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ABSTRACT

GENERALIZED ZERO-SHOT OBJECT RECOGNITION WITHOUT
CLASS-ATTRIBUTE RELATIONS

Er, Miisliim Ersel
M.S., Department of Computer Engineering
Supervisor: Assist. Prof. Dr. Ramazan Gokberk Cinbis

February 2021, 40| pages

Over the last decade, great improvements have been achieved in image classifica-
tion performances following the advances in supervised deep learning approaches.
These supervised approaches, however, typically require substantial amounts of la-
beled training examples. Collecting and annotating such examples is a cumbersome
and error-prone task, especially when a large number of classes needs to be spanned.
One of the promising approaches towards overcoming this limitation of supervised
recognition techniques is zero-shot learning. Inspired by the abilities of human vi-
sion, zero-shot learning aims to enable recognition of novel object categories purely
based on category-wide information, which we refer to as auxiliary class information.
A more modern variant, called generalized zero-shot learning, aims to build models
that can accurately classify novel samples of not only zero-shot classes but also those
with supervised training examples. Most of the recent generalized zero-shot learning
approaches rely on attribute based auxiliary class information, where the attributes
characterising each class of interest needs to be defined by an oracle. In practice,
this dependency greatly reduces the practicality of zero-shot learning as it is often

difficult to define such class-attribute relationships. To bypass this requirement, in



this thesis, we propose a model that requires only class names of novel classes and
implicitly learns pseudo-attributes in an end-to-end manner purely based on a set of
candidate pseudo-attribute word embeddings. Such word embeddings are much eas-
ier to collect than class-attribute annotations, as one can easily select and utilize a set
of relevant words from a pre-trained language model that provides vector-space word
embeddings. Additionally, we propose a simple contrastive loss term for improving
generalized zero-shot learning based on simple class-to-class name similarity scores.
Our experimental results show that the proposed approach yields state-of-the-art class

name based generalized zero-shot learning.

Keywords: Generalized Zero-Shot Learning, contrastive loss, pseudo-attributes, word

representations
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0z

SINIF-NITELIK ILISKILERI GEREKTIRMEYEN GENELLESTIRILMIS
SIFIR-ORNEKLI NESNE TANIMA

Er, Mislim Ersel
Yiiksek Lisans, Bilgisayar Miithendisligi Boliimii
Tez Yoneticisi: Dr. Ogr. Uyesi. Ramazan Gokberk Cinbis

Subat 2021 , 40| sayfa

Son on yilda, gézetimli derin 6grenme yaklagimlarindaki ilerlemelerin ardindan go-
riintii siniflandirma performanslarinda biiyiik gelismeler kaydedildi. Ancak, bu go-
zetimli yaklasimlar, genellikle biiyiik miktarlarda etiketli e8itim verilerine ihtiyag
duymaktadir. Bu 6rneklerin toplanmas: ve etiketlenmesi 6zellikle ¢cok sayida sinifi
kapsamak gerektiginde oldukca kiilfetli ve hataya acik bir istir. Gozetimli tanima tek-
niklerine ait bu sinirin iistesinden gelmeye yonelik umut verici yaklagimlardan biri,
sifir-ornekli 6grenmedir. insanin gérme yeteneklerinden esinlenen sifir-6rnekli 63-
renme, yardimct sinif bilgisi olarak adlandirdigimiz, tamamen kategori genelindeki
bilgilere dayanarak yeni nesne kategorilerinin taninmasini amag¢lamaktadir. Genel-
lestirilmig sifir-6rnekli 6grenme adi verilen daha modern bir alternatifi ise, sadece
sifir-Ornekli siniflarin yeni orneklerini degil, aym1 zamanda gozetimli egitim 6rnek-
leri bulunan siniflarin yeni 6rneklerini de dogru sekilde siniflandirabilen modeller
olusturmay1 amaglamaktadir. Son zamanlardaki genellestirilmis sifir-6rnekli 6grenme
yaklagimlari, her bir ilgili sinifi karakterize eden niteliklerin bir uzman tarafindan ta-

nimlanmasim gerektiren, nitelik tabanli yardimci sinif bilgisine dayanir. Gergekte, bu
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tiir stnif-nitelik iligkilerini tanmimlamak genellikle zor oldugundan, bu gereklilik sifir-
ornekli 6grenmenin uygulanabilirliini biiyiik ol¢iide azaltir. Bu gerekliligi agmak
icin, bu tezde, yalnizca yeni siniflarin adlarina ihtiya¢ duyan ve sozde-niteliklerini
tamamen bir dizi aday s6zde-niteliklerin kelime temsillerine dayali olarak ugtan uca
dolayli 6grenen bir model dneriyoruz. Bu tiir kelime temsillerinin elde edilmesi, sinif-
nitelik iligkilerine gére cok daha kolaydir, clinkii vektor uzayinda kelime temsillerini
saglayan Onceden egitilmis bir dil modelinden ilgili bir dizi kelime kolayca secilip
kullanilabilir. Ek olarak, genellestirilmis sifir-6rnekli 6grenmeyi gelistirmek i¢in si-
niftan smifa isim benzerlik skorlarina dayanan karsilagtirmali basit bir kayip terimi
oneriyoruz. Deneysel sonuglarimiz, onerilen yaklasimin sinif adina dayali genellesti-

rilmis sifir-6rnekli 6grenme i¢in en basarili oldugunu gostermektedir.

Anahtar Kelimeler: Genellestirilmis Sifir-Ornekli Ogrenme, karsilastirmali loss, s6zde-

nitelik, kelime temsilleri
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CHAPTER 1

INTRODUCTION

1.1 Motivation and Problem Definition

Image classification over a small number of classes is generally considered as a well-
addressed task in computer vision with the recent advances in deep learning ap-
proaches. On the other hand, a large number of labelled training data is necessary
for these approaches. It is well known that data collection and annotation is a very
laborious task, especially in the presence of fine-grained classes. Therefore, a variety
of learning frameworks have been proposed over the past couple years towards reduc-
ing data set collection efforts, such as semi-supervised learning [[1} 2, 3]], transductive
learning [4. 5, 6], self-supervised learning [7, 8], unsupervised learning [9, [10], zero-

shot learning [[11, 12, [13]] and few-shot learning [[14} (15} [16]].

Zero-shot learning, specifically zero-shot object recognition, is the task of identifi-
cation of the objects that are not observed during training by transferring knowledge
from seen classes to unseen classes. ZSL requires shared auxiliary information among
all classes to enable knowledge transfer. Typically, these auxiliary sources can either
be attributes which indicate the presence or absence of certain visual properties in
the images of a particular class, word vectors which are high dimensional represen-
tation of the class names given by a language model learned from a corpus or textual

descriptions of classes.

Figure shows an illustration of the ZSL problem. On the upper side, there are
training samples that belong to seen classes such as horse, leopard and tiger. As
can be seen in the figure, all classes are presented as points in a vector space called

semantic space as either attribute vectors (left) or word vectors (right). In the attribute

1



Training Classes

-

Attributes Word Vectors
Black | White | Brown | Stripes| Paws "leopard”
7777777777 horse | 1 0 1 o] o] o
leopard | 1 1 Q 0 1
tiger | 1 1 0 1 1
zebra | 1 1 0 1 o]

Prediction

Black=0.9

White = 0.8
ZSL Model Brown = 0.1 zebra
Stripes = 0.95

Paws =0.2

Figure 1.1: Illustration of zero-shot learning: A zero-shot learning model aims to
recognize an unseen object defined on semantic space by learning a representation

from seen classes.

based approach, zebra as an unseen test class has common visual attributes with other
training classes such as stripes of the tiger. Since the shared attributes among the
seen and unseen classes can be visually meaningful, a ZSL model is able to recognize
unseen classes through such common attributes. In the class name based approach,
all classes are represented in terms of class name embedding vectors. Since word
embeddings are high dimensional representation of the words learned from a corpus,
they are much easier to obtain yet they typically have only weak visual clues. In
general, a zero-shot learning model aims to recognize an unseen object defined on
semantic space (as attributes or word vectors) by learning a transfer model in the

semantic space, based on the training examples of seen classes.

In conventional ZSL setting, test samples belong to only unseen classes which is not
practical in real world scenarios. Thus, we focus on generalized ZSL setting (GZSL)
[17], where the assumption is that test samples may belong to unseen or seen classes.

Xian et al. has shown that many traditional ZSL approaches perform worse in
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GZSL setting. Traditional ZSL approaches tend to produce models that fit well only
to the seen classes due to the domain shift problem, therefore these approaches have
poor performance in GZSL setting. Aiming to address this problem, inspired from
TCN [l18], we propose a contrastive loss function to make our model more robust to
the unseen classes. The intuition behind our approach is the recognition ability of
human for the objects that they have never seen but heard names of them from similar
classes. For example, we as human beings are able to recognize whether an animal
in a given image is a horse or an elephant or a humpback whale if we have already
seen an image of blue whale. In order to achieve this, we propose a contrastive loss
function which measures distance between the seen images and the closest unseen
class word vector to the true class name vector of the seen images. Thus, we enable
the model to learn unseen classes from seen classes that have similar names and force
the model to be more robust to unseen classes. In other words, our model learns

unseen classes from samples that belongs to similar seen classes.

In addition, some traditional ZSL approaches [19] which use word vectors, learn a
mapping from visual space to semantic space. However, these approaches are not
able to perform well in GZSL setting due to lack of visual information in semantic
space. For example, an image of horse has attributes such as tail, head, leg etc.
which are some kind of visual information. However, the word representation of
the horse itself does not contain any visual clue. Aiming to overcome this problem,
similar to the intuition in A2CN [20], we propose to incorporate attribute names or
attribute semantic vectors into our ZSL model. Thus, we aim to utilize attribute names
to decrease the gap between visual space and semantic space while improving the
recognition. Different from A2CN [20], we define a flexible model that allows us to

use not only attribute name embeddings but also arbitrary word embeddings.

Finally, we conduct extensive experiments on five zero-shot learning benchmarks
which are CUB [21], AWAT [11]], AWA?2 [17], SUN [22] and APY [23]. We specif-
ically compare against baselines on class name based GZSL, which is known to be
a more practical yet more difficult problem, compared to GZSL based on (manually)
predefined per-class attributes. Experimental results show that our approach improves

the baseline and outperforms state of the art models.



1.2 Contributions and Novelties

Main contributions of this work are as follows: First, we explore the use of im-
plicitly recognized visual concepts as mid-level concepts, which we call pseudo-
attributes, for attribute-free GZSL. Our model, namely pseudo-attribute name em-
bedding (PANE), learns pseudo-attributes internally through end-to-end training. Sec-
ond, to address the problem of over-confident seen class predictions, we propose a
contrastive loss term by using class similarities of the seen and unseen classes, thus
the model becomes more robust to unseen classes. Experimental results shows that
the contrastive loss term greatly improves the performance of attribute-free GZSL.
Third, we explore the use of pseudo-attribute names in order to tackle the lack of
visual clue in class name word representations. In addition, we show that the pro-
posed contrastive loss term can be applied to other models. In particular, we show
that our novel loss term improves attribute-free GZSL performance of not only our
model but also that of the basic ALE [24] model. Finally, unlike commonly stud-
ied attribute based GZSL methods, our approach does not require prior knowledge
on class-attribute relations, which are cumbersome to collect, during training or test-
ing. Instead, our approach requires only class name embeddings and attribute name

embeddings.

1.3 The Outline of the Thesis

The rest of the thesis is as follows: In Chapter [2] we review the most relevant works
and discuss the similarities and differences to the proposed approach. In Chapter
we explain our proposed approach to the problem of object recognition in GZSL. In
Chapter [} first of all, we give details about the experimental setup and then provide

the experimental results. In Chapter[5] we summarize and conclude the thesis.



CHAPTER 2

RELATED WORK

In this section, we review the most related works to our approach and recent works
of ZSL. In Section we review the ZSL literature and group the works. In Section
[2.2] we discuss the differences and similarities of our approach to the closest works

in detail.

2.1 Zero-Shot Learning

2.1.1 Discriminative and generative approaches

In the last decade, a significant amount of work has been reported in the literature
of ZSL. Compatibility based approaches, such as DEVISE [25], ALE [24], SJE [26],
ESZSL [27], learn a linear compatibility function between the visual space and se-
mantic space. In contrast to linear approaches, LatEm [28]] proposes non-linear com-
patibility function and CMT [29] learns non-linear mapping from visual space to
semantic space. [23} 24} 27, 28, 29] learn mapping from one modality to another.
Alternatively, JLSE [30] maps the visual space and the semantic space into two la-
tent spaces and learns a compatibility function over the latent spaces whereas SSE
[31] maps the visual and semantic space into a common intermediate space. Al-
though these approaches [25, 24, 27, 28} 29, 30, 31}, 132]] have key differences from
each other, they can be grouped as discriminative methods where the models learn to

estimate associations between the visual space and the semantic space.

Although several works build on discriminative learning formulations, in recent years,

generative methods have gained attention in the ZSL literature [33, 34, 135, 136, 137,
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38l]. GFZSL [33]] models the class-conditional distribution as a Gaussian and learns
mapping from semantic space to latent space. GMN [34], CADA-VAE [36], f-
CLSWGAN [37] and f-VAEGAN-D2 [38]] learn to synthesize image features from
class semantics e.g. attribute vectors and convert the ZSL problem into the traditional
supervised object classification problem and learn a discriminative model in a super-
vised setting. Generative models have shown remarkable performance in zero-shot
object classification, however, they are typically greatly more complicated and often

difficult to tune. In this work, we focus on discriminative approaches.

2.1.2 Transductive learning

Another direction of zero-shot learning is transductive learning [4] where the assump-
tion is that it is allowed to access unlabelled samples of the unseen classes. Typically,
transductive methods aim to solve the domain shift problem [4]. In general, transduc-
tive ZSL approaches substantially outperforms the inductive approaches due to use
of unseen data during training or in the pre-training phase [39} 15, 16, 40]. However,
arguably the transductive setting is against the nature of the ZSL in most practical
scenarios. In this work, therefore, we do not study transductive zero-shot learning.
In addition, it is not fair to compare any inductive approach against the transductive
ones. Thus, we don’t compare our method against transductive ZSL approaches in

our experiments.

2.1.3 Semantic space

In zero-shot learning literature, all class labels (seen and unseen) are defined on a
common vector space, called semantic space, which enables to transfer knowledge
from seen classes to unseen classes. Existing ZSL. works use different semantic
spaces; a large group of work, such as ALE [24], TCN [18]], APN [41], DAZLE
[42], RNet [[14], DVBE [43]] uses human-annotated attribute vectors which indicate
the presence or absence of the attributes on the classes. Some of these works, such as
ALE [24], and others, such as ConSE [19], LatEm [28], CAPD [44] (alternatively) use

word embeddings [43) 46l], which are high dimensional representation of the words
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learned from a corpus and also some works [47, 48, 49,|50] use textual descriptions of
classes for semantic embeddings. Typically, methods that leverage attributes as aux-
iliary sources outperform the others due to richer visual information. In this work,
although the attributes represent the classes better in semantic space, we focus on the
use of word vectors since obtaining attribute vectors typically require manual human

annotations which are very difficult to collect in most cases.

2.2 Discussion on Closest Approaches

2.2.1 Domain shift problem and score calibration

Zero-shot learning methods are biased to seen (source) classes since (i) models are
trained over seen class samples and (ii) unseen (target) and seen data have different
distributions due to having completely disjoint sets. This is one of the main chal-
lenges in ZSL, and closely related to the domain shift problem [4] in general. To
address this issue, a recent work TCN [[18]] argues that unseen classes can be learned
from the similar seen classes and proposes a contrastive model by using the class
similarities. The goal of the TCN is to make the model more robust to the unseen
classes. TCN [18] uses sparse coding to compute the class similarities, instead we
directly use cosine similarities of the class name embeddings which is a way simpler
but still efficient. And also they use attributes whereas we use GloVe [45] word rep-
resentations of the class names as semantic embeddings. It is likely to obtain more
reliable class similarities when attributes are used as class embeddings due to richer
visual information. However, our work aims to eliminate the need of attributes for

zero-shot learning, thus we learn class similarities over the class name embeddings.

Deep Calibration Networks (DCN) [51]] is another close work to ours which projects
visual representations of the images and semantic representations of the classes into a
common space to maximize the compatibility of the seen samples to both the seen and
unseen classes. DCN [51] applies temperature calibration [52] over the seen classes
and uncertainty calibration over the unseen classes in order to handle the problem of
overconfidence to the seen classes due to training the deep networks by only seen

samples. Different from DCN [51], we compute the cosine similarities of seen and
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unseen classes to apply contrastive loss function. In addition, our model learns a
compatibility function that maximizes the relevance score of the samples with the
true classes where DCN [51]] directly uses cosine similarity to compute the com-
patibility and applies calibration. Lastly, another completely different point of our
approach compared to DCN is that our model learns mid-level representations via

pseudo-attributes.

2.2.2 Class name embeddings

Our model implicitly learns mid-level representations and combines them with at-
tribute name embeddings. In a variant of our model, we replace the attribute name em-
beddings with the class name embeddings which makes the model similar to ConSE
[19]], however our model differs in many fundamental ways. ConSE [19] is a two-
stage approach: first it predicts seen class probabilities and computes the convex
combination of the class semantics which can be either attributes or word represen-
tations of the seen classes with pre-computed class probabilities in order to project
the given images into semantic space. Unlike ConSE [19], our model is trainable in
an end-to-end manner, therefore our model allows using arbitrary word embeddings
such as name embeddings of the seen classes, unseen classes or all of them in order
to compute convex combinations. In addition, ConSE [19]] incorporates only positive
convex combinations due to the probabilistic approach whereas our model is able to
combine the additive and subtractive combinations of the class name embeddings.
Finally, we explicitly handle the score calibration problem for generalized zero-shot

learning.

2.2.3 Attribute name embeddings

In our work, we focus on the use of attribute names or attribute semantic vectors
towards improving recognition. Another work that utilizes attribute names is SGV
[S3]] which aims to regularize graph convolutional network to improve their results.
A recent work DAZLE [42] extracts attribute features in an image and aligns them

with attribute word vectors to predict the scores of the attributes in the image which



is used for computing final score.

Demirel et al.’s approach [20] which is one of the closest work to our approach also
uses attributes names but for a very different purpose, where the goal is to avoid
the need of attributes of unseen classes. Our model formulation is inspired from
Demirel et al.’s model [20]], but differs in many details: (i) our model does not re-
quire attribute-class relations for the training classes, (ii) we use pseudo-attributes,
instead of attributes, as mid-level constructs, which allows us to use other visually
relevant concepts such as class names, (iii) our model incorporates not only positive
convex combinations but arbitrary (additive and subtractive) combinations of mid
level concepts. In addition, our model incorporates the additional GZSL loss term

and is trainable in an end-to-end manner.

2.2.4 Baseline method: Attribute label embedding

One of the similar approaches to our work is the Attribute Label Embedding (ALE)
[24]. Our model learns a compatibility function similar to the ALE [24] method, how-
ever there are some major differences in detail. First of all, ALE [24] learns the com-
patibility function using image representations and the class embeddings whereas our
model uses image representations to obtain pseudo-attribute based image embedding
which is the weighted sum of the attribute name embeddings with the corresponding
pseudo-attribute predictions. Afterwards, pseudo-attribute based image embeddings
and the class name embeddings are projected to a common space to learn the compat-
ibility function that maximizes relevance score for the true class label. Our approach,
in essence, learns mid-level concepts to estimate the compatibility of the image and
the class name embeddings. Another major difference is that our model utilizes at-
tribute name embeddings to reduce the gap between visual space and the semantic
space. In addition, the original ALE method uses a ranking based loss function while
our model is trained optimizing an contrastive loss function which makes the model

more generalized to unseen classes.

Experimental results of ALE [24] that are provided by [17] are obtained using at-
tribute vectors as class embeddings. However, for fair comparison, we need to have

word embedding based results. Thus, we re-implemented ALE with class name em-
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beddings. In Section 4.2.2] we present experimental results that are obtained by ap-

plying our proposed contrastive loss function and discuss them in detail .
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CHAPTER 3

METHOD

First we define the problem of ZSL and GZSL in Section [3.1] In Section 3.2] we
explain our approach to the ZSL and GZSL problem. In Section [3.3] we present our

contrastive loss function that significantly improves the GZSL performance.

3.1 Problem Definition

For the task of zero-shot learning we assume that we have two disjoint sets called
seen classes Vs = {1,...,C;} and unseen classes V, = {Cs+ 1,...,Cs + C,} such
that they do not have a common class label V; N Y, = (). Therefore, the set of all
class labels corresponds to V.; = Vs U V.. In addition, we have N labelled images
from only seen classes for training set Dy, = {(z;,v;) | z; € X, y; € ys}jil , where

X denotes the visual space.

In order to relate seen classes with unseen ones we have a unique semantic repre-
sentation for each class. One option for these semantic representations is attribute
vectors describing the relevance of each attribute for each class. While attributes pro-
vide powerful class representations and commonly used in most ZSL and (nearly all)
GZSL approaches, they are often difficult to collect and annotate. Therefore, in this
thesis, we presume that we do not have access to attribute-based class definitions and
rely on only d,-dimensional vector space embeddings of class names, which can be
obtained using unsupervised word embedding models trained on relevant text cor-

pora.
In our work, instead of building a model that relates image features directly to class
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features, we aim to benefit from textual concepts, represented in the vector space word
embeddings, as a mid-layer representation. Since we aim to take such a candidate set
of mid-level word representations and leverage them in inferring an image represen-
tation tailored for zero-shot recognition purposes, we refer to these candidate words
as pseudo-attributes. Our approach does not require any additional supervision and
agnostic to the choice of such mid-level concepts, therefore, provides the flexibility
of using any set of word embeddings for this purpose. In our experiments, we explore
the use of a variety of such pseudo-attribute candidates, including actual attribute
names, without requiring class-to-attribute annotations, and seen and/or unseen class
names. In our formulation below, we refer to each candidate pseudo-attribute a’s

embedding as z, € R% .

In our experimental setup, we presume that each image is represented by a d,, dimen-
sional feature vector, extracted using a pre-trained ConvNet. In the training set, each
image x; is paired with a class label y; € ). Additionally, we have access to a set
of pseudo-attribute words and their word embeddings, with no per-class annotations
regarding the pseudo-attributes. The goal, in conventional ZSL, is to learn a classi-
fier on D, in order to predict the class label of an test image belonging to unseen
classes f.q: X — ),. In GZSL, the test image may belong to unseen classes as

well as seen classes, therefore, the goal is learning a more comprehensive classifiers

fozsi? X = Vau .

3.2 Proposed Approach

In this section we explain our novel approach, which we call pseudo-attribute name

embedding (PANE).

One of the main goals of this work is to utilize (pseudo)-attribute names to fill in the
visio-semantic gap between the visually-rich image features and the semantically-rich
class word representations. For this purpose, we first aim to determine the presence
(i.e. relevance) of the pseudo-attributes in a given image. Let g: R% — R" be
the pseudo-attribute prediction function that predicts the presence or absence of the

pseudo-attributes in an image x, where € R% is the d,, dimensional feature repre-
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sentation of the image = and n, is the number of pseudo-attributes. Pseudo-attribute
predictions are combined with pseudo-attribute names by computing an unnormal-
ized weighted sum of attribute name embeddings, where each name is scaled by the

corresponding prediction:
V(@)= l9()], % (3.1)

where z, is the word representation of the pseudo-attribute name a, 2, € R% . The
output is a d, dimensional word representation of the image x. We refer to ¢)(x) as
pseudo-attribute based image embedding. In our experiments, we express g(x) in
terms of a fully connected layer with tanh activation function. Here, we intentionally
choose an activation function with both positive and negative output possibilities to

let model learn not only additive but also subtractive accumulations.

To obtain a zero-shot predictor, we define a compatibility function f: R% xR% — R:

f((x), 2 0) (3.2)

where 6 is the trainable parameters of the compatibility function. The role of the
compatibility function is to measure the relevance of the input pseudo-attribute based

image embedding () and the given class embeddings z. € R for some class c.

One simple option to construct a compatibility function is to use a bi-linear model
between the pseudo-attribute based image embeddings and the class embeddings,
as a commonly used in attribute-based zero-shot learning models, e.g. ALE [24].
We, however, have observed in our preliminary experiments that the model yields
significantly higher results when it is expressed as the dot product of transformed
pseudo-attribute based image embeddings and class name embeddings, probably due
to weaker class knowledge provided by the class name embeddings, compared to

attribute based definitions. Therefore, we define f as follows:

fW(x), z.) = U(tanh(Hz‘Zzb(x))T tanh(6” z.)) (3.3)

where 0, and 0, correspond to the trainable parameters of two fully-connected layers
with tanh activation functions. This definition, therefore, non-linearly transforms

input image and class embeddings into a shared space with activation values in range
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(—1,+1) and computes the correlation in this space. The final score is computed

through sigmoid o ().

Relation to existing methods. We note that our compatibility function takes the same
role as in other label-embedding methods, but instead of directly utilizing the original
image descriptors, it uses the pseudo-attribute based image embeddings. Our model
is also closely related to A2CN [20], which also aims to compute an attribute-driven
embedding of images as a mid-level representation for comparing against class name
embeddings. Our model PANE has, however, in the following notable differences:
(i) while A2CN requires class-attribute definitions of training classes, PANE requires
no such annotations; (ii) while A2CN specifically requires a set of attributes and their
vector space embeddings, where visual attribute name embeddings can be uninforma-
tive (such as names of color attributes) or hard to extract, PANE can utilize any set of
(meaningfully chosen) names and their embeddings (such as class names) as pseudo-
attributes; (iii) while A2CN requires pre-trained attribute recognition models, PANE
is trained in an end-to-end manner, without requiring explicit attribute recognition

models.

3.3 Contrastive Loss

In order to enable model to infer from seen samples simply we can apply cross-

entropy loss function over the seen classes for training:

N Cs
£CE = — Z Z ti,j IOg(SZ‘j) (34)

i=1 j=1
where s;; = f(1(2;), 2,:0) is the compatibility score of the image x; and the j-th
class, and ¢; ; is the truth value which takes 0 or 1 according to following condition:

1a i — G4
t; = o (3.5)

0, otherwise

However, Eq. [3.4] alone is not sufficient for modeling unseen classes. Therefore, we
propose to add a new loss term called contrastive loss term which is computed over

the unseen classes. It is important to note that, we are not able to access the samples
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Figure 3.1: Illustration of the proposed approach.

which belongs to unseen classes. Thus, we utilize seen samples as well as similarities

of the seen and unseen classes to enable contrastive learning:

N Cs+Cy

£C = — Z Z ti,j 10g<sij) (36)

i=1 j=C,+1
where ¢, ; is again the truth value. However the true class label is y; which is among
the seen classes ) and it is not possible to compute the ¢; ; with Eq. @ In order to
learn the unseen classes, we compute Eq. [3.6 as if the image z; belongs to an unseen
class. To do that we use class similarities of the seen and unseen classes and find the

most similar unseen class to each seen class y;:

1, j = argmax, cossim(y;, ¢
ty = J g e (yi, ¢)) 3.7)

0, otherwise

where similarity function cossim() is the cosine similarity of the word vectors and
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computed as follows:

cossim(y;, ¢) (3.8)

AT EA|

Finally, we formulate the total loss by integrating cross-entropy loss computed with

Eq. [3.4)and the contrastive loss computed with Eq. [3.6}

L= ECE + CVEC (3~9)

where « is the hyper-parameter to be learned which aims to adjust the contrastive loss

term.

The overall approach is summarized in Figure [3.1] For a given image, we obtain
image features from a pre-trained network. The image features are forwarded to the
function g in order to obtain pseudo-attribute predictions. After that, pseudo-attribute
based image embedding v(z;) is obtained by computing the weighted sum of the at-
tribute name embeddings with corresponding pseudo-attribute predictions. The final
score s;; is obtained through the function f by comparing the name embedding of
the class j and the pseudo-attribute based embedding of the image ¢. L is computed

over the unseen classes and L¢ g is computed over the seen classes.

It is important to notice that the contrastive loss term can be used with any other
method. In Chapter 4] we present extensive experiments to show the efficiency of our

approach and the novel loss term.
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CHAPTER 4

EXPERIMENTS

We conduct extensive experiments to measure the performance of our approach. In
this section, first we explain our experimental setup in detail and then we present our

experimental results.

4.1 Experimental Setup

4.1.1 Dataset

We experimented our proposed approach on five widely used GZSL benchmarks that
are proposed by [17]: AWA1, AWA2, APY, CUB and SUN. As it is stated in [17],
some test classes of these datasets are among the 1K classes of ImageNet and image
features are extracted through pre-trained Deep Neural Networks (DNNs) such as
ResNet [54] which are trained with ImageNet 1K dataset. It is against the nature of
ZSL to have test samples whose class labels are known by the pre-trained networks.
[177] emphasizes that accuracy of the overlapping test classes are higher than the other
test classes. Therefore, [17] proposes new dataset splits called proposed splits (PS)
ensuring that none of test classes are included in ImageNet. In addition, [[17] a new
dataset called Animals with Attributes2 (AwA?2) to enable vision research on the AwA
dataset since images of the original AWA (or AwA 1) dataset are not publicly available.

In our experiments, we use only proposed splits (PS).

Table [.1] shows the details of the used datasets on our experiments. Attribute Pas-
cal and Yahoo (aPY) [23] is a small scale and coarse grained dataset that contains

18,627 images, 20 classes from aPascal and 12 classes from aYahoo. Animals with
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Dataset Granularity Image Att Train + Validation Test All
APY coarse 15339 64 15+5 12 32
AWA1 coarse 30475 85 27+ 13 10 50
AWA2 coarse 37322 85 27+ 13 10 50
CUB fine 11788 312 100 + 50 50 200
SUN fine 14340 102 580 + 65 72 717

Table 4.1: Statistics of the used datasets in experiments.

Attributes (AwA) [11] is a medium scale and coarse grained dataset containing 30,475
images from 50 animal classes. AwA?2 which has the characteristics of AwA1 con-
tains 37,322 images. Caltech-UCSD-Birds-200-2011 (CUB) [21] is a medium scale
and fine grained dataset that contains 11,788 images from 200 different types of birds.
SUN Attribute (SUN) [22] is a medium scale and fine grained dataset that contains
14,340 images from 717 different types of scenes. Following [17] we use 15, 27, 27,
100, 580 classes for training, 5, 13, 13, 50, 65 classes for validation and 12, 10, 10,
50, 72 classes for test respectively for aPY, AwA1, AwA2, CUB and SUN datasets.

Table also shows the number of attributes for each dataset. Each object class in
aPY dataset is annotated with 64 attributes such as "Ear", "Nose", "Eye", "Plastic",
"Wood", "Cloth" etc. Each class in AwA1 and AwA?2 datasets is annotated with 85
attributes such as "stripes", "paws", "tail" etc. CUB and SUN datasets have more
per-class attribute annotations according to aPY and AwA, they have 102 and 312 re-
spectively. Note that we only use the attribute name embeddings instead of attributes

itself.

4.1.2 Attribute name embedding

In our experiments, first we need to obtain the attribute name embeddings in order
to investigate use of attribute names improves the recognition. We opt to use un-
cased 300-dimensional Global Vectors for Word Representation (GloVe) [45] which
is trained on common crawl data. The reason we used uncased representations is that

having a capital letter in the name of the attributes has no significant importance.

In general, we use the vector itself if the attribute name consists of only one word, we
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use the average of the vectors of the words contained in the attribute name otherwise.
However for some cases we need to take additional actions. For example; all attribute
names of the CUB [21]] dataset start with the word "has". We discarded "has" when
computing the average of the word vectors. Another exception is that we could not
directly obtain the vectors of some attribute names of AwA [11] and we had to split
the words manually. For example; "chewteeth" is the original name of the attribute
in AwA, however we had to split it as "chew-+teeth" then find each word vector and
take the average of it. Also some attribute names contain additional information in
parentheses such as "has_size::large_(16_-_32_in)" which, in our opinion, may cause

noise. Thus we removed the additional information from the original name.

4.1.3 Class embeddings

In general, either per-class continuous attribute annotations or class name word rep-
resentations such as Word2Vec [46] and GloVe [45] are used as class embeddings
for ZLS. However, attributes are preferred more than the word representations since
attributes contain richer visual information which leads to higher experimental re-
sults. Especially, in recent years, most of the works use attributes provided by [17].
However, it requires very significant human effort to annotate all the images which
is also not suitable for real world problems. Thus, we believe that using class name

embeddings is more valuable for ZSL tasks.

In order to obtain class name embeddings, we followed the steps as we obtain the
attribute name embeddings. If the class name consists of only one word, we directly
get the GloVe [45] of the word, otherwise we compute the average of the vectors of
each word in the class name. Again, we opt to use uncased and 300-dimensional

GloVe [435]] to obtain class name embeddings.

4.1.4 Evaluation protocol

In our experiments, we measure the top-1 mean class accuracy in order to avoid mis-

leading results by most populated classes. Therefore, we take the sum of the per-class
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top-1 accuracy and we compute the average by dividing the number of classes.

|C] . )
1 # of correctly predicted samples in ¢
acc, = — 4.1
i C§_lj @.1)

# of samples in ¢

In ZSL, at the evaluation time, the model is restricted to unseen classes to assign the
samples, however in GZSL setting the model includes both the training classes and
the test classes to assign the samples. Following [17/], we evaluate our experimen-
tal results by computing the harmonic mean which forces the both the unseen test

accuracy acc, and seen test accuracy acc, to be high.

2 X accg X accy,

H = 4.2)

accg + acey,

4.1.5 Implementation details

We implmented our approach using PyTorch [35]. For function g, we use a fully-
connected layer to transform image features to the same dimension of mid-level rep-
resentations such as pseudo-attributes. For function f, we use two distinct fully-
connected layers to linearly transform pseudo-attribute based image embeddings and
the class name embeddings to a common space without changing the dimensions. We
use hyperbolic tangent functions as output of the all fully-connected layers. We train
our model by optimizing the Eq. We use ADAM [56] for stochastic optimization.
We fine-tune the hyper-parameters on validation set provided by [17]. For fair com-
parison, we selected the hyper-parameters separately for each individual experiment.
We selected the learning rate in [107°, 1072], weight decay in [0, 0.9], batch size in
[128,2048] and «v in [1073, 1]. We run all of the experiments for 5 times with exactly

same settings and reported the average values in the experimental results.

4.1.6 Baseline methods

We compare our approach with state of the art methods reported by [[17]: DAP [11],
IAP [[11]], ConSE [19], CMT [29], SSE [31], LATEM [28]], ALE [24], DEVISE [235],
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SJE [26], ESZSL [27], SYNC [57], SAE [58] and GFZSL [33]]. However, results of
these methods in [17] have been reported by using attributes as class embeddings.
For fair comparison, we need to have word embedding based results. Since label
embedding is shown to be a versatile and stable approach [17], we use ALE [24] as

our baseline method. We reproduce ALE results with class name word vectors.

4.2 Experimental Results

4.2.1 Sanity check

We conducted extensive experiments on five benchmarks to measure the performance
of our approach. For fair comparison we use the image features provided by [17]
however the baseline methods are evaluated by using attributes whereas our method
is evaluated using unsupervised class name word representations. Therefore we opt
to re-evaluate ALE [24]] method with class name embeddings. However, for sanity
check, we re-evaluate ALE [24]] method with attributes and compare our results with
the one that is reported by [17]. Table[d.2]shows that our reproduced results are close
to the original one. The ALE* is the re-evaluated results of the ALE with attributes.
For all of the datasets, ZSL results of ALE and ALE* are consistent and the difference
between these two methods is less than 4.3%. On the other hand, we compare H
scores of the GZSL results and the performance difference between ALE and ALE*
is less than 1.7% for all the datasets except SUN. The H score of our implementation
for the SUN dataset is greater than the original one by 4.2%. The re-evaluated results
for APY and CUB are slightly better, but slightly worse for AWA1 and AWA2. It
is obvious that the H scores of the two methods are also consistent. In our opinion,
small differences in performances is due to the small implementation differences such

as optimizer and also the hyperparameter tuning.

4.2.2 Generalized zero-shot learning results

In this section we present our experimental results in GZSL setting where a test sam-

ple may belong to seen or unseen classes. Here, we compare our method with the
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GZSL
Dataset Method ZSL u S H
ALE 397 46 737 8.7
APY ALE* | 354(43) | 51 627 94
ALE 59.9 168 761 275
AWAL | ATE* | 614 155 763  258(-1.7)
ALE 62,5 140 3818 239
AWAZ | ALE* | 617(-08) | 13.6 658 22.5(-14)
ALE 549 237 6238 34.4
CUB ALE* | 56.3 246 644 356
ALE 58.1 218 331 263
SUN ALE* | 62.4 252 388 305

Table 4.2: Sanity check for the implementation of ALE

baseline method ALE [24] and methods that use word vectors as class embeddings.
Table [4.3] shows the detailed results of our experiments where u is the top-1 accu-
racy of the test samples belongs to unseen classes, s is the top-1 accuracy of the test
samples belongs to seen classes and H is the harmonic mean of the u and s which
evaluates the performance of the method. s and u is computed using Eq. and H
is computed using Eq. SS stands for semantic space that is used by models and
based on attributes (A) or word vectors (W). According to results in table [4.3] using
class name word vectors instead of attributes as class embeddings on ALE* method
dramatically decreases the performance of the method in H score for all dataset ex-
cept APY. It is obvious that using class name word vectors is more challenging since

class name representations don’t have visual clues as attributes have.

It is important to note that, proposed contrastive loss term is applicable to any other
model. In our experiments we also apply contrastive loss to the ALE method. Ta-
ble also shows that using the proposed loss term significantly improves the per-
formance of the model for the unseen classes. For APY dataset, ALE*-C obtains
27.2% in H score that is the second highest score among all of other methods and
improves the word vectors based ALE* by 12.6%. For AWA1, AWA2 and CUB
datasets, ALE*-C greatly improves the word vector based ALE* by 13.3%, 18.2%
and 4.2% respectively. However, for the SUN dataset, proposed contrastive loss term
does not improve the performance of the word vector based ALE* since the 0.4% im-

provement on test samples which belongs to unseen classes is not significant enough
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APY AWA1 AWA2 CUB SUN
u S H u s H u s H u S H u S H
CAPD [44] 432 464 447 | - - - 1303 72 117
A2CN* [20] | A+W | 9.2 258 135| 94 346 147 | 84 205 112

Method SS

<

ALE* [24] A 5.1 627 94 | 155 763 258 |13.6 658 225|246 644 356|252 388 305
ALE* [24] w 86 660 146| 45 845 85| 30 890 58 | 37 598 7.1 | 61 353 104
ALE*-C W | 176 603 272 |17.8 289 21.8|183 370 240| 6.7 359 113]| 65 196 9.7
PANE w 76 685 136 | 38 664 73 | 24 802 45 |32 386 6.0 | 68 228 105
PANE-Cgc W | 205 70.8 31.8|21.3 627 31.7|183 56.7 276|108 195 139 | 83 31.0 13.1
PANE-C W | 213 66.6 323|246 604 348|234 594 332 |97 273 142|194 182 188

Table 4.3: Comparison with word vector based methods and baseline method ALE
[24]. Best results are represented as bold. "*" means that the method is implemented

nan

by us. indicates that no result reported in the corresponding paper. "-C" indicates
that proposed contrastive loss is applied. A2CN required attribute-based seen class

definitions at training time, therefore, categorized as A+W.

to make a substantial improvement in the harmonic mean score.

On the other hand, compared to word vector based ALE* our method PANE without
contrastive loss term performs slightly worse. The difference between PANE and
word vector based ALE* is less than 1.3% for all the datasets. However, when the
contrastive loss is applied to our model, PANE-C outperforms all other word vector
based methods except CAPD [44]] on AWA1 dataset. For APY, AWA2, CUB and SUN
datasets, PANE-C obtains 32.3%, 33.2%, 14.2% and 18.8% respectively in H that are
the highest scores among all of other word vector based methods. These results are
greater 17.7%, 27.4%, 7.1% and 8.4% respectively than the word vector based ALE*.
For AWA1 dataset, CAPD [44] performs better than our approach by 9.9%. However,
For CUB dataset our model PANE-C performs better than CAPD [44] by 2.5%. It is
obvious that our approach significantly improves the baseline methods especially for

the coarse-grained datasets.

In addition, we compare our results with Demirel et al.’s approach [20] which is one
of the closest work to our approach. Our model formulation is inspired from Demirel
et al.’s model, but differs in many details as discussed in Chapter @ First of all, for
fair comparison, we implemented the Demirel et al.’s approach A2CN [20] since the

reported results are not evaluated in GZSL setting. For the implementation, we use
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image features provided by [[17] and same Glove [45] word vectors as in our own

experiments.

A2CN [20] is a two-step approach; first it trains binary attribute classifiers to recog-
nize the attributes for a given image. Then it learns a transformation function using
predicted attributes, attribute name embeddings and class name embeddings. There-
fore, firstly, we trained attribute classifiers using training samples. After that, we
implemented the model as in explained in the paper. Table [4.3| presents the compari-
son of our method with the A2CN [20]. Our approach without contrastive loss term,
PANE, performs close to A2CN [20] method for only APY dataset. For AWA1 and
AWA?2 datasets the resulsts of PANE is under the performance of the A2CN [20] by
7.4% and 6.7% respectively. However, our method PANE-C which uses additional
contrastive loss greatly outperforms the A2CN [20].

Additionally, our novel contrastive loss term is inspired from the TCN [[18]] approach
which proposes a novel way that is similar to sparse coding (sc) in order to learn
similarities between the seen and unseen classes. Unlike TCN [18]], in this work, we
directly use cosine similarity on the word vectors of the class names to obtain the
class similarities. In order to show the effectiveness of the proposed contrastive loss,
we apply class similarity learning method in TCN [18]] to our approach and present
the experimental results in Table 4.3|as PANE-Cgc. We would like to emphasize that,
in these experiments we change only the obtaining method of the class similarities,
we still use our own contrastive loss function to optimize the model. For APY and
CUB dataset, PANE-Cgc obtains 31.8% and 13.9% respectively in H score which
are quite close to results of PANE-C. For AWA1, AWA2, and SUN datasets PANE-
C obtains 3.1%, 5.6%, and 5.7% greater results than the PANE-Cgc. Experimental
results shows that using cosine similarity is clearly more effective than the learning

method in TCN [18]] for our proposed approach.

4.2.3 Effect of alpha

In this section we explore how the proposed loss term affects the unseen and seen test
accuracies. Thus, we experimented by fixing all the hyper-parameters and selecting

the a € [0, 1] on the validation of the APY. Figure shows that the unseen test
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Figure 4.1: Effect of o learning unseen classes of APY on validation set. Graph is

plotted as base-10 log scale for the x-axis.

accuracy, seen test accuracy and the H score for different values of «. It can be seen
that unseen test accuracy and the H score continually increases until o = 0.1. After
that, for the value of 0.5, although the unseen test accuracy slightly increases the H

score does not improve due to the dramatic decrease in seen test accuracy.

In our approach, the model learns unseen classes by using seen samples thanks to
the contrastive loss term. However, in our opinion, after a value for o the con-
trastive loss term forces the model to assign seen test samples to unseen classes which
causes a dramatic decrease in seen test accuracy. Here, we experimented only for the
APY dataset but we observed the same situation for the other datasets during hyper-

parameter tuning.

4.2.4 Effect of attribute names

In order to improve recognition, we incorporate the attribute name word vectors into
the proposed model. In this part, we measure how much our approach utilizes orig-

inal attribute names in contrast to arbitrary ones. To do this, thanks to the flexibility
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GZSL
Dataset Used att. names

u S H
AWA?2 AWA?2 234 59.4 33.2
AWA?2 CUB 18.7 65.5 28.8

Table 4.4: Experimenting using different word vectors instead of original attributes

names.

of our model, we change the output dimension of the attribute prediction function
g and use arbitrary word vectors instead of the original attribute names. For this
experiment, we use AWA?2 [[17] dataset and take the attribute name vectors from an-
other unrelated dataset which is CUB [21]. AWA2 has mostly common attributes
among all animals such as black, white, big, small etc., whereas CUB dataset in-
cludes more rare attributes that are specific to the birds such as "wing_color::brown",
"bill_shape::dagger" etc. Therefore, the test samples from AWA2 dataset will not
include attributes of the CUB.

Table [4.4) shows that using word vectors that are unrelated with the dataset degrades
the performance of the model. In other words, our approach utilizes attribute names
due to the performance increase when original attribute names are used and reaches
the best performance when used with the contrastive loss term. Results in Table 4.3]
shows that using only attribute names is not enough however the model reaches the
best performance when contrastive loss is applied. The model PANE which predicts
the pseudo-attributes and tries to utilizes attribute names to improve recognition does
not perform well, however the model PANE-C reaches the best performance among

others.

4.2.5 Combination of class names

One of the advantages of our model is flexibility which allows us to make model vari-
ants as in the Section4.2.4] In this part, we change output dimension of the function
g and instead of predicting pseudo-attributes we predict the class labels. We replace

z, with class name word embeddings in Eq. Thus, our model becomes similar
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GZSL

Method Dataset | Training semantic emb. " ] -

PANE-C AWA2 Seen 24.1 56.7 335
PANE-C AWA2 Unseen 22.8 504 31.1
PANE-C AWA2 All 246 57.8 344

PANE-C AWA?2 PCA Components, n=30 | 26.5 49.9 34.5
PANE-C AWA?2 PCA Components, n=50 | 25.4 455 32.6
ConSE [19] AWA?2 Seen 0.5 90.6 1.0

Table 4.5: Experimenting using class name word vectors and PCA components in-

stead of attributes names.

to ConSE [19]. ConSE predicts the probability of belonging to the each seen class
for a given image. Then, it takes top 7" seen class probabilities and compute the con-
vex combination of the semantic embeddings by weighting with the probabilities in
order to project the image into the semantic space. However, usage of probabilistic
approach in ConSE [[19] makes the model to generate only positive combination of
semantic embeddings. Unlike ConSE, [19] our model is able to generate combina-
tion of the class names by not only adding but also subtracting. Additionally, our
model is trainable in end-to-end manner, therefore, allows using arbitrary word em-
beddings which is not possible with ConSE [19]]. Also, different from ConSE, we use

a generalization loss function to learn unseen classes.

Table (4.5 shows the comparison of our approach with ConSE [19]. It is important to
emphasize that the result of ConSE [[19]], reported by [17] and obtained by using at-
tributes as semantic embeddings. On the other hand, for this experiment we use class
word vectors as semantic embeddings. Results in Table [4.5] shows that all variants
of our model outperforms the ConSE [19] with a high margin. It is a quite expected
result that our model reaches the best performance when combination of semantic

embeddings is computed by using all class names embeddings.

In addition, we replaced the attribute name embeddings with PCA basis vectors that
are obtained by applying principal component analysis on the embeddings of all class

names. The motivation here is to use orthonormal basis vectors, which can be used
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to linearly reconstruct class name embeddings, as pseudo-attribute names. For this
experiment, we set the output dimensionality of the function g to the number of basis
vectors. Then, we compute the weighted sum with the corresponding prediction by
replacing z, with PCA components in Eq Thus, we obtain a 300-dimensional
vector to estimate relevance score of the given image with the classes through com-
patibility function f in Eq We present the results of these experiments in Ta-
ble 4.5 We observe that using PCA components produces quite stable results in H
score. PANE-C with 30 PCA components obtains 1.9% greater result than the PANE-
C with 50 PCA components, probably due to focusing on the most valuable PCA basis

vectors, and the reduction in the overall model complexity.

4.2.6 Comparison with state of the art methods

In this part, we compare our GZSL results against attribute based state-of-the-art
methods. Since generative approaches are beyond the scope of this work, we take
only the non-generative approaches into account and compare with them. Table
presents the results of the recent state-of-the-art methods. Upper side of the table
shows the results that are reported by [17]. The bottom line is the our proposed

approach with contrastive loss.

For APY, AWA1 and AWA2 datasets, PANE-C obtains 32.3%, 34.8% and 33.2%
respectively in H that are the highest scores among all of other methods reported by
[17] (methods that are at upper side of the table). These results are greater 19.0%,
7.3% and 5.4% respectively than the best methods reported by [17]. For CUB and
SUN and datasets our model obtains 14.2% and 18.8% which are better results than
the most of the methods reported by [17].

However, our model is not able to yield the state-of-the-art results as the other attribute
based methods. For APY, AWA1 and AWA?2 datasets, CAPD [44], TCN [18]] and
DAZLE [42] produces the best results as 37.0%, 60.0% and 67.1% respectively. For
SUN and CUB datasets the best results obtained by APN [41] as 67.2% and 37.6%
respectively. These methods outperforms our approach with a high margin. However,
it is important to emphasize that these methods uses attributes as class embeddings

which is an easier task since attributes includes richer visual information. In our
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Method ss APY AWA1 AWA2 CUB SUN
u S H u S H u S H u S H u S H

DAP [11] A | 48 783 90 | 00 887 00 | 00 847 00 | 1.7 679 33 | 42 251 72
IAP [L1] A |57 656 104 |21 782 41 |09 876 18 | 02 728 04 | 1.0 378 1.8
ConSE [19] A 00 912 00| 04 886 08|05 96 10| 16 722 3.1 | 68 399 116
CMT [29] A 14 82 28|09 876 18 | 05 9.0 10 | 72 498 126| 81 21.8 11.8
SSE [31] A |02 789 04 |70 805 129 | 81 825 148 | 85 469 144 | 2.1 364 4.0
LATEM [28] | A | 0.1 730 02 | 73 71.7 133|115 773 20.0| 152 573 240|147 288 195
DEVISE [25] | A | 49 769 92 | 134 68.7 224 |17.1 747 278|238 53.0 328|169 274 209
SIE [26] A | 37 557 69 |113 746 19.6| 80 739 144|235 592 336|147 305 19.8
ESZSL [27] A |24 701 46 | 66 756 121 |59 778 110|126 63.8 21.0|11.0 279 158
SYNC [57] A |77 663 133 | 89 873 162|100 905 180|115 709 19.8| 79 433 134
SAE [58] A| 04 89 0918 771 35 | 1.1 822 22|78 540 136 88 180 1138
GFZSL(33] | A | 00 833 00 | 1.8 803 35 |25 801 48 | 00 457 00 | 00 396 00
ALE [24] A | 46 737 87 |168 76.1 275|140 81.8 239|237 628 344 |21.8 33.1 263
CAPD [44] A 268 595 37.0 | 452 68.6 545 | - - - | 449 417 433|358 27.8 313
DCN [51] A | 142 750 239|255 842 39.1| - - - | 284 60.7 387|255 37.0 302
RNet [14] A - - - | 314 913 467300 934 453|381 614 470 - - -
TCN [18] A | 241 640 351|494 765 60.0 | 61.2 658 634|526 520 523|312 373 340
APN [41] A - - - - - - 565 780 655653 693 67.2|419 340 37.6
DAZLE [42] | A - - - - - - 1603 757 671|567 59.6 58.1 523 243 332
PANE-C W [ 213 66.6 323|246 604 348|234 594 332 | 97 273 142|194 182 188

Table 4.6: Comparison with recent state-of-the-art models. Best results are repre-

sented as bold. "-" indicates the that no result reported in the related paper.

opinion, using class name word representations is worth more to explore and feasible

to real world problems.

In this chapter, we have explained our experimental setups and discussed our exper-

iments. In Chapter [5] we summarize and conclude the thesis and discuss the future

works.
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CHAPTER 5

CONCLUSION AND FUTURE WORK

In this chapter, we will conclude the thesis and discuss the future works that can be

worth to explore as extensions of this work.

5.1 Conclusion

In this thesis, we target the zero-shot learning problem which has gained popularity
in recent years, since ZSL is a promising approach to tackle the limits of supervised

recognition techniques and more feasible to solve real world problems.

In ZSL, many recent approaches focus on recognizing objects by their attributes
which requires annotations from experts. This requirement is a high-cost and error-
prone issue and makes the ZSL approaches not applicable to real world problems.
In this thesis, therefore, we re-explore using class name embeddings that can be ob-
tained from any language model. Our approach eliminates the need of attributes
instead explores mid-level constructs such as pseudo-attributes by utilizing attribute
name embeddings. In addition, in this thesis, we explore the use of contrastive loss
function for recognizing objects that belong to unseen classes. To this end, we pro-
pose a contrastive loss term which is computed using class similarities of the seen and

unseen classes.

Experimental results on five benchmarks in GZSL settings shows the capability of our
proposed approach. Although the results are obtained using class name word vectors
instead of attributes, which makes the task more challenging, our proposed approach

achieves state-of-the-art results. In addition, the experimental results present that
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using our proposed contrastive loss term in GZSL greatly improves the performance

of the model and enables the model to learn the unseen classes.

5.2 Future Work

In this thesis, we propose a simple yet effective model. One of the advantages of our
proposed model is the flexibility to change and generate new variants. A new direction
that might be worth exploring is alternative formulations for better utilizing name
based pseudo-attributes. One of our experiments we replaced the original attribute
names with unrelated ones and showed that the performance of the model degrades.
In our opinion, therefore, pseudo-attributes are of great importance to improve the

recognition.

In addition, another future work that might be worth exploring is using different lan-
guage models. In this work, we use GloVe representations of the class names to
compute the class similarities which might cause suboptimal results, since word rep-
resentations of the similar class names such as blue whale and humpback whale might
not be close enough to each other in word space. Also, using different similarity func-
tions is another promising work. In fact, learning the class similarities with the model

itself in an end-to-end manner is worth exploring.
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