cross-class bias as follows:

Bcrass - EXSNPS[XS] - EXQNPQ [Xq] (33)

where PS represents the distribution of the support set and PQ represents the distribution

of the query set. They first obtained a shifting term, ¢ , using the following?:

1 & 1 &
57 2 Ko~ g7 2 Ko (34)

where X is the normalized embeddings obtained from a feature extractor. This shifting term
was then used to shift the original embeddings of the query set to diminish the cross-class
bias. The newly shifted embeddings of the query set were then used in the rest of the process.

Liu et al. (2020)? formalized the intra-class bias as follows:

B'mtra = EX’NP)’( [X/} - EXNPX [X] (35)

where P is the distribution of all data belonging to a certain class and Py is the distribution
of the available labeled data of this class. Liu et al. (2020)% adapted the pseudo-labeling
strategy to reduce the intra-class bias. They predicted labels for the query set, then used
their prediction confidence®” to pick the top Z query samples that were confidently predicted.

To predict the query samples, Liu et al. (2020)? calculated original prototypes using the

normalized embeddings of the support set as follows?:

Pu=1572 Z‘ (3.6)

where n is the class and K is the number of shots. Liu et al. (2020)? then used the top Z
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query samples, augmenting them into the support set S to create S’ = SUQ. They used the

newly augmented support set, S’ to calculate new prototypes using the following equation?®:

Z+K
Ph=Y " winXn (3.7)
=1

where X' refers to the embeddings of the support samples and the embeddings of the top Z

query samples together. Liu et al. (2020)? calculated w;,, using the following equation®:

p— exp(e.Cos(Xj,, P,) .
" ijlz exp(e.Cos(X’,, P,) .

Jmr = n

where ¢ is a scale factor. Liu et al. (2020)% used the newly calculated prototypes, P! to
calculate final predictions for the query set (using the shifted embeddings). Their approach

inspired my second approach to this research, which also predicts labels for the query set.

3.3 Probabilistic Fusion

As T discussed in Section 2.1.3, Zhang et al. (2021)® have two models fused through a
probabilistic fusing strategy called ” GaussFusion” ®. They proposed this probabilistic fusing
strategy because they observed the estimates (py) of one model were better with more shots
and worse with fewer shots, but the estimates (py) of their proposed ProtoComNet were
better with fewer shots and worse with more shots. Hence, they developed the fusion strategy,
so the two estimates from the two different models can be combined to complement each
other®. T chose to incorporate this strategy into my approach.

Zhang et al. (2021)® applied the Bayesian estimation when fusing prototypes®. They
assumed that a Multivariate Gaussian Distribution (MGD) had sampled both prototypes py
and py, with N(ug, diag(o?)) and N (jig, diag(63)), where the means are j;, and iz, and the
diagonal covariances are diag(c?) and diag(67). The goal was to calculate N (/) diag(&’i)),
which is a fused representation with the MGD mean, ,LZ’ w» and the diagonal covariance,
diag(aA’i)és.

Using the cosine similarity between the prototype py and sample z, Zhang et al. (2021)8
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calculated P(y = k|z), which is the probability of a sample z belonging to a K class. They
calculated P(y = k|z) using py similarly®. After calculating the probabilities, they then

calculated the mean, y, using the following equation®:

1
Hi = S Pk Z P(klz) fo, () (3.9)

2€50Q zeSuUQ

where fp, (x) is the extracted embedding, @ is the query set, and S is the support set. Zhang
et al. (2021)® calculated jiz using P(y = k|z). They then calculated oy, using the following

equation:

1
~ 5 P(k|z)(fo,(x) — p1x)? (3.10)
xequP(kﬂx) ze%@ 0 k

O =

Zhang et al. (2021)® then calculated 6y using fi. After calculating pug, fir, ok, and 6y,

242
O'kQO'k

— TkOhk+GKOLE
6,%@0’2

GO0

A . ~,2 . . .
they then calculated p/j, and diag(o’,,) = diag( ) . This provides a new
set of prototypes (or estimates) 4  that are then used to calculate the new probabilities of

the query samples: P (y = k|x). These new probabilities represent the fused probabilities®.

3.4 Summary

This chapter covered attribute transfer, prototype rectification, and probabilistic fusion,
three methods that apply directly to my research. High-level descriptions such as attributes
can be very useful in improving classifier knowledge for classifying objects. I also discussed
two approaches to attribute transfer: a direct approach and indirect approach. In the direct
approach, attributes are directly predicted and then used to infer labels. In the indirect
approach, attributes are inferred from labels that are then used to infer new labels. I adopted
the indirect attribute transfer into my first approach in this research. Prototype rectification,
to achieve better results, reduces two biases: cross-class bias through embedding shifting and
inter-class bias through pseudo-labels. I adopted pseudo-labels in my second approach in

this research. Probabilistic fusion can be very useful in fusing two outputs to improve a
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model. This type of fusion is based on a MGD. I adopted this fusion strategy into my first
approach.

The next chapter, Methodology, provides more information about attribute transfer,
prototype rectification, and probabilistic fusion, and how I adopted them into my two ap-

proaches.
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Chapter 4

Methodology

In this chapter, I explain two contributions in my research. The first contribution, between-
class attribute transfer (BCAT), which successfully transfers attributes is detailed in Section
4.1. The second contribution, prototype enhancement (PE), where prototypes are enhanced,

is detailed in Section 4.2.

4.1 New Attribute Transfer Framework: BCAT

In this section, I explain my between-class attribute transfer framework in detail. Figure
4.1 illustrates the framework. Subsection 4.1.1 explains the pre-training step I used before
fine-tuning my model. Subsection 4.1.2 explains in detail my own version of the Indirect
Attribute Prediction (IAP) that was proposed by Lampert et al. (2009)?. Specifically, the
section focuses on how I incorporate IAP into my framework and adapt it to a deep learning
setting. Subsection 4.1.3 explains how I use the fusion strategy. I then conclude with the

scaling step in subsection 4.1.4.

4.1.1 Step 1: Pre-training

In section 2.1.1, T reviewed Chen et al. (2020)* and their simple yet effective few-shot

learning (FSL) model. They first pre-trained a feature extractor using the base classes in
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Figure 4.1: Overview of my BCAT framework. First, I used base class labels to pre-
train the feature extractor in a normal classification setting before I use it to fine-tune the
model in a meta-learning setting. Second, I used the original probabilistic estimates to infer
new attributes for the query set, which I then used to infer new probabilistic estimates for
the query set. Third, I fused the original probabilistic estimates with the inferred ones to
construct prototypes that I used in calculating cosine similarity for the query set. Finally, I
used a learnable scaling factor to scale the similarities.

a normal classification set up. They then adapted the the pre-trained feature extractor
into their model, which they fine-tuned using a meta-learning set up*. In my framework,
I adapted pre-training as a first step. I found that pre-training the feature extractor is an
important step to boost the results in my BCAT framework. As I show in Section 5.1,
incorporating pre-training in a model doesn’t always boost the performance of that model,
but incorporating pre-training into my framework as a first step does help boost the results.
When I pre-trained, I used a Resnet-12 with a linear classifier. I used the base classes to train
both Resnet-12 and the linear classifier in a normal classification set up. I then removed the
linear classifier and used the ResNet-12 as a feature extractor and followed the rest of the

steps which I explain in the following subsections.
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4.1.2 Step 2: Indirect Attribute Transfer

Lampert et al. (2009)° proposed the IAP approach introduced in Section 3.1. Here, I
will discuss my own, very similar approach for few-shot learning. I also provide my own
implementation using the tensorized notation typically used in deep learning.

When I finished pre-training the feature extractor on the base classes in the previous
step, I then began fine-tuning the model. First, attributes were inferred using the predicted
estimates, p(yx|r), from the probabilistic multi-class classifier. The following equation was

then used to infer attributes:

K

plank) =3 T Byl (1)

k=1 % anlzl e(amwk

where e(a,,|yx) is the static encoding of attributes for every label. I discovered that converting
the static encoding into a probability distribution gave better results. Therefore, I scaled
the static encoding by dividing by + >, e(am|yr). Using the scaled encoding of labels
for every attribute, p(yx|an), the attribute priors p(a,,) could then be calculated with the

following equation:

bl
P = S e

Inferring new probabilistic multi-class estimates from the inferred attributes was done using

(4.2)

the following equation:

m

p(ile) = plam|z)p(an). (4.3)

m=1

In the next step, I combined this estimator with the original estimator. I could then
propose a very similar approach using my own implementation method using the tensorized
notation typically used in deep learning;:

Let support®**F and query®*9*F be two tensors representing the features extracted
(embeddings) for the support and query sets, where

E = number of episodes (batch size),
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S = total number of samples in the support set,

@ = total number of samples in the query set,

and F' = dimension size of the extracted features.

Let YEXSXE and AF*S*M he two tensors representing two hot-encoding of labels and at-
tributes for the support set, where

K = number of classes in an episode,

and M = number of attributes in an episode.

Let logits®*@*K be the output of the model to which I am applying this framework when

tE><S><F ExXQxF

given suppor and query as inputs.
The hot-encoding of attributes can then be obtained for every label, H¥*K*M 1y the fol-
lowing batch matrix multiplication:

H=YTA. (4.4)

Scaling HE*E*M ysing the following equation gave better results because the scaling spans

H'EXEXM gyer a probability distribution instated of a static encoding:

H
7 (R (4.5)
7 * Sum(H)

where d = 2 means applying the sum functions across the second dimension (M). Obtaining

ExXQXxF ExQxK of

the predictions PE*@*K of query can be done easily by passing the logits

the model to a soft-max according to the following equation:

P = Softmazx(logits). (4.6)

d=2
Having calculated PF*@*K and H'P*K*M we can then infer a probabilistic distribution for

attributes, I7*@*M for the query®>*@*F set by the following batch matrix multiplication:

[ = PH'. (4.7)

The hot-encoding of labels for every attribute, LE*M*K can then be obtained using the
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following batch matrix multiplication:

L=A"Y. (4.8)
Scaling LE*M>*K ysing the following equation can also provide better results because it spans
LEXMXE gyer a probability distribution instated of a static encoding:

L
U=—— (4.9)
i * Spup(L)

LEXMXE can then be used to obtain L"P*M*K which is the average number of labels for
every attribute, using the following equation:

L/

S

L (4.10)

Inferring a new probabilistic distribution of labels, PEX@*K from the inferred probabilistic

IExQxM L//E><M><K

distribution of attributes, is straightforward using in the following batch
matrix multiplication:

pP=1IL". (4.11)

PEX@XK and P'EXQXK can then be fused in Step 3, which is explained in Section 4.1.3.

4.1.3 Step 3: Fusing

Section 3.2 introduced probabilistic fusion from Zhang et al. (2009)®. In this step, I used the
very same approach they implemented. Using the fusion strategy of Zhang et al. (2009)%,
the original probabilistic estimates p(yx|z) of the multi-class classifier were fused with the
new probabilistic multi-class estimates p(yx|z) inferred in the previous step. First, the multi-
variate Gaussian distribution means py, and i for p(yx|z) and p(gx|x) were calculated using
Equation 3.9. Next, the covariances o7 and 67 were calculated using Equation 3.10. Finally,

new prototypes were calculated; then, using a cosine function, the similarities logits of the
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query set were calculated.
[ also provide a listing of the implementation of Zhang et al.’s (2009)® fusion technique
using the tensorized notation in the previous section.

tEXSXE and query®>*@*F be two tensors representing the features extracted

Let suppor
for the support and query sets, where:
E = number of episodes (batch size),
S = total number of samples in the support set,
Q) = total number of samples in the query set,
and F' = dimension size of the extracted features.

Let YEXSXK he a tensor representing one hot encoding of labels for the support set,
where
K = number of classes in an episode,
and let PFX@*K be the probabilistic output obtained from Equation 4.6 of the model to
which my framework is being applied, and PE*X@*K he the inferred probabilities obtained

EX(S+Q)xK

from Equation 4.11. T first calculated a concatenation C| between Y ExSxK

and

PEX@XK yising the following equation:

Cy = Cat(Y, P) (4.12)

where Cat is the concatenation function that major deep-learning frameworks provide. A

concatenation C2XTD*K yas then caleulated between support®<S*F and query®<@*F
using the following equation:
Cy = Cat(support, query). (4.13)

Ex(S+Q)xK and Ofx(S+Q)><K

Using the calculated concatenations C} , I can calculate the mean,

MEXEXE “ysing the following batch matrix multiplication:

M = C{ C,. (4.14)
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The difference, DP*K*(S+@*K " wag then calculated by expanding the size of C,

become C2E><K><(S+Q)><K and MEXEXEK 5 bhecome MEXKX(S+Q)xK

, using them in the following
equation:

D= (Cy — M) (4.15)

The size of C?EXKX(SJFQ) was then expanded to become C’TEXKX(SJFQ)XK. and using an
element-wise multiplication. it was multiplied with DE*E*(S+@xK T then took the sum-

mation across the third dimension with size S+@Q to obtain GEF*#*,

G, = %@gn(ClT x M). (4.16)
TExKX(S+Q)xK

Using the expanded C and GE*K*K ] could be determined with the following

equation:
Gy

! Sum(CY) 1)

Using PExQxK , I repeated the process to obtain M and J. Finally, prototypes were produced

that were the result of fusing using the following equation:

M*j+M*J

prototypes = T (4.18)

ExXKxK ExXQxKxK

I expanded the size of prototypes and query®*9*F to become prototypes

EXQxKXxF

and query and calculated the cosine similarity between them across the fourth

dimension to find the final logits®*@*K:

logits = ggf(query,prototypes). (4.19)

The final logits®*9@*% then was used in the final step of my framework, as described in the

next section.
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4.1.4 Step 4: Scaling

As mentioned in Section 2.1.1, Oreshkin et al. (2018)! proposed metric scaling to close the
gap between the Euclidean distance and cosine similarity!'. Because I finished the fusing
step using a cosine function, I discovered that adding metric scaling to scale the similarities

logits of the query set greatly improved the accuracy of my BCAT framework.

4.2 New Transductive Technique: PE

In this section, I explain my Supervised and semi-supervised transductive technique (PE) in
detail which is illustrated in Figure 4.2. Subsection 4.2.1 proposes the pre-training step that
I use before fine-tuning the model. Subsection 4.2.2 explains how to fine-tune the model

using the enhancement loop.

4.2.1 Step 1: Pre-training

In Section 2.1.1, I noted Chen et al. (2020)* used a normal classification set up along with
the base classes to pre-train the feature extractor. They then inserted the pre-trained feature
extractor into their model, which they fine-tuned using a meta-learning set up*. In my PE
technique, I used pre-training as a first step just as in my BCAT framework with the same
settings used for pre-training the feature extractor. In fact, the same pre-trained feature
extractor used in my BCAT framework was used in the PE technique. After the pre-training

step, I fine-tuned the model using the enhancement loop, which I explain in Section 4.2.2.

4.2.2 Step 2: Fine-tuning with enhancement loop

In a meta-learning set up, fine-tuning the model began. First, without normalizing the
embeddings, the support set and its labels were used to calculate the original prototypes.
Most researchers normalize the embeddings of the prototypes, but I discovered that normal-
izing damages the enhancement loop, so I chose not to normalize. As shown in the results

chapter, normalizing the prototypes to enhance once or twice provides the same accuracy as
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Figure 4.2: Overview of my PE technique. First, base class labels were used to pre-train the
feature extractor in a nmormal classification setting before fine-tuning the model in a meta-
learning setting. Second, the model was fine-tuned using the embeddings of the support set to
generate original prototypes that were used to obtain the query set’s initial predictions using
cosine similarity; then, using the initial predictions, enhanced prototypes were generated.
Finally, new labels were generated for the query set using the enhanced prototypes; the newly
generated labels enhanced the prototypes yet again.

not normalizing at all, so normalization has no benefit at all. The original prototypes was

calculated according to the following equation:

Pe=Yyfola). (4.20)

TES
Second, the probabilities of the query set were calculated using the original prototypes. I
also calculated probabilities of the unlabeled set when the task was a semi-supervised learning
task. The probabilities were calculated using the cosine similarity between the prototypes

and each sample with the following equation:

0 enplocos(fo(). P))
Poly = Kl) = 5= e cos o), Pe)) (4.21)

Finally, the enhancement loop began at this point to enhance the original prototypes.

The original embeddings of the support set and the query set were used. I also used the

original embeddings of the unlabeled set for any semi-supervised learning task. Again, the
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embeddings I used were the original embeddings, which were not normalized according to

the following equation:

Pi= Y poly=klz)fo(x). (4.22)

zE€SUQUU
Using the enhanced prototypes P, new probabilities p’d)(y = k|z) were calculated for the
query set. New probabilities were also calculated for the unlabeled set if the task involved
semi-supervised learning. In practice, I set a loop that repeatedly calculated new enhanced
prototypes/probabilities. This loop lasts for 2 to 6 iterations depending on the task.
A list of my own implementation using the tensorized notation as used in the previous

section follows:

tExSxF ExXQXF

Let suppor , query , and unlabeled®*Y>*F be three tensors representing the

features extracted for the support, query, and unlabeled sets, where
E = number of episodes (batch size),
S = total number of samples in the support set,
Q) = total number of samples in the query set,
U = total number of samples in the unlabeled set,
and F' = dimension size of the extracted features.
Let YEXS*K he a tensor representing one-hot encoding of labels for the support set,
where
K = number of classes in an episode,

ExXKxF

The original prototypes, prototypes , can then be calculated using the batch matrix

YTEXKXS

multiplication of the transpose of the labels, and the embeddings of the support

set, supportE?>*S>*F using the following equation:

prototypes = Y support. (4.23)

ExXKxK EXQxKxK

I expanded the size of prototypes and query®*@*F to be prototypes and

ExXQxXKXF

query and calculated the cosine similarity between them across the fourth dimen-
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ExXQxK

query» using the following equation:

sion to find the logits of the query set, logits
logitSguery = %’_Of(query,prototypes). (4.24)

After obtaining the probabilistic output of the query set, PLx<9*K a softmaz function was
EXQxK
query

applied to the third dimension of the scaled logits of the query set: logits

Puery = Soéérgax(a.logits) (4.25)

where « is a scaling factor set to 20.

The sizes of prototypes®*E*K and unlabeled®*V*¥ were expanded to become prototypest>V*KxK

ExXUxKXxF

and query and the cosine similarity between them was calculated across the fourth

ExXUxK
unlabled

dimension to find the logits of the unlabeled set, logits using the following equation:

logit suniabied = %’_Of(unlabeled, prototypes). (4.26)
The probabilistic output of the unlabeled set, PZXU%E was then obtained by applying a

softmax function to the third dimension of the scaled logits of the unlabeled set, logits®*U*K

as in the following equation:

Poriabeled = SOJ;ETax(a.logits) (4.27)
Where « is a scaling factor set to 50. A concatenation, C’lEX(S+Q+U)XK, was then calculated

ExSxK ExQxK ExUxK
Y , PEXQXK and P

Ty o abeleq Using the following equation:

between

Cl = Cat(Ya Pquerz,n Punlabeled) (428)

where Clat is a concatenation function provided by major deep-learning frameworks. A

C,E><(5+Q+U)><K

concatenation, C , was then calculated among support®>*S*F Ex@xF “and

, query
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dExeF

unlabele using the following equation:

Cy = Cat(support, query, unlabeled). (4.29)

Using the calculated concatenations, C’{E | C’QE X(SHQFU)F

, the enhanced pro-
ExXKxK

onhaneeq €l be calculated using the following batch matrix multiplication

totypes, prototypes

equation:

pTOtOtypeSenhanced = 03102 (430)

ExKxK

The prototypes can be enhanced a second time using the enhanced prototypes, prototypes,,  ~ .,

'ExQxK

to calculate new logits for the query, logits,;;s

, using Equation 4.24, and for the unla-

beled set, logits 2xU*K using Equation 4.26. Their new probabilistic output, P;feﬁg *K and
' ExUXK “can then be calculated using equations 4.25 and 4.26. Finally, we can proceed

with the process and calculate equations 4.28, 4.29, and 4.30 to obtain newly enhanced

prototypes, which can be enhanced again or used as final prototypes in the next step.

ExXKxK

ExXQxF c
enhanced

Finally, the sizes of the final enhanced prototypes prototypes and query an

EXQxKxK
enhanced

EXQxKXxF

be expanded to become prototypes and query and the cosine similarity

ExXQxK

calculated between them across the fourth dimension to find the final logits using the

following equation:

logits finas = ggf(query,prototypesenhmced). (4.31)

The final logits?iZZXK were then scaled and used in calculating the loss for the model.

4.3 Differences Between My PE Technique And BD-

CSPN

My PE technique was strongly influenced by Liu et al. (2020)2, but there are six major

differences between my technique and their methods:
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1. They did not incorporate fine-tuning into their work.

2. They used a calculated shifting term (referred to as Cross-Class Bias Diminishing) to

shift the embeddings of their query set. I omitted this because it impaired fine-tuning.
3. They used only the top predicted query samples. I used all query samples.

4. They used mainly supervised training while I experimented with semi-supervised train-

ing as well.
5. I proposed and used a prototype enhancing loop that they did not.

6. My results for the supervised approach are superior to their results.

Removing the shifting term (Cross-Class Bias Diminishing) allowed fine-tuning the model
without the overfiting mentioned by Liu et al. (2020)3. Fine-tuning without normalizing
the prototypes and in addition, using my iterative technique to enhance the prototypes gives
even better results than in Liu et al. (2020)3. Liu et al. (2020)? did use a wide ResNet-12
as a feature extractor, and although I used only a normal ResNet-12 as a feature extractor,

I still achieved better results.

4.4 Summary

In this chapter, I discussed my first contribution, a 4-step framework, in detail. T explained
how pre-training the feature extractor helped my framework achieve better performance. I
then discussed the second step in my framework: inferring labels from the inferred attributes.
A list of my own implementation steps using the tensorized notation helped explain infer-
ences. Further, I discussed fusing the inferred labels with labels produced by the model to
which my first approach was applied. Finally, I scaled my output with a learnable parameter.

My second contribution was also included in this chapter. It is a transductive approach
that can be used in supervised or semi-supervised learning. My PE technique also uses a pre-
trained feature extractor that is fine-tuned with my enhancement loop. This enhancement

loop enhances the original prototypes and lasts for 2-6 iterations.
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Finally, I explained the differences between my PE technique and the prototype rectifica-
tion technique, all of which lead to better results than the prototype rectification technique.
In the next chapter, I will explain my experimental design, which includes my base-
line models, the original dataset and data preparation steps, sampling protocol for FSL,

experimental set up, and the evaluation metrics.
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Chapter 5

Experiment Design

In this chapter, I introduce the baselines that I used in my research, including the ones to
which I applied my first approach, and one to which I compared my second approach. I also
discuss the dataset I used in my research. I also discuss the sampling protocol. I explain
my experimental set up, including the parameters used while training models. I conclude by

describing the evaluation metric I used to check the performance of my two approaches.

5.1 Baselines

In this section, I introduce the baselines I used in this work. I applied my first approach to
four baselines that use ResNet-121° as a feature extractor. I compared my second approach

to a single baseline.

5.1.1 Prototype Networks

Snell et al. (2017)? proposed prototypical networks for Few-Shot Learning (FSL) learning
tasks. Their model can be categorized as a metric-based approach. The authors used a
CNN network as a feature extractor. In my research, I replaced their CNN network with a
ResNet-121 as a feature extractor. After extracting features from the support-set images,

they used the extracted features as prototypes; they then used the Euclidean distance to
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calculate similarities between prototypes and the extracted features of the query set?.

5.1.2 MetaOptSVM /Ridge

Lee et al. (2019)° used MetaOptSVM and MetaOptRidg networks which are Optimization-
based approaches. These networks use discriminatively trained linear predictors as base
learners instead of nearest-neighbor classifiers®. The authors used quadratic programming to
represent linear classifiers like SVM and ridge regression, which is done by solving quadratic
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equations using the qpth library proposed by Amos et al. (2017)%°. The authors provide

two implementations of SVM: one follows the implementation of Crammer et al. (2001)3%,
and another follows the implementation of Weston et al. (1999)%. In my research, I used
the implementation of Crammer et al. (2001)® in all my experiments because it provides
better results for the baseline and, thus, my approach. For their feature extractor, Lee et

al. (2019)° used a ResNet-1215 and T did as well although I replaced their implementation

with the implementation in Chen et al. (2020)*.

5.1.3 Meta-baseline

Chen et al. (2020)* found that pre-training the feature extractor and then fine-tuning
it for the FSL task boosted the performance of their simple model. They simply used
the base categories to pre-train a Resnet then fine-tuned their pre-trained ResNet using a
meta-learning set up with a simple cosine similarity to calculate the similarity between the
support and query sets. They scaled the cosine similarity using a scale factor and made
the scale factor learnable by the network. Chen et al.? experimented with different ResNet

architectures as feature extractors; I used a ResNet-12'° in my research.

5.1.4 BD-CSPN

Liu et al. (2020)? used the query set as pseudo-labels to rectify their prototypes by di-

minishing the cross-class and intra-class biases. They pre-trained the feature extractor on
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the base classes and used them directly to predict novel classes in a meta-learning set up
without fine-tuning. Their approach inspired my second approach, so I used their approach
as a baseline to allow a comparison of their results to my results. Liu et al. (2020)% used
a WideResNet-12/ResNet-12'5 as feature extractors; I used a ResNet-12'° in my second
approach. I did use the results from both WideResNet-12 and ResNet-12% to compare their

results to mine.

5.2 Dataset and Data Preparation

In this section, I introduce the datasets I used in my research, which includes two benchmark

datasets. The details on sampling the two datasets are also provided.

5.2.1 Original Dataset

My research used two datasets. One popular benchmark dataset for FSL is the mini-
ImageNet dataset, introduced by Vinyals et al. (2016)!. This dataset was constructed
from the Image-Net?? dataset. The mini-ImageNet dataset has 100 categories. Ravi et al.
(2017)*! split the 100 categories into three sets that have been commonly used in the FSL
research community. The training set contains 64 categories, a validation set contains 16
categories, and a testing set contains 20 categories. Each category has 600 images. Each
image is 84 by 84 pixels. In my research, I used the same splits proposed by Ravi et al.
(2017)* because they are commonly used in FSL research. For my first approach, I also
extracted attributes from the popular NLP dataset, WordNet 3¢,

The second dataset I used in my research is the tiered-ImageNet dataset, another dataset
popular among FSL researchers. It was introduced and split by Ren et al. (2018)?! into
three sets. This dataset was also constructed using the ImageNet*? dataset. Each image is
also 84 by 84 pixels. The total number of classes is 608. Those classes are gathered into
34 high-level clusters. Those clusters are then split into a training set that consists of 20

clusters, a validation set that consists of six clusters, and a testing set that consists of eight
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clusters. For my first approach, I also extracted attributes from the popular NLP dataset,
WordNet 3°.

5.2.2 Sampling Protocol for FSL

Lee et al. (2019)° developed an open-source sampler and data-loaders that were originally
created by Gidaris et al. (2018)2. In my research, I adapted Lee et al.’s (2019)° sampler and
data-loader by extending them to also provide attributes for my first approach and unlabeled
samples for my second approach. When sampling an episode for an FSL training task, K
classes are first randomly sampled from the base classes. This random sampling is sampling
without replacement. Then, the meta-training episode is sampled by sampling S + () images
from each of the K classes where S indicates the number of images (shots) in the support
set and Q indicates the number of query images. In case of a semi-supervised learning task,
then the sampler also samples U images (along S + )) where U indicates the number of
images in the unlabeled set.

Sampling an episode for an FSL validation task is similar. Another set of K classes is
randomly sampled from the validation set without using replacement. Those K classes are
then used to sample the meta-validation episode by sampling another S + (). In case of a
semi-supervised learning task, then the sampler also samples U images.

Finally, to test the model, K classes are first randomly sampled from the novel class
set without using replacement. These classes are used to sample S + () for a meta-testing
episode. U images are also sampled for a semi-supervised learning task.

Looking up hierarchical labeling required using WordNet?¢. I used the K class hierar-
chical labeling as attributes for all S 4+ () images in each K class. Therefore, attributes in
this research are not per-sample attributes but per-class attributes as done by Lampert et

al. (2009)°.
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5.3 Experimental Setup

In my research, the primary development framework was PyTorch®®, which runs using
Python** programming language. I used a Docker?® image provided by NVIDIA and con-
taining the CUDA®0 library. All experiments in this work were run using NVIDIA A40
GPU’s.

PyTorch*? is a powerful deep-learning framework that comes with many features as well
as support for developing deep-learning models that run on GPU. However, meta-learning in
FSL differs from regular image classification tasks in many ways, but one is that images must
be sampled as described in Section 1.2 and Section 5.2.2. Popular deep-learning frameworks
like PyTorch*® do not yet have a native support for sampling images for meta-learning tasks;
hence, researchers in the community have written their own samplers and data-loaders using
the TorchVision®” library which work with the PyTorch*® framework.

To obtain attributes for the support set, I used WordNet?¢ from the nltk*® library, mod-
ifying the sampler and data-loader in Gidaris et al. (2018)%* and modified by Lee et al.
(2019)°. T modified the sampler and data-loader to look up the synset of a category when
sampling the K classes. I obtained the hierarchical labeling (the path) leading to the root
of WordNet?® and used that path as attributes for that category. Then, those attributes
sampled for the k classes were hot-encoded. The hot-encoding required using the “Multil-
abelBinarizer” from the sklearn®%®° library.

I also extended the sampler and data loaders to sample extra images for the unlabeled
set as described in subsection 5.2.2. Sampling for unlabeled images is much like sampling
for the support and query images although labels are ignored.

In my research, the open-source implementation developed by Lee et al. (2019)° was
extended. Their code implements prototypical networks?, MetaOptNetSVM?® and MetaOpt-
NetRidge®. I added an implementation for the meta-baseline* following Chen et al. (2020)*
and their open-source code. I used the Resnet-12 implementation in Chen et al. (2020)%
instead of the implementation in Lee et al. (2019)° because it is simple and efficient.

When performing experiments, and when pre-training the feature extractor, I used the
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same protocol for both approaches. Following the same pre-training protocol used by Chen
et al. (2020)%, When pre-training for mini-ImageNet, I trained a ResNet-12 using an SGD?!
optimizer with a momentum of 0.9 and a weight decay of 0.0005 in a normal classification
set up for 100 epochs; the batch-size was set to 128 with the learning rate set to 0.1 and
decaying at epoch 90. when pre-training for tiered-ImageNet, I trained a ResNet-12 using
an SGD%! optimizer with a momentum of 0.9 and a weight decay of 0.0005 in a normal
classification set up for 120 epochs; the batch-size was set to 512 with the learning rate set
to 0.1 and decaying at epoch 30 and 60. After pre-training, the weights from the last epoch
were used as final weights for the pre-trained feature extractor and carry out the fine-tuning
for my first and my second approach.

When fine-tuning my first approach, I also pre-train the baselines for fair comparison.
I used a label smoothing of 0.5 with the pre-trained MetaOptNetSVM/Ridge® baselines
because it increases accuracy. I normalized the logits of the pre-trained prototypical network
baseline by 512 for performance. I scaled the logits of the cosine function by 10 when fine
tuning the meta-baseline? following the scaling the original authors used. When fine-tuning
my approach, I did not apply label smoothing with MetaOptNetSVM/Ridge® because it
impaired accuracy. I reduced the normalization of the prototypical network? from 512 to 5
and set the cosine scaling to 50, making it learnable by the network.

when fine-tuning my second approach, I scaled the cosine similarity of the query set by 20
and the cosine similarity of the unlabeled set by 50 with the mini-Imagenet dataset; I scaled
the cosine similarity of the query set by 25 and scaled the cosine similarity of the unlabeled
set by 50 with the tiered-Imagenet dataset. I scaled the final logits of the model using a
learnable scaling factor that I set to 50. I varied the number in the query set using multiples
of 5 in supervised learning. I also varied the number in the query set and unlabeled set in
the semi-supervised setting. I varied the number of enhancement loops used in my second
approach to discover their effect.

In both approaches, I used the feature extractor pre-trained using the base classes. [
fine-tuned for 100 epochs. Each epoch consists of 100 batches of eight episodes. I used an

SGD®! optimizer with a momentum of 0.9 and a weight decay of 0.0005. I set the learning
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rate to 0.001, which decays at epoch 90 to 0.0001. I started the validation process at epoch
90. The batch-size of my validation was set to 1000. Each batch included only one episode.
I used the same number of support, query, and unlabeled sets in the validation set. I tested
my approach by loading the weights of the best validation result. I tested using a batch-size
of 10,000. Each batch included only one episode with the same number of support, query,
and unlabeled sets that I used in the training and validation sets.

I also pre-trained the ResNet-121° feature extractor for the baselines in my first approach
for fair comparisons. I fine-tuned the baselines for my first approach.

Results are reported in Chapter 5.

5.4 Evaluation Metrics

In evaluating my results, I reported the average 5-way/5-shot and 5-way/1-shot accuracy
percentage with a 95% confidence interval. Accuracy can be calculated using the following

equation:

correctly predicted class

% 100%. (5.1)

accuracy =
Y total testing class

5.5 Summary

This chapter details my experimental design, including the four baselines to which I applied
my first approach; it also includes a fifth baseline that I used for comparing the results of
my second approach. I discussed the dataset and data preparation and how the splits were
prepared. Two datasets were used in this research: mini-ImageNet and tiered-ImageNet.
The sampling protocol for FSL was detailed for supervised and semi-supervised settings,
especially how attributes for my first approach were obtained. For reproducibility, I provided
many details about my experimental setup including the environment in which I conducted
my experiment and how I trained my models. Finally, I concluded the chapter by introducing

the evaluation metric used in this research.
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In the next chapter, I present the results of my experiments for both my first and second

approaches.
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Chapter 6

Results and Analysis

This chapter presents the results of my research along with discussion. Section 6.1 presents
the results of my first contribution. Section 6.2 presents the results of my second contribution.
My first contribution (BCAT) showed good performance with the baselines as well as how
much pre-training can help with performance. Applying this approach can improve pre-
trained baselines even further. The second contribution (PE) performed well and varying
the number of enhancement loops did affect the performance. The second approach compared

well with the baseline. The results include both 1-shot and 5-shot setups.

6.1 Results of BCAT

For BCAT, subsection 6.1.1 presents the results and compares those results to the baselines
to study the improvement. Subsection 6.1.2 presents an analysis of different hierarchical

levels of attributes to study the effect of attributes and transfer.

6.1.1 Meta-Learning/Fusion Ensemble

For a fair comparison, I used the same pre-trained feature extractor as in my BCAT frame-
work to conduct experiments with the baselines and report the results of those experiments.

The increase in accuracy is reported in this section.
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Tables 6.1, 6.2, 6.3, 6.4 list in columns from left to right the original results of the
baselines as published, followed by the results of using a pre-trained feature extractor with
these baselines, then the results of my BCAT framework, and finally, how much accuracy
increased over the better of pre-trained and published baselines. The increase shows the

marginal gain for my BCAT framework relative to all baselines.

Table 6.1: Analysis on mini-ImageNet 5-shot. Average 5-way accuracy (%) with 95%
confidence interval.

Model Baseline My pre-trained BCAT Increase

Prototypical 68.20 £ 0.66 78.11 £ 0.14 | 82.22 + 0.14 4.11
MetaOptNetSVM | 78.63 +0.46  77.21 £ 0.16 | 80.60 + 0.14 1.97
MetaOptNetRidge | 77.88 +£0.46  76.73 + 0.15 | 81.14 + 0.14 3.26

Meta-baseline 79.26 +£0.17 78.55 + 0.15 | 81.85 + 0.15 2.59

Table 6.1 shows the results for 5-shot/5-way mini-ImageNet experiments, with pre-
training improving the accuracy of prototypical networks by 9.91%. Pre-training for the
other baselines shows decreases for the other baselines. The accuracy of MetaOptNetSVM
decreased by 1.4%, MetaOptNetRidge decreased by 1.15%, and Meta-baseline decreased by
1%, which was surprising because it also relies on pre-training.

My attribute transfer framework increased the better of the published baselines or my
own pre-trained baseline. For prototypical networks, attribute transfer increased the pre-
trained baseline by 4.11%, the published MetaOptNetSVM results increased by 1.97%, the
published MetaOptNetRidge results by 3.26%, and the Meta-baseline of Chen et al. (2020)*
by 2.59%. For the Meta-baseline, I reported a conservative underestimate as my marginal
improvement because the accuracy (79.26%) that Chen et al. (2020)* reported was higher
than my results for a pre-trained model.

Table 6.2 shows the results for experiments with 1-shot/5-way mini-ImageNet. Specif-
ically, pre-training improved the accuracy of prototypical networks by 11.05%. Unlike the

5-shot experiments, pre-training also improved the accuracy of MetaOptNetRidge by 0.20%.
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Table 6.2: Analysis on mini-ImageNet 1-shot. Average 5-way accuracy (%) with 95%
confidence interval.

Model Baseline My pre-trained BCAT Increase

Prototypical 49.42 £0.78 60.46 £+ 0.21 | 66.70 + 0.22 6.24
MetaOptNetSVM | 62.64 £0.61  61.49 + 0.22 | 65.19 + 0.21 2.55
MetaOptNetRidge | 61.41 £0.61 61.61 £ 0.20 | 66.32 + 0.21 4.71

Meta-baseline 63.17 £0.23  62.30 + 0.21 | 69.40 4+ 0.22 6.23

like the 5-shot experimental results, pre-training did not improve the accuracy of MetaOpt-
NetSVM; accuracy decreased by 1.15%. The accuracy of Meta-baseline also decreased by
0.87%.

Table 6.2 does show that the attribute transfer framework increased the better of pub-
lished baselines or my own pre-trained baseline. Attribute transfer improved the results
of pre-training prototypical networks by 6.24%. The BCAT also increased the published
MetaOptNetSVM results by 2.55% and improved the results of pre-training MetaOptNetRidge
by 4.71%. Tt increased the Meta-baseline of Chen et al. (2020)* by 6.23%. As with the 5-shot
experiment, for the meta-baseline, the marginal improvement is a conservative underestimate
because the accuracy (63.17%) that Chen et al. (2020)? reported was higher than my results

for a pre-trained model.

Table 6.3: Analysis on tiered-ImageNet 5-shot. Average 5-way accuracy (%) with 95%
confidence interval.

Model Baseline My pre-trained BCAT Increase

Prototypical 72.69 £0.74 83.09 + 0.16 | 85.37 £ 0.16 2.28
MetaOptNetSVM | 81.56 +£0.53  79.75 £ 0.17 | 84.77 £ 0.16 3.21
MetaOptNetRidge | 81.34 +0.52  81.82 &+ 0.16 | 85.49 + 0.16 3.67

Meta-baseline 83.74 £0.18 83.84 + 0.16 | 85.50 + 0.16 1.66

Table 6.3, which shows the experiments for the case of 5-shot/5-way tiered-ImageNet
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experiments, that pre-training improved the accuracy of prototypical networks by 10.4%.
Pre-training also improved the accuracy of MetaOptNetRidge, which increased by 0.48%.
The accuracy of Meta-baseline also increased with pre-training (0.1%). However, the accu-
racy of MetaOptNetSVM decreased by 1.81%.

The last column in Table 6.3 shows how much attribute transfer increases the better
of the published baselines and my pre-trained baseline. The attribute transfer framework
increased the accuracy of my pre-trained prototypical networks by 2.28%, the accuracy of
MetaOptSVM increased by 2.21%, the results for the pre-trained MetaOptNetRidge accuracy

increased by 3.67%, and my pre-training of Meta-baseline increased in accuracy by 1.66%.

Table 6.4: Analysis of tiered-ImageNet 1-shot. Average 5-way accuracy (%) with 95%
confidence interval.

Model Baseline My pre-trained BCAT Increase

Prototypical 53.31 £0.89  65.49 £+ 0.24 | 71.96 + 0.24 6.47
MetaOptNetSVM | 65.99 +£0.72  61.37 £ 0.24 | 70.90 £+ 0.23 4.91
MetaOptNetRidge | 65.36 £0.71  65.61 4+ 0.23 | 72.69 + 0.24 7.08

Meta-baseline 68.62 +£0.27 67.78 + 0.23 | 76.45 + 0.23 7.83

Finally, Table 6.4 shows the experiments for the 1-shot/5-way tiered-ImageNet exper-
iments. Pre-training improved the accuracy of prototypical networks by 12.18%. It also
increased the accuracy of MetaOptNetRidge by 0.25%. However, pre-training did not im-
prove the accuracy of MetaOptNetSVM, which decreased by 4.62% and Meta-baseline, which
decreased by 0.84%.

The last column in Table 6.4 shows how much the attribute transfer framework increased
the better of published baselines and my pre-trained baseline. Attribute transfer increased
the accuracy of my pre-trained prototypical networks by 6.47%, the published MetaOpt-
NetSVM by 4.91%, the accuracy of my pre-trained MetaOptNetRidge by 7.08%. The BCAT
also increased the accuracy of the Meta-baseline of Chen et al. (2020)* by 7.83%. As with

the experiments of mini-ImageNet, for the Meta-baseline, a conservative underestimate is
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shown as the marginal improvement because the accuracy (68.62%) that Chen et al. (2020)*

reported was higher than the results for my pre-trained model.

6.1.2 Attribute Transfer

The source of attributes used with mini-ImageNet and tiered-ImageNet is WordNet¢. As
discussed in sections 5.2.2 and 5.3, the class hierarchical labelings were used as attributes.
This hierarchical labeling consisted of a path of nodes that started from the class label
and led to a root node in WordNet®°. These nodes were used as attributes for all samples

belonging to that class label. A good representation of the WordNet ¢ hierarchical labeling

L8

L7

L2

L1

LO

Figure 6.1: An ezample of a hierarchy from WordNet showing different levels of attributes.
L0 is the label level. Li for 1 > 0 are the internal levels used as attributes.

is presented in Figure 6.1. The figure shows label nodes on level LO and internal levels
Li for ¢+ > 0. In experiments, I included attributes from different internal levels of the

WordNet 3¢ hierarchical labeling. These experiments used different levels of attributes for

o4



Meta-baseline + BCAT
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69.30%
69.25%
69.20%

69.15%

69.10%
L1 L2 L3 L4 L5 L6 L7 L8

Figure 6.2: Chart showing incremental increases in accuracy as more attributes are added
from higher levels in the hierarchy. This chart is based on Meta-Baseline + BCAT with
1-shot/5-way experiments on the mini-ImageNet dataset

the complete attribute transfer framework, and the results are graphed in Figure 6.2. Then,
more experiments using only the first two steps of the BCAT were conducted and the results
graphed in Figure 6.3. Specifically, after using a pre-trained feature extractor (Step 1), I
continued inferring labels from inferred attributes (Step 2). In all experiments, I used the
Meta-baseline.

Figure 6.2 shows the results of applying the first approach to the Meta-baseline while
varying the number of levels from which attributes come. At L1, the model has an accuracy
of 69.22%; L2 gives a slightly higher accuracy of 69.24%. L3 improves the accuracy further
t0 69.30%, followed by 69.34% for L4 and 69.36% for L5. L6 improves still further to 69.40%.
L7 has the best accuracy at 69.43%. L8 includes all attributes, giving an accuracy of 69.40%
(see Table 6.2).

Figure 6.3 shows the results of applying only the first two steps of the BCAT to the
Meta-baseline. Here, the number of levels from which attributes are included also varied.

At L1, the model has an accuracy of 62.49%. This is increased at L2 to 62.58%. L3 shows
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Meta-baseline + IAP
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62.50%
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Figure 6.3: Chart showing incremental increases in accuracy as more attributes are added
from higher levels in the hierarchy. This chart is based on Meta-Baseline + IAP with 1-
shot/5-way experiments on the mini-ImageNet dataset

a slight improvement in accuracy at 62.59%. L4 improves to 62.65% accuracy. L5 also
improves accuracy, rising to 62.69%. L6 has the best accuracy for the model at 62.71%.
That accuracy is reduced slightly to 62.68% at L7, and L8 is still further reduced to 62.66%.
Evidence of transfer learning. Figures 6.2 and 6.3 show the marginal improvements
obtained at different hierarchical levels of abstraction with transfer of attributes added.
These improvements are incremental, but these experiments demonstrate that accuracy gain
attributable to transfer of attributes is achieved when inferring new labels from inferred

attributes.

6.2 Results of PE

This section presents the results of my second contribution, the prototype enhancement
technique. Subsection 6.2.1 presents the results from using the mini-ImageNet and tiered-

ImageNet for supervised and semi-supervised learning tasks and a comparison to the baseline
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(BD-CSPN?) to reveal any gain from using my PE technique. Subsection 6.2.2 shows the en-
hancement loop positively affects prototypes. Subsection 6.2.3 presents an analysis of overall
accuracy using different numbers of the query set and unlabeled set. Finally, subsection 6.2.4

shows how normalization of prototypes affects my PE technique.

6.2.1 Results and Comparison

In this subsection, I present the results of my PE technique and how it compares to my
BD-CSPN baseline. The research done by Liu et al. (2020)? is closely related to this
research. Liu et al. (2020)? reported that fine-tuning causes the feature extractor to overfit,
which leads to a decline in overall accuracy. This overfitting can be avoided by removing
their feature-shifting factor (or Cross-Class Bias Diminishing?) for the query set. Doing so
allowed fine-tuning the model without any decrease in overall accuracy and, in fact, led to a
slight increase in accuracy. Furthermore, using iterative prototypes enhancement while fine-
tuning increased the accuracy further by approximately 8.91%. Tables 6.5 and 6.6 compare
my approach with their approach. The authors experimented with ResNet-12 and WRN-
28-10 (wide ResNet-12) as feature extractors while my experiments resulted in an increase
in accuracy by a large margin, especially for 1-shot learning using a ResNet-12 as a feature

extractor.

Model Backbone | 1-shot | 5-shot

BD-CSPN? ResNet-12 | 65.94 | 79.23
BD-CSPN? | WRN-28-10 | 70.31 | 81.89
ProtoEnh ResNet-12 74.85 | 83.47

ProtoEnh ssl | ResNet-12 76.51 | 84.34

Table 6.5: Comparison for mini-ImageNet. Average 5-way/5-shot and 5-way/1-shot ac-
curacy (%) for the published results of DB-CSPN?® and the iterative prototype enhancement
technique used in this research.

Table 6.5 compares the results for mini-ImageNet for the original publication of DB-CSPN
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and the results of my PE technique, which shows a gain in accuracy of 8.91% for supervised
1-shot learning and 10.57% for semi-supervised 1-shot learning. For 5-shot learning, accuracy
increased by 4.24% for supervised learning and 5.11% for semi-supervised learning. My PE
technique shows a gain over their WRN-28-10 results of 4.54% for supervised 1-shot learning
and 6.2% for semi-supervised 1-shot learning. For 5-shot learning, the increase in accuracy
was 1.58% for supervised learning and 2.45% for semi-supervised learning.

Table 6.6 compares tiered-ImageNet models from published results of DB-CSPN and
my PE technique. My technique shows an accuracy gain of 4.29% for supervised 1-shot
learning and 5.35% for semi-supervised 1-shot learning. For 5-shot, the increase in accuracy
was 1.62% for supervised learning and 1.9% for semi-supervised learning. The comparison to
their WRN-28-10 results shows an increase of 1.72% for supervised 1-shot learning and 2.78%
for semi-supervised 1-shot learning. In the case of 5-shot, the gain was 0.4% for supervised

learning and 0.68% for semi-supervised learning.

Model Backbone | 1-shot | 5-shot

BD-CSPN? ResNet-12 | 76.17 | 85.70
BD-CSPN*? | WRN-28-10 | 78.74 | 86.92
ProtoEnh ResNet-12 | 80.46 | 87.32

ProtoEnh ssl | ResNet-12 | 81.52 | 87.60

Table 6.6: Comparison for tiered-ImageNet. Average 5-way/5-shot and 5-way/1-shot accu-
racy (%) for the published results of DB-CSPN? and the iterative prototype enhancement.

Figures 6.4 and 6.5 show the increases when the iterative prototype is used over BD-
CSPN with different feature extractors in different learning tasks. Figure 6.4 shows that
the task with the highest increase was the semi-supervised 1-shot learning task with the
mini-ImageNet dataset, which showed an increase in accuracy of 10.57%; the task with the
least increase was the supervised 5-shot learning task with the tiered-ImageNet dataset,

which showed an increase of only 1.62%. Figure 6.6 shows a similar pattern with the highest
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increase at 6.20% and the least increase at 0.40%. These two figures show that the iterative
prototype enhancement technique is most effective on the mini-ImageNet dataset when the
learning task has fewer shots. The figures also show that the semi-supervised tasks show

more increase in accuracy than the supervised tasks.

Comparsion with ResNet-12

10.57%

8.91%
i 5.11%
4.29% 4.24%
I I = =

semi-mini 1-shot  super-mini 1-shot  semi-tiered 1-shot ~ semi-mini 5-shot  super-tiered 1-shot  super-mini 5-shot  semi-tiered 5-shot  super-tiered 5-shot

Figure 6.4: The overall accuracy for my PE technique increased compared to BD-CSPN
using a ResNet-12 as a feature extractor. Mini-ImageNet is in blue, and tiered-ImageNet is
m orange.

Comparsion with WRN-28-10

6.20%

4.54%
2.78%
2.45%
1.72% 1.58%
0.68%
[ | -

semi-mini I-shot  super-mini I-shot  semi-tiered 1-shot ~ semi-mini 5-shot  super-tiered 1-shot  super-mini 5-shot  semi-tiered 5-shot  super-tiered 5-shot
Figure 6.5: The overall accuracy for my PE technique increased compared to BD-CSPN

using a WRN-28-10 as a feature extractor. Mini-ImageNet is in blue, and tiered-ImageNet
18 1N orange.

6.2.2 Enhancement Loops

To study the effect of the enhancement loops, I experimented with enhancing the prototypes

using several different iterations, then calculated the accuracy for each iteration. The fol-
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lowing four figures graph the accuracy using 1 to 6 enhancements. Figure 6.6 illustrates the
effect of enhancing prototypes more than once with enhancement loops in supervised and
semi-supervised 1-shot learning tasks using the mini-ImageNet dataset. For the supervised
1-shot learning task using the mini-ImageNet dataset, acccuracy of 69.71 % was obtained
after enhancing only once. Enhancing twice achieved 73.01% accuracy. Three enhancements
gave an accuracy of 74.52%, and four provided an accuracy of 74.85%. The accuracy de-
clined to 74.58% with five enhancements and to 74.16% with six. For the semi-supervised
1-shot learning task using the mini-ImageNet dataset, I obtained accuracy of 72.60% was
obtained with only one enhancement. Two enhancements gave 75.74% accuracy. Three and
four enhancements both provided accuracy of 76.51%. Accuracy declined with five enhance-
ments, providing 75.49% accuracy, and six gave 74.04% accuracy, which is lower than for six
iterations for the supervised task. The enhancement loop can add up to 4% improvement
for 1-shot learning when enhancing more than once. For mini-ImageNet used for super-
vised learning, the optimal number of enhancements was four (see Table 6.5). The optimal
numbers of enhancements for the semi-supervised learning with mini-Imagenet were 3, 4.

Figure 6.7 shows similar trends when the enhancement loops were applied to supervised
and semi-supervised 5-shot learning tasks using mini-ImageNet.

For supervised 5-shot learning using the mini-ImageNet dataset, enhancing once gave
82.69% accuracy. Enhancing twice achieved 83.36% accuracy. Three and four enhancements
gave an accuracy of 83.47%. At five enhancements, the accuracy declined slightly 83.45%
and six provided 83.43% accuracy.

For the semi-supervised 5-shot learning task using the mini-ImageNet dataset, enhancing
one time achieved 83.83% accuracy. Enhancing two, three, and four times achieved 84.40%
accuracy. At five enhancements, accuracy declined to 84.33% and at six declined to 84.28%
accuracy.

In contrast to 1-shot learning, enhancing more than once gave approximately 1% im-
provement in accuracy. For supervised learning using mini-ImageNet, optimal enhancements
numbered three and four (see Table 6.5). The optimal numbers of enhancements for semi-

supervised learning using mini-Imagenet were two, three, and four.
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Enhancement Loop: 1-shot mini-ImageNet
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Figure 6.6: An example of 1-shot learning with several different iterations of the enhance-
ment loop on the mini-ImageNet dataset for supervised and semi-supervised learning. This
graph shows the affect of enhancing the prototypes.

Figure 6.8 illustrates the effect of the enhancement loop as applied to supervised and
semi-supervised 1-shot learning tasks using tiered-ImageNet.

For supervised 1-shot learning using the tiered-ImageNet dataset, enhancing only once
gave 76.81% accuracy. Enhancing twice achieved 79.49% accuracy. Three enhancements
gave an accuracy of 80.40%, and four enhancements provided 80.46% accuracy. Accuracy
declined at five enhancements, falling to 80.07% and then to 79.32% at six enhancements.

For semi-supervised 1-shot learning using the tiered-ImageNet dataset, one enhancement
gave 78.55% accuracy . Enhancing twice achieved 81.00% accuracy, three enhancements gave
81.52% accuracy, four gave of 81.14% accuracy. Accuracy declined at five enhancements,
falling to 80.68% and to 80.26% accuracy for six enhancements. The enhancement loop
can improve accuracy up to 4% for 1-shot learning over enhancing only once. For supervised
tiered-ImageNet, the optimal number of enhancements was four (see Table 6.6). The optimal
number for semi-supervised learning for tiered-Imagenet was three.

Figure 6.9 shows how the enhancement loop affects both supervised and semi-supervised
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Enhancement Loop: 5-shot mini-ImageNet
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Figure 6.7: An example of 5-shot learning with several different iterations of the enhance-
ment loop on the mini-ImageNet dataset for both supervised and semi-supervised learning.
This graph shows the effect of enhancing the prototypes.

5-shot learning for tiered-ImageNet dataset.

For supervised 5-shot learning, accuracy was 86.79% after enhancing one time. Enhancing
twice achieved 87.25% accuracy. Three enhancements gave an accuracy of 87.32%, and four
an accuracy of 87.30%. The accuracy declined still further after four enhancements, 87.25%
with five and finally 87.18% with six.

For semi-supervised 5-shot learning, One enhancement led to 87.36% accuracy. Two
achieved 87.60% accuracy, and three an accuracy of 87.58%. With four enhancements,
accuracy was 87.53%. The accuracy declined still further at five enhancements (87.42%) and
finally to 87.34% with six. The enhancement loop can improve accuracy up to 4% for 5-shot
learning. For the supervised tiered-ImageNet dataset, the optimal number of enhancements
was three (see Table 6.6). The optimal number for semi-supervised learning using the dataset

was two.
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Enhancement Loop: 1-shot tiered-ImageNet
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Figure 6.8: An example of 1-shot learning using several iterations of the enhancement
loop on the tiered-ImageNet dataset for both supervised and semi-supervised learning for
prototypes.

6.2.3 Optimal Size of Query Set

The number of the query samples affects the accuracy of supervised and semi-supervised
classification. To find out how many query samples are needed, several experiments were
conducted, varying the number in the query set for both supervised and semi-supervised
learning as well as the number of unlabeled sets for semi-supervised learning. For these
experiments, the query set was limited to be 30 samples at most because, in reality, and in
few-shot learning applications, more than 30 samples is unrealistic.

For supervised learning tasks, five query samples were used initially and the number
of samples increased by five per run until 30 samples were reached. For semi-supervised
learning, a pool of 70 samples were set that both the query set and unlabeled set could draw
from. So the total number of samples for the query set and the unlabeled set was 70 with
different splits where each partition is a multiple of five up to 30 samples for query set. The

following four figures show the results.
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Enhancement Loop: 5-shot tiered-ImageNet
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Figure 6.9: An example of 5-shot learning with several iterations of the enhancement loop
on the tiered-ImageNet dataset for supervised and semi-supervised learning.

Figure 6.10 shows the effect of number of samples in the query set for supervised 1-
shot learning tasks. As the figure shows, more samples in the query set does not always
improve the performance of the model. Using the mini-ImageNet dataset at five samples
the overall accuracy was 69.23%. Increasing the number of samples to ten samples resulted
in an accuracy of 71.49%. At 15 samples, the accuracy increased to 72.70%. The accuracy
reaches its peak at 20 samples at 74.85%. Then, the overall accuracy decreased to 74.44%
at 25 samples and finally to 74.41% at 30 samples.

However, adding more samples always increased the accuracy for the tiered-ImageNet
dataset. At five samples, the accuracy was 75.18%. Accuracy increased to 77.42% with ten
samples. Accuracy increased to 79.17% with 15 samples, further increasing to 79.74% with
20 samples, 80.16% at 25 samples, and 80.46% at 30 samples. Thus, the optimal query
set size in 1-shot learning tasks for the mini-ImageNet dataset was 20 samples as reported
in Table 6.5. On the other hand, the optimal size for tiered-ImageNet was 30 samples as

reported in Table 6.6.
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Number Of Queries: 1-Shot Learning
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Figure 6.10: The effect of number of samples in the query set for 1-shot supervised learning
tasks using the mini-ImageNet and tiered-ImageNet datasets.

Figure 6.11 shows the effect of the number of samples in the query set for supervised 5-shot
learning tasks. Having more samples in the query set always improved model performance.
In the mini-ImageNet dataset at five samples the overall accuracy was 81.28%. Increasing
the number of samples to ten gave an accuracy of 82.42%. At 15 samples, the accuracy
increased to 82.86%. The accuracy reached its peak with 83.30% at 20 samples. Then the
overall accuracy decreased to 83.22% at 25 samples and then increased to 83.47% with 30
samples.

For the tiered-ImageNet dataset, at five samples, accuracy was 85.74%. Accuracy in-
creased to 86.40% with ten samples. Accuracy was 86.84% with 15 samples and then de-
creased to 86.77% with 20 samples. Accuracy increased to 87.17% at 25 samples and finally
to 87.32% at 30 samples. Thus, the optimal query set size for the mini-ImageNet dataset
was 30 samples. The optimal number for the tiered-ImageNet dataset was also 30 samples.
See tables 6.5 and 6.6 for the results.

Figure 6.12 shows the effect of varying the ratio of the samples in the query set and
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Number Of Queries: 5-Shot Learning
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Figure 6.11: The effect of the number of samples in the query set for 5-shot supervised
learning tasks using the mini-ImageNet and tiered-ImageNet datasets.

the samples in the unlabeled set for semi-supervised 1-shot learning tasks. Having more
samples in the query set does not always improve the performance of the model. In the
mini-ImageNet dataset, at the 5—65 split, the overall accuracy was 74.93%. Changing the
number of query and unlabeled samples to a 1060 split gives an accuracy of 75.37%. At
the 15—55 split, the accuracy increased to 76.38%. At the 20—50 split, accuracy decreased
to 75.27%. The overall accuracy reached its peak at 76.51% with the 2545 split and finally
decreased to 75.53% with the 30—40 split.

For the tiered-ImageNet dataset, the 5—65 split showed an accuracy of 81.09%. This
accuracy increased to 81.28% with the 10—60 split. The 15—55 split increased accuracy to
its peak at 81.52%. Accuracy then decreased to 81.26% with 20—50 split, to 80.97% with
the 25—45 split, and finally to 80.87% with the 30—40 split. This shows that the optimal
query set size for the mini-ImageNet dataset was the 25—45 split (see Table 6.4). On the
other hand, the optimal size for the tiered-ImageNet dataset was the 15—55 split (see Table
6.6).
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Query | Unlabeled Split: 1-Shot Learning
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Figure 6.12: The effect of the number of samples in the query and unlabeled sets for 1-shot
semi-supervised learning using the mini-ImageNet and tiered-ImageNet datasets.

Figure 6.13 shows the effect of varying the ratio of samples in the query set and samples
in the unlabeled set for semi-supervised 5-shot learning. Having more samples in the query
set does not always improve the performance of the model. In the mini-ImageNet dataset at
5—65 split, the overall accuracy was 84.40%. This was the peak of accuracy for this dataset
and split. Changing the number of query and unlabeled samples to a 10—60 split gives an
accuracy of 84.15%. At 15—55 samples, the accuracy decreased to 84.06%. The accuracy
at 20—50 split was 84.02%. The overall accuracy increased to 84.08% with the 25—45 split
and 84.34% with the 30—40 split.

For the tiered-ImageNet dataset, at the 5—65 split, the accuracy was 87.02%. Accuracy
increased to 87.18% with the 10—60 split. The 15—55 split increased accuracy to a peak
of 87.60%. Accuracy then decreased to 87.43% with the 20—50 split, to 87.24% at the
25—45 split, and finally to 87.23% at the 30—40 split. The optimal query set size for the
mini-ImageNet dataset was the 5—65 split, while the optimal size for the tiered-ImageNet
dataset was 15—55. See tables 6.5 and 6.6.
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Figure 6.13: The effect of the number of samples in the query and unlabeled sets for 5-shot
semi-supervised learning using the mini-ImageNet and tiered-ImageNet datasets.

6.2.4 Normalization Effect on Prototypes

Section 4.2.2 notes that embeddings of the prototypes by division are not normalized as
in most prototypical techniques?*!' because normalizing nullifies the enhancements over
multiple iterations and does not appreciably improve accuracy (even with only one enhance-
ment).

To study the effect of normalizing prototypes, the supervised 1-shot mini-ImageNet learn-
ing task was used as an example (see Figure 6.14). When enhancing prototypes only once
or twice, normalization does not affect the overall accuracy of the model.

Accuracy was 69.71% for one enhancement with or without normalization. The accuracy
then increased to 73.01% after two enhancements but was exactly the same with or without
normalization. Furthermore, starting with the third enhancement, normalized prototypes
showed less improvement in accuracy. With normalization at three enhancements, accuracy
was 74.38% while the prototypes that were not normalized at the same iteration were more

accurate at 74.52%. Enhancing normalized prototypes four times gave an accuracy of 74.38%.
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Prototypes that were not normalized gave a better accuracy (74.85%) at four enhancements
(see Table 6.4). Normalized prototypes that were enhanced five times showed a decrease
in accuracy (73.65%); without normalization, prototypes showed an accuracy of 74.58%.
Both decreased at five enhancements, but prototypes without normalization were still more

accurate than normalized prototypes.

Normalization Effect

75.50%

74.50% ® e
73.50%
72.50%
71.50%

70.50%

69.50%
1 2 3 4 5

=@==10 normalization = ==@==with normalization

Figure 6.14: Comparing prototypes that were normalized and not normalized with 1-shot
learning using different iterations of the enhancement loop on the mini-ImageNet dataset for
supervised learning.

6.3 Summary

In this chapter, I provided the results of the experiments on the mini-ImageNet and tiered-
ImageNet datasets. For my BCAT framework, I showed the performance of baselines using
original published results, demonstrating how pre-training can change these results. Finally,
I showed how applying my first approach improves those baselines. Additional experiments
showed that my first approach does transfer attributes. Tthese experiments varied levels of

the hierarchical attributes.
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I also presented the results of my PE technique compared with my baselines. Even
though my PE technique used only a ResNet-12 as a feature extractor, it outperformed
the baselines. The PE technique can add up to 10.57% and 8.91% accuracy for both semi-
supervised and supervised learning compared to baselines using a ResNet-12 as a feature
extractor. The PE technique also added up to 6.20% and 4.54% accuracy for both semi-
supervised and supervised learning compared to the baseline with a WRN-28-10 as a feature
extractor. In addition, the proposed enhancement loop improved accuracy. After optimizing
the PE technique, the optimal number of iterations required to achieve the best accuracy for
all supervised and semi-supervised learning Using the mini-ImageNet and tiered-ImageNet
datasets. Finally, my results showed that normalizing the prototypes was not optimal;
normalization does not increase accuracy, even with the enhancement loop.

In the next chapter, I recap my findings, relate them to my overall hypothesis, and discuss

future work using my contributions.
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Chapter 7

Conclusions and Future Work

In this chapter, I present a review of the claims in Section 7.1. I then give an overall summary
of my dissertation in Section 7.2. Finally, I present my conclusions and recommendations

for future research in sections 7.3 and 7.4.

7.1 Review of Claims

In this section, I review the results of my research. Subsection 7.1.1 provides an interpretation
of the empirical results. Subsection 7.1.2 presents a synopsis of contributions to the field

(see Chapter 1).

7.1.1 Interpretation of Empirical Results

Chapter 6 presents the results of the experiments that I have conducted in this research
work. My first contribution is an attribute transfer framework can be incorporated with
existing models. Using four baselines, I applied this attribute transfer, including the meta-
baseline. Further, my second contribution is a prototype enhancement technique, applied
to cosine-based prototypical networks, also improves accuracy. The Meta-baseline in Chen
et al. (2020)* can be thought of as a cosine-based prototypical network that incorporates

a pre-training strategy also used in my research. Chen et al.’s (2020)? results can thus be
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used in this section to interpret my empirical results.

My experiments with the cosine-based prototypical network using a pre-trained ResNet-
12 (Meta-baseline) provided results reported in Chapter 6 for 1-shot and 5-shot learning
tasks with the mini-ImageNet dataset. For 1-shot, I achieved 63.17% accuracy by re-running
the Meta-baseline to replicate the results as a baseline. Applying the attribute transfer
framework to the Meta-baseline increased accuracy to 69.40%, a 6.23% increase over the
Meta-baseline. Moreover, prototype enhancement shows an accuracy of 74.85% for super-
vised learning tasks, an 11.68% increase over the Meta-baseline; it also gives an accuracy of
76.51% for semi-supervised learning, a 13.34% increase over the Meta-baseline. For 5-shot
learning, re-running the Meta-baseline gives an accuracy of 78.55%. Applying the attribute
transfer technique gives an accuracy of 81.85%, a 2.59% increase over the Meta-baseline. Ap-
plying the prototype enhancement technique to supervised learning tasks gives an accuracy of
83.47%, an increase of 4.92% over the Meta-baseline. Applying the prototype enhancement
technique to semi-supervised learning tasks gives an accuracy of 84.34%, 5.79% increase over
the Meta-baseline.

This shows the following:

1. My first approach added up to 6.23% accuracy over the meta-baseline, which indicates
that my attribute transfer technique can indeed improve all the models used in this

dissertation.

2. My second approach added up to 13.34% accuracy over the meta-baseline, which in-
dicates that the prototype enhancement technique boosts the performance of cosine-

based prototypical networks.

7.1.2 Synopsis of Novel Contributions

This dissertation provides two primary contributions to the field. These novel contributions

are listed here:
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1. T successfully developed a framework for attribute transfer in FSL. This
technique is derived from zero-shot learning and can be applied to FSL

when used with a meta-learning framework.

Lampert et al. (2009)° proposed an attribute transfer technique for zero-shot learn-
ing in 2009. This technique does not work out of the box when applied to state-
of-the-art FSL models with mini-ImageNet and tiered-ImageNet in a meta-learning
framework. I successfully derived from Lampert’s technique a technique for attribute

8

transfer adapted to Few-Shot Learning (FSL) using pre-training?, probabilistic fusion®,

and metric scaling!!.

Metric-based and optimization-based models in FSL can benefit from my framework.
My framework can be applied to other models, allowing them to use attributes, some-
thing that these models could not achieve before now. The results of my research
show that applying my framework increased the accuracy of these models. While this
increase is primarily due to the fusion strategy, my framework allows these models
to experiment with natural language processing (NLP) methods by using the textual

attributes.

2. I successfully developed a technique for enhancing prototypes of cosine-
based prototypical networks using an enhancement loop in supervised and

semi-supervised learning.

Inspired by the technique developed by Liu et al. (2020)2, I developed a prototype
enhancement technique that uses pre-training? and an enhancement loop I developed,
thus achieving higher accuracy than Liu et al. (2020)3 when used with mini-ImageNet
and tiered-ImageNet datasets in a meta-learning framework. My technique can be used

by supervised and semi-supervised learning as I have shown in this work.

My second contribution expands on the research of Liu et al. (2020)2 in several ways.
First, Liu et al. (2020)® do not incorporate fine-tuning due to overfitting. I did incor-

porate fine-tuning by omitting the calculated shifting term (which Liu et al. (2020)3
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call Cross-Class Bias Diminishing) to shift the embeddings of the query set since it
impedes fine-tuning. Liu et al. (2020)3 sampled only the top predicted query samples
to enhance the prototypes; I used all query samples by using Bayesian averaging on
predictions. Liu et al. (2020)? experimented only with supervised learning tasks; I
used both supervised and semi-supervised learning. I also used a prototype enhancing
loop that increased accuracy further; Liu et al. (2020)* did not use an enhancement
loop. Finally, my results for supervised learning were more accurate than their results.
Liu et al. (2020)2 used two different feature extractors; I experimented with only one,

ResNet-12, and achieved better accuracy.

Future research should include experiments with different feature extractors.

7.2 Summary

This dissertation considers the problem of FSL, explains the meta-learning framework with
an example, and offers objectives along with research questions and novel contributions in
Chapter 1. I then reviewed research on FSL as it relates to my own research in Chapter 2,
then I discussed how my research addresses problems in current research, including complex-
ity and generalization. Chapter 3 provides information about attribute transfer, prototype
rectification, and probabilistic fusion, three methods that apply directly to my research. I
then explained in detail my two contributions in Chapter 4. I explained my experimental

design in Chapter 5. Chapter 6 provides the results

7.3 Conclusion

These experiments on mini-ImageNet and tiered-ImageNet databases using my first approach
show that attribute transfer derived from zero-shots learning can be applied to few-shot
learning when used with the meta-learning framework. Lampert et al. (2009)° had already
developed an attribute-transfer technique for zero-shot learning before the recent advances

using convnets. This technique, however, does not work out of the box when applied to state-
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of-the-art FSL models with mini-ImageNet and tiered-ImageNet databases in a meta-learning
framework. I successfully developed an attribute transfer technique derived from Lampert et
al. (2009)° and adapted to FSL; the technique uses pre-training?, probabilistic fusion®, and
metric scaling®!. My results show that my proposed attribute transfer framework not only
outperforms the baselines but also outperforms their pre-trained versions in a completely
supervised setting. Further, applying the probabilistic fusion mechanism of Zhang et al.
(2021)® achieves results superior to meta-learning baselines and competitive with the state
of the art, and allowing further improvements using attribute transfer.

Further experiments on mini-ImageNet and tiered-ImageNet databases using my second
approach show that my own technique of prototype enhancement, inspired by Liu et al.
(2020)3, can boost the performance of cosine-based prototypical network by a large mar-
gin. My results show that my prototype enhancement technique not only outperformed the
ResNet-12 results in Liu et al. (2020)3, but also outperformed the WRN-28-10 result in Liu
et al. (2020)3.

7.4 Future Work

Given my preliminary findings on choosing transferable attributes from the WordNet?3¢ hi-
erarchy, a promising direction for future research of my first approach lies in leveraging
unlabeled samples within my framework, which I am pursuing in continuing research. First,
taking advantage of unlabeled data using semi-supervised and unsupervised methods may
boost the performance of attribute transfer because, generally speaking, semi-supervised
approaches provide better performance than their supervised counterparts. Second, this
framework will further allow experiments with NLP, especially such methods as ontology ex-
traction from corpora or analogical learning cf.??. Here, mini-ImageNet and tiered-ImageNet
databases provide a data-driven foundation for learning or inferring transferable attributes,
and WordNet itself can serve as a starting point because my existing attributes consist of
words with hierarchical labeling from WordNet 3¢,

Given my preliminary findings on prototype enhancements while using ResNet-12 as a
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feature extractor, future research could focus on other feature extractors for my second
approach. While ResNet-12 is a powerful feature extractor, other, more powerful feature ex-
tractors like WRN-28-10, ResNet-18, and ResNet-50 are available. Prototype-based networks
like the cosine-based prototypical network rely on embeddings from the feature extractor, so
a better feature extractor should give better prototypes, which in turn might benefit more
from enhancement.

Finally, the fusion strategy is the most valuable factor in my first approach, and this
strategy relies on reconstructing prototypes. Enhancing these prototypes using my second
approach should boost the performance of the reconstructed prototypes. Hence, combining
my first and second approaches into a third approach that uses attributes and also enhances
the fused prototypes using enhancement loops should be a promising direction for future

research.
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