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Humans are very capable of processing a variety information to something
that makes sense to them. The input of information is accomplished with the
sensory systems through which the world is perceived. So, we acknowledge that
humans perceive the real world through a spectrum of modes: vision, taste, hear-
ing, smell, and touch. We see these as different channels of information or modals.
For information processing, the brain integrates the information from these mul-
tiple modalities using a complex network of connected neurons. From informa-
tion stored in these networks we are able to combine observations and recognize
patterns. Making inferences over observation requires reasoning over the infor-
mation which is an active form of using the brain, i.e. thinking. If a computer is
able to reason over information that it assembles, this is referred to as a demon-
stration of intelligence. As opposed to the natural intelligence displayed by ani-
mals including humans, this computer intelligence is referred to as Artificial Intel-
ligence (AI). With respect to natural intelligence, a process of reasoning is consid-
ered to leave a trace in the brain through the creation of connections in the brain;
i.e. new connections between neurons. In artificial intelligence, these networks
of connections are imitated by so called neural networks. Early versions of these
neural networks were investigated and adapted in the early nineties of the previ-
ous century based on machine learning, e.g., long short-term memory (LSTM) [1]
and LeNet 5 [2].

In recent years, with the development of Al, several neural networks have con-
tributed to the status of the state-of-the-art in many research fields, such as com-
puter vision (CV) [3} |4, |5], neural language processing (NLP)[6, |1, (7], etc.. These
state-of-the-art neural networks, however, are based on a single modality. The
aim of Al is to mimic the human way to learn and extract information for the pur-
pose of advancing automated systems. Therefore, Al should be able to efficiently
fuse information from different modalities.

In information processing a modality is considered to be a channel which is
able to convey information. Other then natural information processing, in auto-
mated information processing, i.e. artificial intelligence, modalities are chosen for
the type of information they represent rather then being connected with a sensory
organ and perception. The information can represent an object or an event and
so the modality channel thus represents image, text, video and audio, as the main
types [8]. In this thesis we consider image and text as information carriers and
investigate how reasoning on them can enhance the information we can analyze
from a channel. In Fig. [I.1]this is depicted for the channels that are the subject of
research in this thesis; i.e. the modalities figure (image) and figure caption (text).
For humans it is easy to understand how the sentence in the figure caption repre-
sents the scene in the image as well as to locate the objects in the image that are
represented by the words in the caption. The research presented in this thesis aim
to develop methods to be able to learn from and reason over these two modalities.
The methodology is based on principles and techniques common to Artificial In-
telligence. We have the learn the computer to reason over these modalities and
thus make inferences that are similar to those that humans make. In this man-
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Figure 1.1: Cross-modal semantic matching is the task of matching between a textual description and
an image. (a). Some methods learn different modality representations in embedding space respec-
tively. The semantic matching performance is capped by the quality of the different modality rep-
resentations. (b). The other methods directly transform the single modality representations into a
common embedding space. This is significantly faster and also more accurate in inference.

ner we can generate figure captions that is well connected with image content.
So, both captions and image need to be analyzed. The characterization is based
on features that we can extract from these modalities. The set of features from
one modality is referred to as an embedding. Each of the modalities has its own
embedding space. And the embedding space is considered to be a representation
of the modality, i.e. image or text. In order to be able to learn from these rep-
resentations, one can build methods for each of the representations separately by
extracting features and then learn from the different embedding spaces. However,
another approach would be to build a common embedding space. This approach
is referred to as multi-modal as it incorporates information from more than single
modal [8]. This multi-modal approach is the focus of our research and the re-
search questions that are formulated for the research presented in this thesis are
based in this. It is clear that we consider a problem in Al that relates to the way
humans process information. That is, information from more than one source
is beneficial in further understanding of the complete picture and also helpful
for better information retrieval. Consequently, the research areas of multi-modal
data fusion and retrieval come into view for our research.

In interactive computing multi-modal systems are systems that offer interac-
tion over multiple channels; that is several devices together constitute an interac-
tion. For artificial intelligence a multi-modal system is characterized to contain
more data modalities; so, the multi-modality is data driven. The system is con-
sidered as the entity within which the data are analyzed. The data from different
modalities are often being paired based on the same meaning, in other words the
paired object and word have the same semantics. Over recent years, there has
been arapid increase in multi-modal (data) systems; i.e., systems based on a com-
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bination of images, text, video and audio. With respect to information retrieval,
the classic approach is uni-modal. The embeddings, as mentioned earlier, are
based one single information channel or modal. Within multi-modal systems, the
modalities can be linked and thus we obtain a cross-modal system. The analysis of
multi-modal systems focuses on cross-modal information embeddings. The prin-
cipal task of cross-modal embeddings is to construct a common semantic space in
which data points from different modalities but with the same semantics are close
to each other [9]. The research on multi-modal systems and cross-modal embed-
dings provides important support for downstream computational tasks such as:
information retrieval [10], image caption generation [11][12][13], visual ground-
ing [14][15] and visual question answering (VQA) [11][16]. Visual grounding aims
to localize those objects in an image with particular language information. In
general, this language information should be one phrase or expression extracted
from the image caption. Visual grounding is important for our tasks in computer
vision. With respect to cross-modal grounding we can discern tasks with a dif-
ferent level of complexity, i.e., phrase grounding [17][18] and referring expression
grounding [19]. Here the difference between phrase grounding and referring ex-
pression grounding is that the phrase should be extracted from the image caption,
but the referring expressions are not.

It is very common to describe expressions as the relationship between two
objects, however, a phrase only has the information for a single object [20]. More-
over, to date, most cross-modal benchmark datasets that are commonly used in
research are bi-modal with both vision and text, e.g., MS COCO [21], Visual Genome
[22] and Flickr30K [23]. In these datasets, the textual information is provided
as the description of the visual information. The research and experiments pre-
sented in this thesis use this paired information to our advantage in order to build
a cross-modality supervision learning strategy. This results in a fully or weakly su-
pervised learning process for which the training data do not need explicit anno-
tations. This means that the vision representation guides the improvement of the
textual representation whereas the image captions supervise the object detection.
The weakly supervised learning processes use phrase grounding without phrase
location annotations and image retrieval. Cross-modal semantic matching is for-
mally defined as the bridge of vision and language, i.e., image and text. In Fig.
the structure of this thesis is depicted. In this chapter we first give some insight in
the datasets that we used in our experiments. Given these datasets we henceforth
explain the major aspects addressed in this thesis. We investigate single modality
representation learning using supervision from another modal supervision. And
next, we elaborate how we construct a common information space. Both aspects
share the importance of finding good semantic models from which can learn the
representations (location or the vectors) of different modal data. In these repre-
sentations points with the same semantics are closer to each other than points
representing data that are more dissimilar.
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Figure 1.2: The structure of this thesis.

1.1. DATASETS FOR MULTI-MODALITY STUDIES

The availability of image—text paired data is limited due to significant manual ef-
forts in collecting the annotations for special correspondences, e.g., phrase-object
and expression-object, which is needed as data for visual grounding tasks. We
should be aware of this limitation with repect to the dataset.

The research in this thesis is based on 3 commonly used datasets:

e The MS COCO dataset [21] is a large-scale dataset that addresses two tasks:
object detection which uses either bounding box output or object segmen-
tation output; and caption generation. There are 80 categories, 12 super-
categories for 123,187 images, and each image corresponds to 5 captions.

» The Flickr30K dataset [24] and the Flickr30K Entities dataset [23]: The Flickr30k
dataset has become a standard benchmark for sentence-based image de-
scription. The paper[23] of Flickr30K Entities dataset presents Flickr30k
Entities, which augments the 158k captions from Flickr30k with 244k co-
reference chains, linking mentions of the same entities across different cap-
tions for the same image, and associating them with 276k manually anno-
tated bounding boxes. Such annotations are essential for continued progress
in automatic image description and grounded language understanding.

¢ The Visual Genome (VG) dataset [22] has a dense annotation of objects, at-
tributes, and relationships within each image to learn object detection, at-
tributes analysis and relationship extraction models. Specifically, the VG
dataset contains over 108K images where each image has an average of 35
objects, 26 attributes, and 21 pairwise relationships between objects. The
dataset can utilize the knowledge base semantic connection between the
annotations of objects, attributes, relationships, and noun phrases in re-
gion descriptions and questions answer, as all annotation labels are match
to WordNet synsets.

VG has more different object categories than MS COCO and Flickr30k with-
out image descriptions, only with region description. There is a subset that con-
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tains the same images (76,631 images) from the overlapping part between Vi-
sual Genome and MS COCO. The overlap set has annotations with captions, fine-
grained category labels and coarse category labels. We use these data to train
models based on the image-caption paired supervision for different cross-modal
semantic matching tasks, i.e. phrase grounding, expression grounding and fine-
grained visual representation learning.

1.2. IMPORTANCE OF CROSS-MODAL SUPERVISION FOR REP-

RESENTATION LEARNING

Vision and language are two important aspects of human intelligence to under-
stand the real world, i.e., images and text are the most important expressions of
vision and language. Nowadays, on the textual side, the representations of con-
cepts can be extracted by word embeddings models such as Word2Vec [25, 26],
GloVe [27], and BERT [28]. In recent years, Bidirectional Encoder Representations
from Transformers (BERT)[28] set state-of-the-art performance on various sen-
tence classification and sentence-pair regression tasks, by pretraining deep bidi-
rectional representations from unlabeled text by jointly conditioning on both left
and right context in all layers. On the other hand, The features of visually repre-
sented concepts are often extracted by Convolutional Neural Networks (CNN) [4].
Visual representations are commonly derived by modeling the context and statis-
tic distribution of one modality, e.g., words in documents [29] or objects in images
[30] [31], instead of modeling the true visual semantics.

The data describing the semantics of text features or visual features are em-
ployed by visual information features or textual information features respectively.
The unimodal representation models learned from the analysis of natural lan-
guage or images do not usually reflect the true semantics of words, e.g. “apple”
sometimes means fruit, sometimes means brand. For tasks at the intersection of
vision and language, it seems prudent to model semantics as dictated by both text
and vision. As aresult, textual representation learning based on visual supervision
will lead to the textual representation containing more spatial features, especially
for relation words, i.e., the distance between “next to” and “near” will be close in
the embedding space. The visual representation will be more detailed with fine-
grained textual labels. Therefore, in this thesis, we are motivated to develop novel
representation learning approaches: (1) to include cross-modal features (image
features for text representation and text features for image representation); (2) to
extract visual representations based on fine-grained categories object detection.

1.3. INTRODUCTION OF COMMON SEMANTIC SPACE REP-
RESENTATION LEARNING

Image-text matching is one of the fundamental topics in cross-modal research; it
refers to measuring the semantic similarity between a sentence and an image or
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phrases in sentence and objects in the image[32]. It has been widely adopted to
various applications such as the retrieval of text descriptions from image queries
or image search for textual queries. Research projects combining cross-modal,
i.e., visual and language, semantic matching compatibility have attracted a lot
of attention and accelerated the advancement of artificial intelligence in recent
years.

During the last decade, research has gained great progress on image—text match-
ing. Although in some circumstances a lot of progress has been achieved in image-
text semantic matching research, it is still a challenging problem due to the huge
visual semantic discrepancy and the semantic gap between vision and language.
The huge visual semantic discrepancy is caused by visual classification based on
pixel-level images usually lacking high-level semantic information as is present
in the texts that are matched to it. For example, we describe a cat in an image,
the caption could read somehting like: “a sleeping cat”. However, in the image
domain, it is very hard to train a model that can learn the visual representation
to include the sleeping information. We propose two types of methods for esti-
mating the similarity between the modalities, one is based on concept knowledge
graphs, e.g., WordNet [33] and ConceptNet [34]; the other is embedding features
to a common space based on an encoder [35].

In order to measure semantic matching, most of the prior work focuses on
building a common semantic space in which comparisons between different modal-
ity features are performed with similarity metrics [36]. It is especially challenging
as it requires a good representation of both the visual and textual domain and an
effective way of linking them. Existing work can be roughly divided into two types.
One is encoding words and vision features extracted from different modalities re-
spectively into a unified vector space based on linear transformation [37][12]. The
other is learning a non-linear model to map visual semantic features and textual
features into a common semantic space [38]. Most works about linear projec-
tions for common space matching are based on Canonical Correlation Analysis
(CCA) [37] and more recent work uses the attention mechanism [12]. CCA finds
linear projections that maximize the correlation between projected vectors from
the two modalities. The attention mechanism predicts an attention probability
of each visual feature or textual feature, and picks out the weighted probability
to calculate a context feature and subsequently feed it into a deep neural net (i.e.
RNN [6] or CNN [4]) to learn the vectors in a common semantic space. Non-linear
approaches map the visual and textual features into a common space, based on
a non-linear projection function. Kernel CCA [39] can be seen as an extension of
CCA with maximally correlated non-linear projections. Kernel CCA based meth-
ods have the ability of learning non-linear representations, but the learned rep-
resentation is limited due to the fixed kernel. Therefor, we are motivated, in this
thesis, to learn new models (1) based on attention mechanisms to reconstruct the
representation of vision and text guided by inter- or intra-modality; (2) based on
kernels to mixture mapping the semantic association between different modali-
ties (image and text).
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1.4. RESEARCH QUESTIONS AND PERSPECTIVES

RQ1: To what extent is it possible to improve the representation of visual fea-
tures detected by CNNs or the representation of textual features embedding and
reduce the semantic gap between visual and textual information?

Textual representation, i.e., the word embedding vector, can be learned by a
deep learning model, e.g. LSTM, or shallow neural networks, e.g. Word2Vec or
GloVe. Textual representation learning is independent and does not rely on the
visual supervision. However, a cross-modal matching task should combine fea-
tures from the two modalities together and analyze the connection or correlation
between vision and text in these two modalities. We are, in particular, interested
in how to use the visual information as a supervisor to improve textual representa-
tion. Inspired by the structure of Word2Vec, we want to design a word embedding
model which can learn textual representations based on visual supervision and
thereby reduce the semantic gap between text and vision. Another visual repre-
sentation can be learned by classification based on CNN models, i.e., Fast-RCNN
[3], Faster-RCNN [30] and Mask-RCNN [31]. These are object detection models;
all regions will be marked by a category label. Therefore, the visual representa-
tions will be limited by the category label. The recolonization of fine-grained ob-
ject categories by computer vision techniques has attracted extensive attention
for cross-modal semantic matching research. The task is very challenging as it
entails fine-grained representation learning and reigniting categories (e.g., “man”,
“woman” and “child” are all referring to “people”). Fine-grained visual represen-
tation learning can bridge the vision and text similarity in a textual vector space.

RQ2: How to utilize additional knowledge base to measure semantic matching?

Current knowledge bases such WordNet[33], Cyc [40], and ConceptNet [34]
can offer a complementary and orthogonal source of evidence that helps in dis-
covering highly confident facts from amongst the pool of all facts extracted from
text. Knowledge bases are useful semantic matching tools for computational lin-
guistics and natural language processing. Knowledge bases are typically repre-
sented as a directed graph which can seen as a hierarchical dictionary to obtain
the semantic relations between words. For our analysis, we build a semantic map
that provides a correspondence between the coarse labels and fine-grained label
proposals coming from captions based on embedding techniques and knowledge
bases.

RQ3: To what extent can curriculum learning measure the distribution of visual
complexity and improve weak supervision for semantic matching?
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Using external knowledge as the reasoning to replace the coarse object cate-
gories with fine-grained categories is a weakly supervised learning process. The
main challenge is that the new categories will cause long-tail distributions of the
visual labels. The motivation of curriculum learning (CL) [41] is to first learn from
easy samples and then gradually learn from more difficult samples. This approach
aims to reduce the negative effects brought by noisy data in early stages of train-
ing. It can also be applied for deciding the learning order of tasks. CL has been
applied in many problems like image classification and object tracking. CL can
assign samples with different transfer difficulties by metric of cross-media do-
main consistency. This is an iterative process with adaptive feedback, which grad-
ually reduces the discrepancy between cross-media domains to enhance the ro-
bustness of model training and improves retrieval accuracy on cross-media target
matching [42]. To address the problem of data distribution, we propose a novel
learning process based on curriculum learning. First, we analyze the distribution
of the data and rank the data according to different criteria. Second, we put the
training data into the net by the order of the ranking. We are, in particular, inter-
ested in how much improvement can be achieved regarding the different ranking
orders.

RQ4: How and with what quality can we model the semantic correlations be-
tween two different modalities?

Common embedding spaces are usually used for cross-modal matching tasks
to measure the semantic correlation mining of heterogeneous media. We will
research how to respectively transform different modality representations into a
common embedding space.

Current research for linear mapping models, e.g., mixture of local linear map-
ping [43] cannot address the non-linearity of data distributions and cross-media
correlations very well. To address the nonlinearity of data distributions and cross-
media correlations, we transform the textual and visual data using a nonlinear
transformation from the input spaces into two latent high-dimensional spaces
by nonlinear feature space mapping functions, and then construct the mapping
model between both modalities in the latent features spaces. The smoothness
and sparseness of the parameters are introduced to enhance the generalization of
models and the fitness between models and data. The parameters are estimated
using kernel theory to avoid the explicit representation of both feature spaces.

RQ5: What is the effect of the attention mechanism to eliminate the different
modal representations produced in the common embedding space?

Attention mechanisms were first used for transformer models and was initially
shown to be effective in machine translation [12] and later for many other natural
language processing tasks. In order to verify the attention mechanism is effective-
ness for cross-modal semantic matching, in this thesis, we employ of the atten-
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tion mechanism to contain the attention component of the network, which will
learn the weight of each feature for self-modal or cross-modal learning. We in-
vestigate if a visual self-modality attention net can distinguish the important and
relevant regions from the input image and assign higher weights to more impor-
tant regions. For cross-modal semantic matching the query and key come from
different modality (vision and text) to compute a weighted sum of uni-modal val-
ues (visual feature vector or textual feature vector). Consequently, we also need to
build a model with cross-modal attention that can discover the latent alignment
using both image regions and words in paired captions as context via attention
across modalities, which produces more accurate image—-text similarity for match-
ing [44]. Therefore, based on the above analysis, we build a multi-modal model to
analyze the self-modality context and cross-modality context at the same time,
which can enhance the accuracy of the output prediction.

RQ6: How to employ the correspondence between images and text as supervi-
sion instead of the matching annotations to address the limited data issue?

Contrastive learning [13] was proposed for self-supervised and semi-supervised
learning, which learns representations by maximizing agreement between differ-
ently augmented views of the same data example via a contrastive loss in the
latent space. Contrastive Predictive Coding [35] extracts useful representations
from high-dimensional data by using powerful autoregressive models. The prob-
abilistic contrastive loss induces the latent space to capture information that is
maximally useful to predict unseen samples. There has been a recent trend of ex-
ploring contrastive loss for weakly supervised cross-modal representation learn-
ing, which can maximize the mutual information between the visual and textual
feature of a deep network. These are all based on a similar contrastive loss related
to Noise Contrastive Estimation (NCE) [45]. To address the data limitation issue,
in this thesis, we build our matching model based on contrastive learning frame-
work, which consist of two branches, one is for visual modal and the other is for
textual modal. By contrastive learning net we will got a similarity score between
visual and text modality representation. The weight of contrastive learning model
optimized by positive paired samples and negative paired samples. In our work,
we define the paired image and caption as positive samples, and non-paired im-
ages and captions as negative samples. We use the NCE loss, which has also been
explored for phrase grounding by Gupta et al. [18] (InfoGround), as learning ob-
jective for our model.

1.5. THESIS STRUCTURE

This thesis is structured along the research questions and perspectives presented
in the previous paragraph.

Chapter 2 “Embedded Representation of Relation Words with Visual Super-
vision” presents a learning process to achieve the representation of the relation
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words that are important in knowledge related tasks (related to the RQ.1). This
model computes the visual features based on deep networks over an image patch
that reflects a relation word and then establishes the visual similarity matrix for
all relation words. We experiment with our implementation on publicly available
datasets and demonstrate that our model really changes the distribution of word
representation and achieves effective results in describing their true semantics.

Chapter 3 “Fine-Grained Label Learning in Object Detection with Weak Su-
pervision of Captions” focuses on label inference curriculum network to fine-
grained label learning by incorporating the coarse category labels and captions
provided in public datasets (related to the RQ.2 and RQ.3). We build a semantic
label map based on embedding techniques and a knowledge base to describe the
correspondence between coarse labels and fine-grained label proposals. Then
based on the label inference curriculum network with the consideration of the
complexity of samples that describe the difficulty of fine-grained label learning.
Experimental results demonstrate the effectiveness of our approach in the task of
fine-grained label learning.

Chapter 4 “Kernel-Based Mixture Mapping for Image and Text Association”
introduces a new approach called kernel-based mixture mapping to model the
semantic correlations between images and text (related to RQ.4) . With this ap-
proach, we first construct latent high-dimensional feature spaces based on ker-
nel theory to address the non-linearity of both the data distributions in the input
spaces and the cross-model correlation. We present a probabilistic neighborhood
model to describe the spatial locality of semantics by assuming that proximate
examples in feature spaces generally have the same semantics and a conditional
model to describe cross-modal conditional dependency. For optimization, we
employ a hybird algorithm to find the solution of kernel-based mixture mapping
based on expectation-maximization and sub-gradient ascent. The experimental
results show that our approach outperforms the compared methods when mod-
eling the relationships between images and text.

Chapter 5 “Visual Representation Contextualization Based on Constrastive
Learning” focuses on a weakly supervised approach for visual contextualized rep-
resentations, which is systematically learned by pooling object proposals to alle-
viate the suppression of each object feature (related to RQ.5 and RQ.6). We use
visual-textual cross-modal attention to capture the correlation among object pro-
posals of each image and generate the representation of each candidate incorpo-
rating the visual information of the other candidates. Visual-textual cross-modal
attention represents the visual topic corresponding to each textual component in
the caption in a cross-modal common space, guided by the attention of a word to
object proposals. The experimental results show that our approach outperforms
the compared methods when grounding words in caption to objects in image.

Chapter 6 “Conclusions and Discussion” summarizes our contribution for
representation learning to measure cross-modal semantic matching, our proposed
visualization framework, effect on some drawbacks of the framework. Future im-
provements of our methods are discussed guaranteeing the integrity of the pro-
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CHAPTER SUMMARY
This chapter addresses RQ1.

RQ1: To what extent is it possible to improve the representation of visual fea-
tures detected by CNNs or the representation of textual features embedding and
reduce the semantic gap between visual and textual information?

Word representation learned from the analysis of natural language does not
usually reflect the true semantics of words. This chapter proposes a new method,
named Visually Supervised Word2Vec (VS-Word2Vec) model to achieve the rep-
resentation of the relation words that are important in knowledge related tasks.
Our method first computes the visual feature vector of relation words based on
deep networks, and then achieve the visual similarity matrix for all relation words,
which we think reflects their true semantics. VS-Word2Vec model then combines
the visual similarity and the CBOW and builds an optimization problem to jointly
learn the word vector representation. Therefore, VS-Word2Vec fuses the visual
modality and natural language together. Experiments implemented over the pub-
lic datasets demonstrate that VS-Word2Vec model really changes the distribution
of word representation and achieves more effective results in describing their true
semantics than CBOW model.
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The distributed representation of words in a vector space is an important is-
sue in natural language processing tasks. The representation is mainly derived by
modeling the context and statistic distribution of words in language documents
instead of modeling their true semantics [46]. However, the data to describe the
semantics of words includes many other modalities, such as visual and auditory
data. Human learns how to understand the world by fusing the multiple modali-
ties.

Many methods have been proposed to incorporate morphological informa-
tion into word representations [47, |48} |49} |50]. Recently, Mikolov et al. [26} 25|
proposed a set of models, such as CBOW and skip-gram, based on word analogies
that probe the structure of the word embedding space. Pennington et al. [27] in-
troduced a new global log-bilinear regression model (GloVe) based on the global
matrix factorization and local context window methods. Bojanowski [51] pro-
posed an approach by considering the morphology of words based on the skip-
gram model, in which each word was represented as a bag of character n-grams
and the word vector was the sum of the n-gram representations. For tasks at the
intersection of vision and language, it seems prudent to model semantics as dic-
tated by both text and vision. Kottur et al. [52] presented the Visual Word2Vec
model which learned visually grounded word embedding to capture visual no-
tions of semantic relatedness. Lu et al. [53] proposed a model that used visual
relationships to improve the previous work by leveraging language priors from se-
mantic word embedding to fine-tune the likelihood of a predicted relationship.

Most of these methods represent each word based on a single modality, and ig-
nore the joint learning of multiple modalities. The phenomenon is much distinct
in the knowledge related problems. In a knowledge triple (Argl, Predicate, Arg2),
Argl and Arg2 are subject and object strings, respectively, and Predicate is the
string of relation [54,/55]. The vector representation of many predicate words (also
called relation words) doesn’t reflect their true similarity. For example, “above”
and “below” is similar to each other in the representation by CBOW model. How-
ever, in the visual media, we know that they mean the opposite relative positions
and show much different semantics.

This chapter proposes a new method, named Visualla y Supervised Word2Vec
(VS-Word2Vec) model, to learn the vector representation of relation words. In
this method, we first compute the visual feature vector of relation words based
on deep networks, and then achieve the visual similarity matrix as weight for all
textual relation words, which we think reflects their true semantics. VS-Word2Vec
model then combines the visual similarity weight matrix and CBOW, and builds an
optimization problem to jointly learn the word vector representation over visual
modality and text modality. Experiments implemented over the public datasets
demonstrate that our approach really changes the distribution of word represen-
tation and achieves more effective results in describing their true semantics than
CBOW model.
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2.1. OUR MODEL

2.1.1. Basic CBOW MODEL

Suppose we have a sequence of training words D = (w1, w», ..., Wy, ..., wr), where T
is the number of words in this sequence and each word w; belongs to a vocabulary
W ={wr1, wrp,..., wrw|}, IW|is the number of words in vocabulary. We represent
the vector representation of word w € W as v, € R™. The objective of the CBOW
model [25] is to maximize the log probability:

Jr=) logp(w|Cont(w,)) 2.1)

wreD

where Cont(w,) denotes the context of a word wy, i.e.,, Cont(w;) = {w;_. ,...,
Wi_1, Wtsl,..., Wi} With the context window size c.

The CBOW model uses a binary tree to represent all words in the vocabulary.
The |W| words in vocabulary are leaf units of the tree. For each leaf unit, there
exists a unique path from the root to this unit, and this path is used to estimate the
probability of the word corresponding to the leaf unit. The probability in Eqf2.1]
can be formulated as follows:

lw
pw|Cont(w)) =[] p(d}Ixw,0}" )

j=2

v w
[Tioec6 N -11-0 6} )

v
= [ ] ]
Jj=2

(2.2)

where [ denotes the length of the path from root unit to the leaf one correspond-
ingtow, d ]w indicates that the inner unit at the j-th level is the left or right child
of the inner unit at the (j-1)-th level, d}“ =1 denotes the left child case and d]’.” =0
otherwise, 9}”—1 is the parameter corresponding to the (j-1)-th level inner unit, on
the path. o(-) denotes the sigmoid function, i.e.,

1

T pw
xwt9j_1

00,01 )= 2.3)

1+e

and x,, = ZwiECont(w) Vw;.

2.1.2. VISUALLY SUPERVISED WORD2VEC MODEL

Besides the vocabulary W defined above, we have a relation word vocabulary
R ={w;1, w2, -+, wr g} € W, which often describes the relation of two objects
in image, i.e., “behind” and “contain”.

Images visually represent the concepts in terms of their appearance, motion
and space relation, etc, instead of the abstraction used in natural language. Dis-
tributed representations of words in a vector space help learning algorithms to
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Figure 2.1: VS-Word2Vec Framework.

achieve better performance in natural language processing tasks by grouping sim-
ilar word. However, we find that Word2Vec model cannot produce a good repre-
sentation, especially for the relation words to represent the relationship of two
entities in knowledge extraction task, in describing their semantic similarity. As
shown in Fig2.1} Our VS-Word2Vec model includes two parts: one is the basic
CBOW, which learns the representation from natural language, and the second
part is to compute the visual similarity of relation words based on the deep learn-
ing over image contents. Finally, our model jointly learns the representation by
building an optimization problem over the above parts.

In the image data, each patch reflects a relation concept is bounded and is
labeled by a relation word w;,; € R. The visual representation, denoted by yz,i,
corresponding to w,,; can be computed over the bounded patch with Convolu-
tional Neural Networks (CNNs)(16-layer VGG network), where the superscript g
indicates the g-th patch example for the relation word. The visual representation
for w,,; are given by the average of feature vector over its g visual examples:

q
= . (2.4)
Qi 6;1le

where Q; denotes the number of visual patch examples corresponding to w;,;.
The visual similarity two relation words w;; and w;, ; is defined as follows:

Yuw;

Yo, Yu,

—_. (2.5)
Y, I 1y w; |

sim(wr,i, wr,j) =

For all |R| relation words, we can obtain a similarity matrix Sy = (s;;)|rx|r| With
sij = sim(wy,;, wr,j).
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We aim to make the similarities of two relation words learned from natural
language and from images consistent. Hence, we define the inconsistency of the
similarities from two sources:

Jv Wi, wy ) = (sij =X, Vi, ) 2.6)

where x,,,; has been defined in section Jv is expected to be small to keep the
consistency between the similarities derived from two sources. Our VS-Word2Vec
can be formulated based on CBOW by the following optimization problem:

max/ (v, }), 2.7)
where
T-c
J(vw, D) =) (log p(wilCont(wy) = Ap; Y Jv(wy, wy,j)) (2.8)
t=c+1 wr,jER

where A is a parameter to control the balance between two terms, p; = 0 denotes
that the word w; is not the relation word defined in R, and p; = 1 otherwise. The
algorithm of VS-Word2Vec model is summarized in Algorithm 1.

2.2. EXPERIMENTAL RESULTS

2.2.1. DATASET AND EXPRERIMENT SETTINGS

We implement the experiments over the text8 datasetB which is often used as
the test dataset for Word2Vec methods. We use the visual relationship detection
data introduced by Lu et al. [53] to compute the similarity of relation words. The
image relationship dataset contains 5000 images with 100 object categories and
70 predicates. In total, the dataset contains 37,993 relationships with 6,672 rela-
tionship types and 24.25 predicates per object category. In this chapter we focus
on 22 predicates about 63 object categories. For both our model and the baseline
method, we use the following parameters: the dimension of vector representation
is 150, and the size of context window is ¢ = 2. When building the word vocabu-
lary, we keep the words those appear at least 3 times in the dataset. The learning
rate is set to 77 = 0.025 in both CBOW and our model. The parameter A in Eq[2.8]is
experimentally set to 0.0025.

2.2.2. RESULTS AND ANALYSIS

Fig[2.2] illustrates the comparison of the similarity of 22 typical predicate words
derived from images by deep networks, natural language by CBOW, and the multi-
modal data by our VS-Word2Vec, where all similarity values have been normalized
into [0,1]. From the Figsa) and b), we observe that the similarity of rela-
tion words derived from image contents is different from that computed by CBOW

Lhttp://mattmahoney.net/dc/text8.zip
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Algorithm 1 VS-Word2Vec model.

Require: Word sequence D, word vocabulary W, relation word vocabulary R, im-
ages labeled with relation words.
Ensure: Vector representation {v,,, };
1: Computer visual representation for each relation word based on Eq[2.4}
2: Compute visual similarity matrix S for all relation words with Eq[2.5}
3: Randomly initialize {v,,,} and {6}”_’1};
4: for each w; € D do

5 Xw, = LweCont(w,) Yw;; €1 =0, €2 =0;
6 for j=2:1"do

7 gr=n-d; -o(x,07" )
8: e —e;+ gle}”_’l;

9 ijjl — 9;?1 + 81Xw;;

10: end for

11: if w; € R then

12 pr=1;

13 else

14 p:t=0;

15 end if

16: forj=1:gdo

17: 82 = NARKGy, Viw; = 51));

18: e, —ex+ gszj;

19: end for

200 Vi, —Vy, +€1+ 0 €

21: end for

over natural language. Fig[2.2c) shows our results of VS-Word2Vec by considering
the semantic similarity in images and the CBOW based natural language model-
ing together. The figure shows that our method really changes the similarity of
relation words and tends to be close to the their true semantic similarity.

Fig[2.3] visualizes the location and distribution of 22 predicate relation words
in 2-dimensional space. We observe that our approach really changes the dis-
tribution of the relation word representation compared the CBOW and describes
their true semantics better. VS-Word2Vec model pushes away the location of rela-
tion words with different semantics and draw those words with similar semantics
close. For example, “sit”, “lying” and “stand” represent three different kinds of
motions and locate far away from each other in Fig.2.3(b) compared to Fig.2.3(a);
“above” and “below” represent the opposite location of objects, and they are pushed
away largely by our approach.

We also quantitatively evaluate the performance of our approach in measur-
ing the word similarity or relatedness of semantics, which is also measured by
the cosine distance shown in Eq[2.5] We choose SimVerb-3500 [56] as the ground
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Figure 2.2: The comparison of the similarity of 22 typical relation words.
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Figure 2.3: The visualization of the distribution of vector representation derived from the CBOW and
our approach based on t-SNE.

truth, which gives the similarity of 3500 pairs of verbs. We normalize the similarity
into [0,1] and use the following metric to evaluate the consistency of the similarity
derived from our approach and the ground truth.

_ #(Sg(pi) = Sv(pi)| <ISg(pi) = ST(pi)))

Con
#(pi)

(2.9

where p; denotes a pair of words, Sg, Sy and St are the similarity derived from
ground truth, our VS-Word2Vec and CBOW Word2Vec, respectively, for the pair
pi- We choose 798 pairs that appear in both the Text8 and SimVerb-3500, and
report the performance based on Eq[2.9]in Table 2.1} In this table, SYNONYMS,
ANTONYMS, HYPER/HYPONYMS, COHYPONYMS and NONE are the different
categories of pairs given in SimVerb-3500. We find that in three categories, the
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Table 2.1: Confidence of Model

H CBOW H Our Model

SYNONYMS 0.5618 0.4492
ANTONYMS 0.3846 0.6154
HYPER/HYPONYMS || 0.4192 0.5808
COHYPONYMS 0.5231 0.4769
NONE 0.1330 0.8670

Mean 0.4043 0.5979

similarity consistency of our approach is higher than CBOW Word2Vec model, and
the average consistency of our approach is better.

2.3. CONCLUSION

In this chapter, we propose the VS-Word2Vec model to learn the vector repre-
sentation of relation words by jointly compute over visual modality and natural
language. In this method, we first compute the visual feature based on deep net-
works over an image patch that reflect a relation word, and then achieve the visual
similarity matrix for all relation words. VS-Word2Vec model then resolve an op-
timization problem that consists of the terms related to the visual similarity and
context in natural language. Experiments implemented demonstrate that our ap-
proach really changes the distribution of word representation and achieves more
accurate similarity of words than CBOW model.
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CHAPTER SUMMARY
This chapter addresses RQ2 and RQ3.

RQ2: How to utilize additional knowledge base to measure semantic matching?
RQ3: To what extent can curriculum learning measure the distribution of visual
complexity and improve weak supervision for semantic matching?

This chapter addresses the task of fine-grained label learning in object detec-
tion with the weak supervision of auxiliary information attached to images. Most
of the recent work focused on the label prediction for objects in the same category
space as in training data under the supervised learning framework and cannot be
expanded to the learning of more fine-grained categories that have not been de-
fined in training sets. In this chapter, we propose a new approach, called label
inference curriculum network (LICN), to fine-grained label learning by incorpo-
rating the coarse category labels and captions provided in public datasets. First,
we build a semantic label map based on embedding techniques and a knowledge
base to describe the correspondence between coarse labels and fine-grained label
proposals; second, we introduce the label inference curriculum network with the
consideration of the complexity of samples that describes the difficulty of fine-
grained label learning. To evaluate the performance of fine-grained label learn-
ing, we construct multiple datasets based on widely-used public datasets. Ex-
perimental results demonstrate the effectiveness of our approach in the task of
fine-grained label learning.
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Figure 3.1: An illustration of the image-caption pair. For an image, the location of objects (bounding
boxes), the corresponding coarse labels, and the attached captions are provided in the datasets for
training. In general, the captions consist of a set of fine-grained label proposals for the objects in the
image.

Visual object detection and classification is a fundamental problem in com-
puter vision research and has a wide range of applications, such as face percep-
tion, autonomous vehicles and pedestrian detection. Since the renaissance of
deep neural networks, object detection has been revolutionized by a series of
groundbreaking works, including Faster-RCNN [30], Mask-RCNN and YOLO
158].

Despite these achievements, most deep learning methods have an important
limitation: they are trained with exhaustive and clean human annotations. These
annotations are expensive as they require human to mark the label and the bound-
ing boxes. Furthermore, labels provided by different annotators are possibly in-
consistent. An alternative approach is to relax this requirement of exhaustively
labeled data and to use web sources of annotated data, such as social media ser-
vices like Flickr and Twitter, which have user-generated image tags or captions
[60]. These data can be seen as natural annotations of the images, providing
weak supervision of the collected data, which is a cheap way to increase the scale
of datasets near-infinitely.

Weakly supervised object detection (WSOD) is training an object detection
model without explicit bounding box annotations. The classic WSOD problem
formulation treats all object labels per image as a bag of proposals (image-
level supervision), and learns to assign instance-level semantics to these propos-
als using multiple instance learning (MIL). The state-of-the-art model for weakly
supervised object detection has reached 43.1% Mean Average Precision on
the Pascal VOC 2007 test set. However, there has a strong critical assumption of
WSOD is that the image-level labels should be precise, indicating at least one pro-
posal object in the image associated with one label in the image-level labels. This
is always the case, especially not in real-world problems and real-world supervi-
sion.

A challenge of user-generated labeling (tags or captions) is that these anno-
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tations have a lot of noisy labels: Past work has shown that weakly supervised
learning algorithms can use these noisy labels [64][65]. However, captions lack
information on minor objects or information that may be deemed unimportant,
a phenomenon known as reporting bias [66] [67]. For example, Fig[3.1]illustrates
image captions that describe the same object (marked by a red bounding box) in
the image but using different words (person and man) than the predefined cate-
gorylabel (person). It is noteworthy that the word “man” is more fine-grained than
“person” in describing this object. Also, references to objects may be ambiguous,
for example in cases where there are multiple persons in the image.

In this chapter, we focus on a new problem called fine-grained label learning
that is different from the traditional WSOD problems. Suppose we have a set of
data that is paired image and captions, as shown in Fig[3.1} where the location and
coarse labels are provided as ground truth in training sets. In this chapter, we aim
to detection objects and learn the fine-grained labels under the joint supervision
of the coarse label for an object and the captions for an image. The problem has
the following two characteristics. First, the fine-grained labels need to be learned
from captions, and thus the supervision of captions is considerably weak, noisy
and ambiguous as analyzed above. Second, the uncertainty of noise and ambi-
guity in the supervision of captions results in different difficulties in the learning
process for different examples, and thus the order of training data may affect the
learning performance.

To address the problem, this chapter formulates the task of fine-grained label
learning with the joint supervision of coarse labels and captions and proposes a
novel approach called label inference curriculum network (LICN).

First, we build a semantic mapping that provide a correspondence between
the coarse labels and fine-grained label proposals coming from captions based
on embedding techniques and a knowledge base. Furthermore, we design a cur-
riculum learning process for the Faster R-CNN backbone, where a term called the
complexity of samples (CoS) is defined to determine the order of training data in
the curriculum learning process.

In summary, our contributions are four-fold. First, we introduce and formu-
late the problem of fine-grained label learning based on the joint supervision of
the coarse category labels and captions. Second, we build a semantic mapping
between the coarse labels and fine-grained label proposals coming from captions
based on embedding techniques and a knowledge base. Third, we propose a novel
approach called LICN and design the weakly supervised curriculum learning pro-
cess for improving the learning performance, where the complexity of samples
(CoS) is defined to determine the order of training data in the curriculum learn-
ing process. Finally, we construct the datasets consisting of both coarse and fine-
grained labels based on MS COCO and Visual Genome for the evaluation of our
approach, and the experimental results demonstrate the effectiveness of our ap-
proach.

The rest of this chapter is organized as follows. Section presents a brief
overview of related work. Section[3.2|formulates the problem of fine-grained label
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learning and introduces our approach in details. Section[3.3|provides the experi-
mental results and analysis, and Section 3.4]concludes the chapter.

3.1. RELATED WORK

The task of weakly supervised object detection involves the correlation of different
media and the information distribution from images to the corresponding cap-
tions. Therefore, we review the related work in terms of lexico semantic analysis
and weakly supervised entity localization.

The task in this chapter has some differences from the following related prob-
lems:

Learning from Text: Ye et al. [63] harvest detection models from free-form text
and use a label inference module to amplify signals in the free-formed texts to
supervise the learning of a multiple instance detection network. Fang et al. [65]
use multiple instance learning to train visual detectors for words that commonly
occur in captions. Most learning from text model does not use the same semantic
word in text as new category.

Weakly Supervised Object Detection and Segmentation(WSOD) 68|69, [70]: In
general, this task aims to detect objects from images based on the supervision
of a set of image-level labels. To the best of our knowledge, the existing WSOD
methods have not involved captions, a type of weaker supervisory information
than exact image-level labels, in object detection.

Fined-Grained Image Classification(FGIC) [71][72]: FGIC usually involves clas-
sifying the sub-classes of objects belonging to the same class. In each class, ob-
jects of different subclasses are both semantically and visually similar to each
other.

3.1.1. LEXICO-SEMANTIC ANALYSIS

In the widely-used public image datasets, there is typically a semantic gap be-
tween the human-written captions and the categorical annotations of the objects
in the images. For example,the annotation of the object in red box is “person”
while the caption uses the word “man” in Fig A variety of lexico-semantic
methods have been proposed to bridge this semantic gap. These methods can be
divided into two categories: knowledge-based methods and corpus-based meth-
ods [73][16]. Knowledge-based methods rely on external semantic resources (the-
sauri or lexical knowledge bases) to identify similarities between two words. For
example, WordNet [74] and HowNet [75] [76] are used to measure semantic dis-
tance between a pair of words. Although these semantic metrics are interpretable
and effective, they have as drawbacks that they lack context information and that
the similarity can only be computed when both words are present in the lexicon.
Due to the knowledge-based methods limitations, corpus-based methods are
then proposed to utilize context information around the center words. Current
corpus-based methods train vector representations (called ‘embeddings’) based
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on contexts of words in a large text collection. The word similarity study mostly
uses a statistical description of the context [77][11]. The most used static word

embedding model is Word2Vec [26] [25], a highly efficient model proposed by Google.

The model can simplify the processing the text context into a K-dimensional vec-
tor space, so we can use the spatial similarity to represent similarity in text seman-
tics. Li et al. [78] provide a transferred vector approach, that utilizes a transferred
vector for the representation of a word to reveal the word semantics better, not
just relying on its own embedding. In our work, we use these two types of model,
i.e., WordNet [74] and Word2Vec [26][25], to build a semantic map between the
pre-annotated coarse labels and the fine-grained label proposals from captions.

3.1.2. WEAKLY SUPERVISED MULTIPLE INSTANCE LEARNING

Most weakly supervised methods for object detection formulate the task as a mul-
tiple instance learning (MIL) problem. In this problem, MIL addresses the data
objects represented by a bag of instances and associated with a label (a set of la-
bels) for each bag. If the image is labeled as containing an object, at least one
of the label proposals will be responsible for providing the prediction of that ob-
ject. The papers by Oquab et al. [79] and Zhou et al. [80] propose a Global Aver-
age (Max) Pooling layer to learn class activation maps. Bilen at al. [61] propose
Weakly Supervised Deep Detection Networks (WSDDN) containing classification
and detection data streams, where the detection stream weighs the results of the
classification predictions. Kantorov et al. [81] improve WSDDN by considering
context. Tang et al. [69][82] jointly train multiple refining models together with
WSDDN, and show the final model benefits from the online iterative refinement.
Diba et al. [57] and Wei et al. [83] apply a segmentation map and Wan et al. [62]
incorporate saliency. Finally, Redmon et al. [58] introduce a min-entropy loss to
reduce the randomness of the detection results.

Our work is similar to all the above since we also represent the proposals using
a MIL weighted representation. However, we go one step further to successfully
adopt a more challenging supervision scenario where the captions are utilized
as the weak supervision for the learning fine-grained labels in the task of object
detection.

3.1.3. CURRICULUM LEARNING

Curriculum learning[84] was proposed by Yoshua Bengio in 2009. It formalizes the
learning process of humans and animals from easy cases to gradually more com-
plex ones. In recent years, more and more weakly supervised learning methods
based on curriculum learning have been proposed and obtain good performance
[85]186]. CurriculumNet [41] designs a curriculum learning process by measur-
ing the complexity of data using its distribution density in a feature space for the
classification of large-scale weakly-supervised web images without human anno-
tations, where the negative impact of noisy labels is reduced substantially. Wang
et al. [87] address the object detection problem by learning an effective object
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detector using weakly-annotated images with curriculum learning. Hacohen et
al. [88] analyze the effect of curriculum learning, which involves the non-uniform
sampling of mini-batches, on the training of deep networks. In this chapter, we
design a curriculum learning process by defining a new measurement of the de-
gree of difficulty in fine-grained label learning.

3.2. METHODOLOGY

3.2.1. OVERVIEW

In this chapter, we are given a pair consisting of an image and its captions. For-
mally, we have 9;, = {(Ii,Rl-,Lg,Ci)}?i’I’ and 9, = {(Ii,Ll{,C,-)}?/:I”f as the training
set and test set, respectively, where I; and C; denote the i-th image and cap-
tion, respectively, and L! = {1/, 1},,--, l{mi} refers to the annotations of I;, each
considered as a coarse category label for one of the m; visual object regions R; =
{ri1, ri2,"*+,rim,} segmented from this image. The caption C; consists of a set of
entities that generally provide more fine-grained category information than Ll{
for the visual object regions R; and thus we extract them from captions as fine-
grained label proposals, denoted by LS = {licl’licz""’licn,-}' In this manner, we
have a coarse label vocabulary V; and a fine-grained label proposal vocabulary
Vc that consist of all coarse labels and fine-grained label proposals, respectively,
where [ lI € Vyand lg € V¢. Regarding the labels we make two observations: 1) the
label proposals LiC from captions are generally more fine-grained than the anno-
tations Lll. preassigned to the image; 2) The correspondence at the granularity of
instances (i.e., between a fine-grained label proposal lf and a visual object region
ri.) is missing. An example can be seen in the second image of Fig.[3.2fa). Itis in
this image unknown which region corresponds to the fine-grained label “man” or
“woman” as extracted from the captions.

We aim to learn and infer the fine-grained label [;. € V; U V¢ for each visual
object region based on the supervision from the training data D,,. As illustrated
in Fig. our framework includes two main processes: semantic mapping and
curriculum learning-based fine-grained label learning. In the semantic mapping,
we extract the entities from captions as the fine-grained label proposals lg e Ve
and measure the semantic similarity between the extracted label proposals and
the coarse labels ll{ € V; based on the combination of the knowledge base Word-
Net and data-driven embedding techniques. To learn the fine-grained label for
each object, we propose a curriculum learning-based method to train the model
by adding data in an ascending order of example complexity.

3.2.2. SEMANTIC MAPPING

The purpose of the semantic map is to build the relationship between the coarse
label / l’ and the fine-grained label proposals ll.C_ by measuring their similarity over
the training set. We extract all nouns from captions with the CoreNLP toolkit [89]
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Figure 3.2: The framework of the proposed LICN approach. (a) The input data in the form of image-
captions pairs, where the image, coarse labels and captions are provided in training sets. (b) Semantic
mapping between the coarse labels and fine-grained label proposals based on embedding techniques
and a knowledge base. (c) Curriculum learning process for the Faster R-CNN backbone, where the
complexity of samples is defined to measure the degree of difficulty in learning the fine-grained labels.
(d) The classifier for predicting fine-grained labels.

as the candidates for the fine-grained label proposals. In order to get a semantic
map we pass three steps.

Semantic Mapping Based on Knowledge Base

We employ WordNet as the knowledge base to measure the semantic similarity
between annotations and fine-grained label proposals. WordNet can represent
relations between word senses with an ontology. For an annotation liI. , We can
obtain the synset Wy (I II ) from WordNet in the form of:

Wiep(1]) = {Hper (1), Hpon(1}), Snon (11D}, 3.1)

where Hyer (+), Hpon(-) and Syox (+) refer to the hypernym, hyponym and synonym,
respectively, for a given word in the WordNet.

Semantic Mapping Based on Embedding

We use Word2Vec as the embedding technique to measure the similarity of labels
in V; U V. We fine-tune the pre-trained Word2Vec model on all captions in
the data. In this chapter, we extract all words in captions to build a vocabulary.
By our analysis, all coarse labels preassigned to images appear in this vocabulary,
so that we can obtain the feature vector of each coarse label in embedding space.
As the fine-grained labels are extracted from the captions, we can obtain the fea-
ture vectors of fine-grained labels as well. For a coarse label [ lI and a fine-grained
label proposal ZE, we achieve their d.-dimensional embedding vectors ll{. and lg,
respectively, with the Word2Vec model. The similarity between two vectors in the
embedding space is measured by the cosine similarity S(:, ).
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Building the Semantic Map

As analyzed above, we build a semantic mapping between the annotations / lI and
the fine-grained label proposals lf with the following matrix:

L if If € Wip(I]) and SU},19) > ¢

. 3.2)
0, otherwise,

w(l, 19 ={

where ¢ is a threshold in [0,1]. With Eq we can find one or multiple fine-
grained label proposals that are semantically similar with the given annotation.
Since a visual object region strictly corresponds to an annotation in the dataset,
we can achieve a weak correspondence between visual object regions and fine-
grained label proposals.

3.2.3. FINE-GRAINED LABEL LEARNING BASED ON CURRICULUM
LEARNING

Curriculum learning is an effective learning framework that imposes structure on
the training set relying on a notion of “easy” and “hard” examples [84]. In the
following subsection, we will find that the examples are of different difficulties to
learn and infer the fine-grained labels. Therefore, we perform the fine-grained
object label learning based on the curriculum learning framework.

Backbone for Object Detection

Based on the semantic mapping introduced in Subsection[3.2.2} we have achieved
the correspondence between each visual object region r;. in the i-th image and
its fine-grained label proposals (a subset of Ll.C). Without ambiguity, we redenote
them by r and Zg by removing the subscript i (the index of images), where k is
the index of a visual object region in the dataset, r € R; and Zg c Lic. Thus, our
objective is to localize the visual object and learn its fine-grained label with the
weak supervision of a set of fine-grained label proposals fg to the visual object
region ry.

We use the Faster R-CNN model [30], denoted by Fg4.:(I;), as the backbone
of our work. The Faster R-CNN consists of three modules: a convolutional neu-
ral network for generating the feature map of an image, an RPN (region proposal
network) for generating a set of rectangular object proposals performed on the
feature map, and a classifier for learning the category label of each region. The
output of the backbone can be described as follows:

(Pi, Ri) =Fge:(I}), (3.3)

where R; = {r; j};.n:il denotes the set of m; visual object regions extracted from the
image I;, where the location of each region is described by four coordinates of
the bounding box, and P; = [p; 1,pi,2,-*,Pi,m;| denotes the probabilities that all
object regions in R; are predicted to categories. Without ambiguity, we rewrite
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Pi,j as Pk = [pr1,Pr2 ,pk,CC]T by removing the index of images, where py .
denotes the probability that a visual object region ry is categorized into the c-th
class and C¢ denotes the cardinality of V¢ (the same as the cardinality of VUV as
all annotations appear in the fine-grained label proposals). In our work, we define
the space of categories with the fine-grained label proposals, i.e., V.

The Complexity of Samples

Different samples have different difficulty in the learning of fine-grained labels.
For example, if there is only an object region annotated by “person” in an image
and only an fine-grained label proposal “man” in the caption is related to the an-
notation according to the semantic mapping in Eq[3.2} it is easy to infer the fined-
grained label for the object region. In contrast, if there are multiple fined-grained
label proposals corresponding to the annotation according to the semantic map-
ping, it is much difficult to discriminate which one is the true fine-grained label
of the object region in the image. We introduce a term called the complexity of
samples (CoS) to describe the difficulty in the task. We define the CoS of a sample
D; € 9 as follows:

Heos(D) ==Y Y Pr(1$|1)logPr(&11))), (3.4)

I ;C
118

where Pr(lf |1 lI ) is the conditional probability of the fine-grained label proposal ZE
given the annotation /;. and can be achieved by:

w(!, 19

Pr(l; I1) = ——— e

(3.5)

where lf ~1 lI denotes all fine-grained label proposals lf related to the annotation
l lI according to Eq As shown in Eqﬂ CoS is defined based on the Shannon'’s
Entropy that is mainly used to measure the uncertainty of a discrete random vari-
able. In this chapter, we consider ll{ as the random variable and lf as its values
with non-zero probability. If more fine-grained label proposals are related to the
annotation, the correspondence between them is more uncertain and the label
proposal is thus more intractable. Moreover, if there are multiple visual objects
detected in an image, the CoS tends to be a larger value accordingly based on

EqB.4

Curriculum Learning Process

Based on the semantic mapping, we have obtained the fine-grained label propos-
als Zg for each visual object region r. Here we transform Zg to a binary vector
Vi =k Ve Yicel T €40, 13%C. y . =1 (yk,c = 0) means the c-th fine-grained
label proposal of V¢ is present (absent) in Zg.
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In the curriculum learning process, the training data are fed to the Faster R-
CNN in the order of easy samples (with low CoS) to hard samples (with high CoS).
The loss for the learning of fine-grained labels is defined as follows:

Cc
L=y yic-logpre+ (1= i) - (1-1ogp.c), (3.6)

c=1

where L, refers to the weakly supervised loss. Different from the original Faster
R-CNN, the ground truth of label vector, i.e., yi, may consist of multiple ones cor-
responding to multiple fine-grained label proposals, rather than being a one-hot
vector.

3.3. EXPERIMENTAL RESULTS AND DISCUSSION

In this section, we evaluate the effectiveness of the proposed model LICN by an-
swering the following two questions. Q1: What is the quality of the learnt fine-
grained label proposals semantic map reasonable for this weakly supervised ob-
ject detection model? Q2: How effective the proposed LICN approach is in terms
of the fine-grained label learning based on weakly supervised paradigm learning?

3.3.1. EXPERIMENTAL SETUP
For the experimental setup, we first describe the dataset and then the implemen-
tation details.

Datasets

The experiments are conducted on the MS COCO 2017 dataset, Visual Genome,
the Pascal VOC 2007 test dataset, and our constructed datasets based on the three
datasets. Table[3.1lshows an overview of these datasets.

e The MS COCO 2017 dataset contains 118,287 training images and 5,000 val-
idation images. It provides 5 human-annotated captions per image and a

Table 3.1: An overview of the datasets.

datasets #ofimages # of categories # of objects

Visual Genome 107,228 80,138 3,909,697
MS COCO 118,287 80 860,001
FG-COCO 118,287 169 860,001
sCOCO training 76,631 69 200,962
FG-sCOCO training 76,631 150 200,962
FG-sCOCO test 13,175 150 29,169
FG-sCOCO val. 2,000 150 14,090

Visual Genome test 54,212 150 496,809
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total of 80 category labels for the object regions segmented from all the im-
ages. The category labels play the role of the annotations Ll{ and the cap-
tions are used for the building of the semantic map and the extraction of
fine-grained label proposals LiC for image I;.

Visual Genome contains 107,228 images, 3,909,697 objects from 80,138 cat-
egories, and other information such as the relationships between objects.
The categories in Visual Genome are much more fine-grained than those
in MS COCO, and thus we use this dataset for testing the performance of
fine-grained label inference and the category labels as the ground truth.

e The Pascal VOC 2007 test dataset has 4,952 images and 20 categories of ob-

jects. It is utilized as as the test dataset.

Based on the above datasets, We construct the following datasets for training and
testing our approach from different aspects:

* FG-COCO: We replace the coarse category labels of the objects in each im-

age in MS COCO by the fine-grained label proposals appearing in the cor-
responding caption based on the semantic map and thus obtain FG-COCO.
A total of 169 category labels (including the original coarse labels from MS
COCO and new fine-grained category labels) are generated for the objects
in the dataset.

FG-sCOCO test dataset: There are a set of images appearing both in MS
COCO and in Visual Genome. For an image in the set, if the Intersection
over Union (IoU) between a bounding box from MS COCO and a bound-
ing box from Visual Genome is larger than 0.90, we keep the image as an
image example, and the bounding box from MS COCO and category labels
from Visual Genome (must appear in the corresponding caption from MS
COCO as well) as the ground truth of the location and fine-grained label for
an object, respectively. We randomly choose 2000 images from the set for
validation (called FG-sCOCO val. as shown in Table[3.1]), and the rest is for
test. As a result, the FG-sCOCO test dataset consists of 13,175 images and
29,169 objects with 150 category labels (including the original coarse labels
from MS COCO and new fine-grained category labels). In the experiments,
we adopt the FG-sCOCO test dataset to evaluate the performance of fine-
grained label learning and inference.

FG-sCOCO training dataset: It is a subset of FG-COCO, which excludes all
the images appearing in the FG-sCOCO test and FG-sCOCO val. dataset.
This dataset consists of 76,631 images and 200,962 objects with 150 cate-
gory labels (including the original coarse labels from MS COCO and new
fine-grained category label proposals from the semantic map). To make the
learning robust, we keep only the categories consisting of more than 200
examples of object regions in the dataset.
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() (b)
COCO Captions: (1) A man wearing a striped suit sitting in a chair. (2) A
man sitting on a chair with a serious look, looking at a camera. (3) Man
in a suit and tie sittingin a chair with his fingers crossed. (4) A manina
suit sits in a chair with his hands clasped. (5) An image of a man wearing
a suit sitting in a chair.

Test data matching:

person = man

Figure 3.3: Test data example: (a) shows an example from MS COCO with object bounding boxes and
the associated category labels (red color); (b) shows the same image in the Visual Genome dataset
with object bounding boxes and the associated category labels (blue color); (c), (d) and (e) show the
matching between the object regions from MS COCO and Visual Genome with an IoU value larger than

» o«

0.90. We see that “person” matches to “man’, “chair” to “chair” and “tie” to “tie”.

loU 0.50 loU 0.55 loU 0.60 loU 0.90

Figure 3.4: IoU example: The red color box and blue color box come from MS COCO and Visual
Genome, respectively, and the IoU value of two different boxes of the same object should be high.

* sCOCO training dataset: As a subset of MS COCO, it consists of all the im-
ages in FG-sCOCO training dataset, and its bounding boxes and category
labels are from MS COCO. As a result, the dataset consists of 76,631 images
and 69 category labels for 200,962 objects.

e Visual Genome test dataset: Different from FG-sCOCO test dataset, Visual
Genome test dataset is the subset of Visual Genome that excludes all the
images appearing in MS COCO. In this dataset, we only keep those objects
whose category labels appear in the FG-sCOCO training dataset. As a result,
the dataset consists of 54,212 images and 496,809 objects with 150 category
labels.

The following is an analysis of the building of the FG-sCOCO test dataset. We
assume that the IoU value is high for a paired bounding boxes of the same object
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Table 3.2: The characteristics of the interaction of MS COCO and Visual Genome with different IoU
threshold values.

# of categories # of categories

loU  #ofimages  #of objects inMS COCO  in Visual Genome

0.50 30,983 96,529 79 2,004
0.55 29,337 85,468 79 1,680
0.60 27,621 75,772 79 1,407
0.65 26,118 67,248 79 1,143
0.70 24,890 59,503 78 940
0.75 23,591 51,222 77 787
0.80 21,958 41,848 76 654
0.85 19,603 31,303 76 537
0.90 15,529 19,702 74 413
0.95 7,306 7,957 72 281

in the same image from the overlapping part between Visual Genome and MS
COCO. As shown in FigP3.3] the paired bounding boxes with high IoU value has
the same semantics, but may have different object labels. As Visual Genome has
80K category labels which contain all fine-grained categories, we use these object
labels as ground truth label to evaluate the semantic map (Q1). We illustrate the
role of the threshold on the IoU value in Fig. Table shows the effect of
different IoU threshold values on the data. For example, for the IoU of 0.90, there
are 19,702 paired objects with an IoU larger than 0.90 from 15,529 images, and
these objects belong to 74 categories in MS COCO and 413 categories in Visual
Genome. Considering the count of test data and the count of the object categories,
we will evaluate our model on the FG-sCOCO test dataset with IoU in [0.90,1].
For the object detection (Q2), we found that size of images are a little different
between MS COCO and Visual Genome for the image with same id. We resize the
size of Visual Genome images to make them equal to the size of same image in MS
COCoO.

Implementation Details
We train the proposed models on two different datasets: FG-COCO and FG-sCOCO,
and thus generate the following four configurations:

* LICN-E2Crg-coco: learned on the FG-COCO dataset by feeding training
examples from easy to complex;

¢ LICN-C2EgG-coco: learned on the FG-COCO dataset by feeding training
examples from complex to easy;

¢ LICN-E2Cfrg-scoco: learned on the FG-sCOCO training dataset by feeding
training examples from easy to complex;
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Figure 3.5: The effect of Word2Vec similarity parameter ¢ in Eq.2 on the performance (weighted SMJI)
of semantic mapping for the FG-sCOCO validation set.

¢ LICN-C2EfrG-scoco: learned on the FG-sCOCO training dataset by feeding
training examples from complex to easy.

We use Faster R-CNN with a backbone of VGG-16 as the basic framework of
our work. The VGG-16 backbone is pre-trained on ImageNet and then fine-tuned
on our training datasets. In the process of fine-grained label learning, we use the
stochastic gradient descent (SGD) optimizer with a momentum of 0.9 and a learn-
ing rate of 0.01. We set the maximum epoch to 20 for the convergence of learning
process. The minibatch size is set to 1 for the flexible feeding of the examples of
different complexity. All the experiments are conducted on a platform of 8 Nvidia
Titan V GPUs with Pytorch.

3.3.2. EVALUATION METRICS

Semantic Mapping

We define a weighted semantic map Jaccard index (SMJI) for measuring the close-
ness between the fine-grained labels mined by semantic mapping and the fine-
grained label ground truth provided in the FG-sCOCO validation set. The weighted
SMJI is defined as follows:

SM  [GT
W_SMJI =Y W ——k_ 3.7)

- o LMyl
where LY and LG denote the sets of fine-grained labels mined by semantic

mapping and the fine-grained label ground truth provided in the FG-sCOCO val-
idation set, respectively, corresponding to the k-th coarse category label, and the
operators U and N denote the union and intersection of two sets, respectively. For

” « ” o«

example, for the coarse category label of “person”, LiM = {“guy”, “man”, “person’,
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Figure 3.6: The illustration of the semantic map that consists of 69 coarse category labels (points on
the inner circle) and 81 fine-grained category labels (points on the outer circle) appearing in the FG-

sCOCO validation set.

” o« ”

“woman”, “someone”} and LgTz {“guy”,
“woman”}. The weight Wy in Eq.[3.7]is d

Wy

where | - | denotes the cardinality of

XISt

» o«
’

» o« ” o«

man”, “person”,
efined as follows:

«

skateboarder”, “surfer”,

[ LST |
k (3.8)

a set. Fig.[3.5|reports the weighted SMJI

on the FG-sCOCO validation set as the threshold £ changes. From the figure, we
observe that the performance of semantic mapping in mining the fine-grained
labels is optimal when € = 0.72. Thus, we choose € = 0.72 in the following exper-
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Figure 3.7: The comparison of occurrence frequencies of category labels between before and after
semantic mapping, where the orange bars indicate the occurrence frequencies of the coarse labels
in sCOCO training dataset and blue bars indicate the occurrence frequencies of the labels (either the
original coarse labels or the generated fine-grained label proposals) in the our constructed FG-sCOCO
training dataset after semantic mapping. a) Comparison between the coarse label of category “person”
and the corresponding fine-grained labels, b) comparison on 17 coarse categories, and c) comparison
on the generated fine-grained categories.

iments. Fig.[3.6)illustrates the semantic map that consists of 69 coarse category
labels and 81 fine-grained category labels appearing in the FG-sCOCO validation
set. From the figure, we observe that most fine-grained label proposals extracting
from captions are semantically similar with the coarse labels, while a few noises
are introduced by the semantic mapping. For example, the generated “chicken”,
“meat”, “pasta”, “rice” and “sauce” are not semantically similar with the coarse la-
bel “broccoli”. These noises will be reduced with the curriculum learning process.

In Fig. we illustrate of the occurrence frequencies of the category labels
(including the coarse and fine-grained labels) in the FG-sCOCO training dataset
and the sCOCO training dataset, which correspond to the data with and without
semantic mapping, respectively. Due to the large difference in the occurrence fre-
quencies of these categories, we report the results separately in three subfigures.
From the figure, we find that a large amount of fine-grained label proposals are
generated with semantic mapping.

Object Detection

We utilize a widely-used metric, namely average precision (AP), to evaluate the
performance of object detection. AP is defined as the average detection precision
under different recalls and usually evaluates the performance in a category spe-
cific manner. To compare performance over all object categories, the mean AP
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Table 3.3: Average precision (AP) (%) results of LICNs trained on FG-sCOCO training dataset. The
results are reported on the FG-sCOCO test dataset.

Method Avg. Precision, IoU | Avg. Precision, Area
0.5:0.95 0.5 0.75 S M L

LICN-C2E | 21.90 37.00 22.80 | 15.40 16.80 24.00
LICN-E2C | 23.60 37.40 25.40|13.10 19.10 25.30

(mAP) averaged over all object categories is usually used as the final metric of per-
formance. To measure the object localization accuracy, the IoU is used to check
whether the IoU between the predicted box and the ground truth bounding box
is greater than a predefined threshold 0.5. Instead of using a fixed IoU thresh-
old, based on MS COCO AP is averaged over multiple IoU thresholds between 0.5
(coarse localization) and 0.95 (perfect localization).

3.3.3. PERFORMANCE AND ANALYSIS

FG-sCOCO

We first evaluate our method on the FG-sCOCO validation dataset to analyze the
importance of curriculum learning, where the proposed LICN models are trained
on the FG-sCOCO training dataset.

Fig[3.8] shows the results of the LICN models for the FG-sCOCO validation
dataset. We find that the E2C version of LICN improves the performance of fine-
grained label learning. As shown in Fig[3.8|@), in terms of the mean AP 0f 0.5:0.05:0.95
IoU, LICN-E2C performs approximately 0.02 AP improvement better than the LICN-
C2E model. However, Figb) for the 0.50 IoU AP, after 7 epochs there is not a
large difference between the LICN-E2C and LICN-C2E model. Fig[3.8(c) shows
the 0.75 IoU AP, for which LICN-E2C performs approximately 0.03 AP better than
the LICN-C2E model. LICN-E2C improves the performance for the predictions
of the 0.75 IoU. As IoU means the object location accuracy, IoU close to 1 means
that the predicted object location is close to the ground truth. We observe that
the improvement is brought by complexity ranked as the IoU increases. This can
be explained by the fact that LICN object detection is able to compute the com-
plexity of the images, and thus it is prone to make fine-grained label predictions
for the same object. Table [3.3|shows a more detailed experimental result on the
FG-sCOCO test dataset. In Table “ Avg. Precision, Area S M L’ means the av-
erage precisions for small (area < 322), medium (322 < area < 96%), and large
(area > 96%) objects, respectively, where the area is measured as the number of
pixels in the segmentation mask. The table shows that in the case of 0.75 IoU,
the E2C version improves the performance by 2.6% compared with the C2E ver-
sion, which demonstrates that it is better to learn the fine-grained labels with the
consideration of the complexity of samples defined in the “Methodology" section.
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Figure 3.8: Results of LICN-E2C and LICN-C2E on the FG-sCOCO validation set for different training
epochs. (a) Mean AP of 0.50:0.95 in steps of 0.05, (b) AP of 0.5, and (c) AP of 0.75.
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Table 3.4: Average precision (AP) (%) results for all the 20 categories of the Pascal VOC 2007 test datatet.
Faster R-CNN was trained on MS COCO and the sCOCO training dataset consisting of 80 coarse labels
and 69 coarse labels, respectively, and LICN was trained on the FG-COCO dataset and FG-sCOCO
training dataset with the expanded labels consisting of both the coarse and fine-grained labels.

Method § £ £ 2 8 E 8 §E 5§ 38 £ 8 2 8L 8835 8% E £ 8
° ratio 0.48 0.89 0.98 0.90 0.96 0.96 1.00 0.99 1.00 0.99 1.00 1.00 1.00 0.94 0.69 1.00 0.95 1.00 0.96 0.92
8 Faster R-CNN|30/(84.0 83.1 76.5 58.9 67.7 87.4 77.1 85.6 61.0 83.9 66.3 78.4 86.3 86.6 86.2 50.9 81.7 68.1 86.1 78.8 76.7
(;; LICN-C2E 76.8 71.7 74.3 52.7 62.4 87.2 79.7 85.3 60.6 82.5 65.0 79.3 85.5 85.7 70.5 50.2 81.4 68.1 86.5 74.2 74.0
LICN-E2C 71.6 69.9 75.2 52.9 64.1 87.0 80.0 86.5 62.0 83.6 65.6 81.0 86.4 86.7 68.2 54.2 83.2 70.7 86.8 76.9 74.6
o ratio 0.26 0.51 0.97 0.67 0.38 0.72 1.00 1.00 1.00 1.00 - 1.00 1.00 0.86 0.11 - 0.93 1.00 0.91 0.59
§ Faster R-CNN|301|77.4 79.7 71.5 58.9 52.3 85.2 74.4 86.3 38.4 77.5 - 80.4 85.6 81.9 83.9 - 81.264.1 85.2 64.3 73.8
2
o) LICN-C2E 69.9 76.1 68.6 50.9 41.8 81.4 73.4 85.9 37.3 74.4 - 78.3 84.0 81.2 46.3 - 76.1 63.7 84.1 59.6 68.5
= LICN-E2C 71.7 77.3 73.8 48.0 42.7 79.3 75.4 86.2 39.4 79.5 - 80.586.2 82.7 47.1 - 81.4 63.7 86.1 61.7 70.1
VOC 2007

We train our model on FG-COCO and the FG-sCOCO training dataset and test the
learned models on the VOC 2007 test dataset to evaluate the object detection per-
formance. Correspondingly, the Faster R-CNN baseline is trained on MS COCO
and the sCOCO training dataset. Table[3.4]shows the experimental results for the
20 coarse categories in the VOC 2007 test dataset, where only 18 categories are
shown for our model learned on the FG-sCOCO training dataset as the categories
of “diningtable” and “pottedplant” do not appear in the training set. The table
shows a term called ratio, which is defined as the ratio of the number of occur-
rences for a category in the training set FG-COCO (FG-sCOCO training) to that
in the training set MS COCO (sCOCO training) and describes the degree of how
many objects in a coarse category of MS COCO (sCOCO training) have not been
re-assigned to a corresponding fine-grained category of FG-COCO (FG-sCOCO
training) with the semantic mapping. The ratio equal to 1 means that no object
in MS COCO (sCOCO training) is re-assigned to a fine-grained category and its
coarse label is kept in constructing FG-COCO (FG-sCOCO training). From the ta-
ble, we observe that for most of the categories with the ratio close to 1, such as
“car”, “chair”, “dog” and “train”, the detection result of our proposed LICN-E2C
version has better performance than the Faster R-CNN baseline. For these cate-
gories, the training examples are almost the same between FG-COCO (FG-sCOCO
training) and MS-COCO (sCOCO training). The result demonstrates that our ap-
proach improves the label inference performance in the image detection problem.
For the categories with the ratio much lower than 1, such as “aero” and “person”,
LICN has a lower performance than Faster-RCNN. We note that in this case, there
is a large difference between the training sets for LICN and Faster R-CNN: FG-
COCO (FG-sCOCO training) has a much larger label space and less training ex-
amples for many categories than MS COCO (sCOCO training), which significantly
increases the difficulty of label learning and inference and thus results in the the
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drop of AP of LICN. It is noteworthy that our LICN-E2C achieves improvements of
0.6% and 1.6% compared with LICN-C2E with the training on FG-COCO and the
FG-sCOCO training dataset, respectively. The results indicate that it is important
to train the model in an ascending order of example complexity in improving the
object detection performance.
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Figure 3.9: The comparison of LICNs and Faster R-CNN, where the former is trained on FG-COCO and
the latter on MS COCO. As introduced in Subsection 4.1.1, both datasets consist of the same images.
The testing results are reported for the Visual Genome test dataset. (a) shows the results for the fine-
grained categories whose labels are not appearing in MS COCO. (b) shows results for the coarse cate-
gories that have no corresponding fine-grained labels in the semantic map, i.e., ratio = 1. (c) shows
the results for the coarse categories where different proportions of object samples are re-labeled by
new fine-grained labels with semantic mapping, i.e., ratio€ (0,1).
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Visual Genome

In this subsection, we evaluate the performance of our approach on the Visual
Genome test dataset, where LICNs and Faster R-CNN are trained on FG-COCO
and MS COCO, respectively.

Fig.[3.9|reports the comparison results of different methods on the test dataset
in three cases: a) Fig.[3.9(a) shows the results for the fine-grained categories that
do not appear in MS COCO and do come from the semantic mapping; b) Fig.3.9b)
is for the coarse categories that have no corresponding fine-grained labels in the
semantic map, i.e., the information for these categories in the training set MS
COCO is the same as that in FG-COCO, and ratio = 1; and c) Fig.[.9|c) is for
the coarse categories, where different proportions of object samples with these
category labels in training set MS COCO are re-labeled by new fine-grained labels
with semantic mapping in building FG-COCO, i.e., ratio€ (0,1). In Fig.a), we
see that the proposed LICN-E2C performs better than LICN-C2E for some fine-
grained categories, such as “guy”, “fighter", “subway", “branch", “skateboarder",
“wave", “tennis" , “bear" and “television". The mean AP of the LICN-E2C model
over all categories in Fig.[3.9(a) is 10.73, which achieves 0.61 mAP improvement
over LICN-C2E (10.12). However, Faster R-CNN baseline training on the coarse
categories cannot detect the new fine-grained categories. So its AP = 0 for these
categories (the gray bars are not visible for that reason). From Fig. 3.9(b), we
can see that for those coarse categories that have not been re-annotated with
fine-grained category labels, there are no obvious differences between these three
models. As shown in Fig.[3.9|c), for each coarse category in which a proportion of
object samples have been re-annotated with fine-grained labels from captions by
semantic mapping, Faster R-CNN has a better performance because it’s training
dataset, i.e., MS COCO, consists of less categories and more examples in each of
these categories than the training set of LICN. With the ratio decreases, Faster
R-CNN tends to increase the improvement because the number of objects re-
assigned from the coarse categories to the fine-grained categories increases con-
tinuously. But our LICN model also achieves a performance close to Faster R-CNN
for the categories with the ratio close to 1.

Actually, the problem of fine-grained label learning with the weak supervision
of captions resolved by our approach is more challenging than the object detec-
tion and label inference resolved by the compared method, i.e., Faster R-CNN. The
main reason is that the category space coming from captions in our problem (e.g.,
150-dim as shown in Table[3.1) is much larger and consists of much more labeling
noise than that in the latter problem.

Example Illustrations

” o« ” o«

Fig.[3.10]shows 5 fine-grained categories, namely “man”, “woman”, “plane”, “bike"
and “bat”, predicted in object detection with our approach. For each category,
we show 4 representative images with top confidence of category prediction. The
illustration shows that our LICN approach can truly predict fine-grain category
label with the weak supervision of captions.
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Figure 3.10: Example illustration of 5 fine-grained categories: “man”, “woman”, “bike”, “plane” and
“bat”, which correspond to the coarse categories: “person”, “person”, “airplane”, “bicycle” and “baseball
bat”, respectively. The values next to bounding boxes indicate the confidences of fine-grained label

prediction.
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3.4. CONCLUSION AND FUTURE WORK

This chapter seeks to answer the question of how to learn the fine-grained ob-
ject labels in object detection with the help of auxiliary information attached to
images. In this chapter, we propose a novel approach called label inference cur-
riculum network (LICN) to the problem of fine-grained object label learning with
the weak supervision of captions. First, we construct a semantic map that builds
a correspondence between the coarse category labels provided by public datasets
and the fine-grained category labels extracted from captions based on the com-
bination of embedding techniques and knowledge bases. Second, we present the
label inference curriculum network with the consideration of the complexity of
samples that describes the difficulty of fine-grained label learning. To evaluate
the performance of fine-grained object label learning in different aspects, we con-
struct multiple datasets based on widely-used public datasets. Experimental re-
sults implemented on the public datasets and our constructed datasets demon-
strate the effectiveness of our approach and show that it is helpful to structure the
training process in the order of easy samples to hard samples in the task under the
framework of curriculum learning.



KERNEL-BASED MIXTURE
MAPPING FOR IMAGE AND TEXT
ASSOCIATION

This chapter is based on the following publication:

Du, Y., Wang, X., Cui, Y., Wang, H., Su, C. (2019). Kernel-Based Mixture Mapping
for Image and Text Association. IEEE Transactions on Multimedia, 22(2), 365-379.

47



48 4. KERNEL-BASED MIXTURE MAPPING FOR IMAGE AND TEXT ASSOCIATION

CHAPTER SUMMARY
This chapter addresses RQ4.

RQ4: How and with what quality can we model the semantic correlations be-
tween two different modalities?

Modeling the relationship between multi modal media, including images, videos,
and text, can reduce the gap between the modalities and promote cross-media re-
trieval, image annotation, etc. In this chapter, we propose a new approach called
kernel-based mixture mapping (KMM) to model the semantic correlations be-
tween web images and text. With this approach, we first construct latent high-
dimensional feature spaces based on kernel theory to address the non-linearity
of both the data distributions in the input spaces and the cross-model correla-
tion. Second, we present a probabilistic neighborhood model to describe the spa-
tial locality of semantics by assuming that proximate examples in feature spaces
generally have the same semantics and a conditional model to describe cross-
modal conditional dependency. Finally, we build a probabilistic mixture model
to jointly model the spatial locality of semantics and the conditional dependency
between different modalities. By combining nonlinear transformation and prob-
abilistic models, KMM can address the non-linearity of cross-modal correlation,
the complexity of the semantic distributions at the global scale, and the continu-
ity of semantic distributions at the local scale. We present a hybrid optimization
algorithm to find the solution of KMM based on expectation-maximization and
sub gradient ascent; this algorithm avoids estimating the parameters of KMM in
high-dimensional feature spaces and is proved to converge to an (local) optimal
solution. We demonstrate the performance of KMM using for public datasets.The
experimental results show that our approach outperforms the compared methods
when modeling the relationships between image and text.
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With the rapid development of the Internet, there has been a massive explo-
sion of multimedia content, such as text, image, audio and videos, on the web.
These types of content usually coexist in a multimedia document and comple-
ment each other to express similar semantics. For example, an image provides
a visual description of a concept, yet this description is usually incomplete. In
contrast, text can accurately describe the abstraction of a concept, but it is not
intuitive. Consequently, joint exploitation of the full information from different
modalities could facilitate accurate content interpretation. Currently, many real-
world internet applications, such as cross-media retrieval [90, |91, 92], image cap-
tion or summary generation [93], image annotation [94, (95, |96] and information
recommendation [97], involve multimodal data. For these applications, the re-
lationship between modalities needs to be considered. Many previous studies
focused on the understanding of the unimodal scenario, in which data are ho-
mogeneously represented and similarity is measured in a single feature spaces.
However, different data modalities are associated with different metric spaces,
and thus similarity cannot be measured directly between heterogeneous modali-
ties. The vastly different representations derived from heterogeneous modalities
make it very challenging to associate signals across these modalities.

The work related to the semantic correlation mining of heterogeneous media
can be categorized into the following four main classes: 1) linear/non-linear map-
ping (98], [99], such as canonical correlation analysis (CCA), 2) probabilistic mod-
els, such as probabilistic latent semantic analysis (PLSA) [100], 3) graph-based
correlation propagation methods [92], [101], and 4) deep learning-based methods
[102],[103]. In [43], the authors presented an approach called mixture of local lin-
ear mapping (MLLM) to cross-modal semantic correlation modeling. MLLM con-
siders that close examples in a local region generally represent a uniform concept
and are supposed to be mapped to another modality based on a linear model, and
then combines multiple linear mapping models to represent the relationships be-
tween different modalities on the whole data distribution. However, MLLM can-
not address the non-linearity of data distributions and cross-media correlations
very well.

In this chapter, we first analyze the ineffectiveness of linear mapping mod-
els and then propose a novel approach, called kernel-based mixture mapping
(KMM), to model the semantic association between text and images. Similar to
our previous method MLLM, KMM considers that the data in a local region of the
input spaces follow a local mapping model and uses a mixture of local mapping
models to substitute a more complex nonlinear mapping. In KMM, we introduce
a probabilistic neighborhood model to accurately describe how data in a local re-
gion follow the corresponding local mapping model. To address the nonlinear-
ity of data distributions and cross-media correlations, KMM first transforms the
textual and visual data from the input spaces into two latent high-dimensional
spaces by nonlinear feature space mapping functions, and then constructs the
mapping model between both modalities in the latent features spaces. The smooth-
ness and sparseness of the parameters are introduced to enhance the generaliza-
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tion of models and the fitness between models and data. We present a hybrid
optimization algorithm based on expectation-maximization (EM) and subgradi-
ent ascent to find the solution of KMM; the parameters are estimated using kernel
theory to avoid the explicit representation of both feature spaces.

In summary, our contributions are three-fold: 1) We analyze the ineffective-
ness of linear models and reveal that linear models’ prediction is close to a zero
vector for cross-media retrieval due to the linear uncorrelation between images
and text at the global scale in feature space. 2) We present a parameterized model-
driven approach, called KMM, to model cross-modal association. KMM provides
akernel-based probabilistic mixture model to describe the distribution that cross-
modal data need to follow and addresses the complexity of the semantic distribu-
tion at the global scale, its continuity at the local scale, and the non-linearity in the
mapping of different modalities. 3) We introduce a hybrid optimization algorithm
based on the frameworks of EM and subgradient ascent and prove its convergence
to an (local) optimum. The optimization algorithm overcomes the difficulty in es-
timating the parameters of the KMM model because our model does not consist
of explicit inner products for being replaced directly by kernel functions.

The rest of this chapter is organized as follows. Section [4.1| presents a brief
overview of related work. Section 4.2|breifly analyzes the ineffectiveness of linear
mapping models. Section describes our KMM approach to the modeling of
image and text association. Section[4.4] presents the optimization, algorithm and
analysis for KMM. Section [4.5] provides the experimental results, and Section [4.6
concludes the chapter.

4.1. RELATED WORK

Studies related to cross-media modeling can be divided into four main classes.
(1) Linear or nonlinear mapping. This class of methods builds a linear or non-
linear (closed-form) transformation model between heterogeneous input spaces
or from both input spaces to a latent semantic space where similarity is mea-
sured. Grangier and Bengio [104] proposed a linear discriminant approach for
cross-modal retrieval by linearly transforming one modality to the other and ex-
tended the linear model to a nonlinear one through the kernel trick. Jiang and Tan
[105] presented a vague linear transformation to measure the information simi-
larity between visual and textual modalities through a set of predefined domain-
specific information categories. There are some other approaches that transform
both modalities into a common space, which can be constructed based on CCA
190, |106} [107], matrix factorization 108, |109], or by preserving a certain struc-
ture of data [110]. The similarity between multiple modalities can be measured in
the common space. Tang et al. [111] presented a cross-space affinity model that
was learned with an optimization problem, where the restriction of exact corre-
spondences between different modalities was relaxed to their relative similarities.
In addition, some researchers proposed mixture models to describe the relation-
ship between two sources of data. In [112], Deleforge et al. introduced a model
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called Gaussian locally-linear mapping (GLLiM) for high-dimensional regression.
Different from [43], GLLiM model aims to solve the inverse regression problem.
Hannah et al. [113] presented a more general regression model by introducing
generalized linear models. To handle diverse content more appropriately, Hua et
al. [114] presented a method called TINA that built a set of local linear projections
for each modality and then measured the relations of pairs of local models for dif-
ferent modalities. To address nonlinearity of data distributions, Zhang et al. [115]
and Xu et al. [116] introduced kernel mapping in data representation.

(2) Probabilistic methods. Probabilistic methods generally aim to maximize
the probabilities that the data of one modality can be generated for the given in-
puts of the other modality. Jeon et al. [117] proposed an approach to annotating
and retrieving images that directly modeled the joint distributions over blobs in
images and words in text. Different from [117], Monay and Pere [100] computed
the joint distributions over images and text based on PLSA by introducing a latent
semantic variable. Feng and Lapata [118] proposed an approach to image cap-
tioning based on the latent Dirichlet allocation (LDA) model and generated the
keywords of captions by maximizing the posterior probabilities given the image
and its corresponding textual documents. Zhang et al. [119] supposed that fea-
tures of images and text are independently generated by a certain concept and
modeled cross-media relationships under the Bayesian framework. To improve
learning performance, Wu et al. [120] incorporated unlabeled data in the training
process of image retrieval and learned the model by maximizing the joint prob-
abilities of labeled and unlabeled data with the discriminant-EM algorithm. To
relax the restriction discussed in many studies regarding full correspondence be-
tween modalities, Jia et al. [121] proposed a method for analyzing the semantic
correlation between modalities based on a Markov random field of topic models
for realistic scenarios, where a narrative text is only loosely related to an image.
Different from the above studies, Pham et al. [122] presented a method for learn-
ing fine-grained relationships between images and text, i.e., the correspondences
between the keywords in text and the visual regions in images, based on EM algo-
rithm.

(3) Graph-based correlation propagation. Generally, graph-based methods
model multimedia with each document as a vertex and the relationship between
documents as an edge, and propagate the correlation information to learn the
cross-modality similarity over the graph [92]. Zhai et al. [101] constructed a kNN
graph for each modality and performed cross-media retrieval by determining whether
the examples from different modalities have the same label or not. Lin et al. [123]
presented a PLSA-based aspect model to measure the inter-correlation between
different modalities and intra-correlation in the same modality, and then con-
structed a multi-modal propagation network for cross-media retrieval. Lazaridis
et al. [124] presented a novel framework based on kNN graphs for multimodal
search of rich media objects, in which Laplacian eigenmaps were employed to
merge low-level descriptors and create a new low-dimensional multimodal fea-
ture space. Xue et al. [125] proposed a graph-based approach that contained
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two processes of semantic correlation computing for modeling the semantic cor-
relation between web images and text. In the work, information propagation
was jointly driven by the local semantics of visual blobs or words and the global
semantics of documents. In [126], a multiple graph-based multi-label learning
framework was proposed for image annotation problem, in which the visual con-
tent of images, semantic correlation of tags and the prior information provided by
users were simultaneously considered. The multi-graph strategy was also used in
[127], where the authors jointly modeled the intra-modal local topology structures
of each graph constructed on one modality and the inter-modal local topology
structures to obtain the final common embedding space for multiple modalities.

(4) Deep learning-based methods. In general, deep learning-based methods
jointly map different modalities into an embedding space using deep networks
and measure similarity in this space. Deep CCA [128] is a representative approach
to cross-media correlation modeling, which represents each modality with a deep
network and measures the similarity based on CCA. Different from deep CCA,
Wang et al. [129}|103] measured the similarity between different modalities based
on cross-view ranking constraints or the element-wise product. Eisenschtat and
Wolf [102] presented a bidirectional neural network architecture for matching im-
ages and text, in which two tied neural network channels were used to project
both views into a common, maximally correlated space using Euclidean loss. To
make cross-modal correlation modeling more precise, Peng et al. [130] fused
coarse-grained instances and fine-grained patches and learned the relationships
between images and text based on the constraints of the intra-modality seman-
tic category and the inter-modality pairwise similarity. To make an efficient re-
trieval, Hong et al. [131] presented a novel joint semantic-visual space by lever-
aging visual descriptors to narrow the semantic gap and provided an efficient on-
line multimedia service. In addition to image-text association modeling, Wang et
al. [132] focused on making correlations between movies and text and proposed
a novel model called layered memory network, which can encode the temporal
alignment between sentences and frames inside movie clips. Most of the deep
learning-based methods model the relationships between different modalities by
parameter tuning in the representation process. Different from these methods,
we build an explicit probabilistic model to describe the cross-modality relation
based on the representation from deep networks.

4.2. LINEAR MODELS AND THE INEFFECTIVENESS

In general, there is a natural correspondence between visual space and textual
space. Let

M RT S R! (4.1)

be an invertible map from the textual space to the visual space. Similarly, given
a query of visual image x! € R/, its corresponding textual sample in textual space
can be achieved with the inverse of ., i.e., 4~ (x/).
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Figure 4.1: An example of linear transformation from textual spaces to visual spaces using the Corel5K
dataset: (a) the decrease of fitness error with iteration and (b) the comparison between the prediction
(red curve) and the ground-truth image (blue curve) for a certain textual input. In Fig. images
are represented by the bag of visual words (BoVW) model (500 visual words), and the y-axis denotes
the value of each entry of feature vectors for the prediction or corresponding ground truth given a
textual input.
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Many previous models for mapping the heterogeneous modalities are con-
structed as linear models [90} 106, 105]. Jiang and Tan [105| transformed text (or
images) to the other modality with a linear model and computed the similarity
between the ground truth and the corresponding prediction:

x' =MeMrex!, (4.2)

where %/ is the prediction in the visual space, and M7¢ and Mc; are the transfor-
mation matrices from textual spaces to concept spaces and from concept spaces
to visual spaces, respectively. The similarity can be measured using Euclidean dis-
tance in both spaces:

dpx!’,x") = Ix! =M MpexT |l . (4.3)

Actually, images and text originate from two completely different systems. Fur-
thermore, visual features and textual features are complicated and nonlinearly
distributed in their respective spaces. Consequently, constructing a map between
both spaces with a linear model is intuitively inaccurate. Fig. illustrates an
example of linear transformation from textual spaces to visual spaces using the
Corel5K dataset. From Fig. we find that the fitness error decreases by only
approximately 10% through iterative optimization. Fig. [4.1(b)|shows that the pre-
diction result in visual space is similar to a random noise around 0 along the se-
mantic label dimension and has a large difference from the ground truth. Theo-
rem 1 provides a theoretical analysis.

Theorem 1. If x” and x! are linearly uncorrelated, the solution to Eq with the
minimization of the distance shown in Eq[4.3 over all data is a zero vector that is
independent of the distribution of x'.

Proof. Letx! = (x],x},---,x}) and x” = x] ,x],---,x}) be the data matrices for
images and text, respectively. Without loss of generality, we assume that x/ and
x! have a mean of zero. When x” and x/ are linearly uncorrelated, the correlation
coefficient can be computed as follows:

B tr(CrCLp)
\/ tr€r1C)tr(CC) (4.4)
=0,

o

where Cr; = X'x!’, Crr = X™x"" and C;; = X'x!". In this chapter, x”' means
transpose of the matrix x”. Thus, tr(Cr/C%.,) = [Cr||% = 0. By minimizing the
distance in Eqf4.3} the following is attained:

iI = MCIMTCxT
=x'x" x"x"") " (4.5)
= CT[C}ITXT .

Then, [X']| < IC7/llFIIC5;x" 1l = 0, and thus £’ =0. O
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4.3. PROPOSED MODEL

4.3.1. LocAL LINEAR MAPPING

In this approach, we write the map as .# : X — Y. Without loss of generality,
we let X = R and Y = R!. We consider that the map from a local region of X
to Y can be described by a linear model due to the simplicity of the local data
distribution. We characterize the linear mapping model .# over the local region
by the concatenation of two matrices as follows:

yi=Vi+e;

(4.6)
=W-Vx; +¢;,

where x; € X denotes an input (or a query), y;,y; € Y are the corresponding ground- u
truth output and the prediction in the other modality, respectively, V is the trans-

formation matrix from the input space to a latent semantic space, W is the trans-

formation matrix from the semantic space to the output space, and ¢; denotes

the fitness error. In our work, we assume the fitness error ¢; follows a normal dis-

tribution with zero mean and covariance matrix X. Given the model .# and an

input x;, the probability distribution of the ground-truth output y; is formulated

as follows:

Pr(y;|x; — 1 -1dlyix;)
yilXi, M) = e 2 , 4.7
vV emr x|

where d(y;,x;) = (y; —WVx;) T =71 (y; - WVx;).

As analyzed above, we consider that a set 2, of close examples in a local re-
gion indexed by m has uniform semantics and approximately follows one cross-
media mapping model. Intuitively, the data near the centroid of 2,, follow the
mapping model with high confidence, and those far from the centroid follow with
low confidence. We then characterize the confidence with a neighborhood model
Ky (x— ) with a symmetric positive definite dy x d, bandwidth matrix H, where p
is the centroid of the local region and

Ku(x—p) = H2KHEH 2 (x- ) . 4.8)

K(x) is a bounded function with compact support satisfying [133]

K®dx=1 lim |x/|*K®dx=0
RAx [1x]|—o0 (4.9)
f xKx)dx=0 xx! Kx)dx = ckI,
Rdx Rdx
where ci is a constant. A Gaussian function with a zero-mean vector and an iden-
tity covariance matrix satisfies such constraints in Eq We use Ky, (X — ) to
describe the probability or confidence of the data that follow the mapping model

My, OVer Ry, ie., Prx;|Ay).
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The joint probability of the pair (x;,y;) generated by the model .4, is:

Pr(x;,yilMm) = Pr(X;| M) Pr(y; |X;, Am)
= Ku,, % — tm) Pry;|[xi, M) , (4.10)

where u,, and H,, denote the centroid (replaced by the mean vector in comput-
ing) and bandwidth matrix, respectively, of the local region %, that x; belongs
to.

An alternative factorization of the joint probability shown in Eq can be
performed as follows:

Pr(x;,yil-#,,) = Prlyil4,,) Pr(x;ly;, 4},)

where #,, denotes a mapping model from Y to X. This factorization is related
to the inverse regression [112], where y; is considered as a regressor. In this case,
we need to define a neighborhood model Ky (y — p) to describe the probability of
yi that follows the mapping model, i.e., Pr(y;|.#/,). Compared with Eq[4.10} this
factorization will result in a high computational complexity because we need to
compute Pr(y;|.#},) for all y; in a dataset given a certain query x;.

4.3.2. KERNEL-BASED MIXTURE MAPPING

Due to the complexity of the data distribution, the map between two modalities
may not follow the linear model in the original input space, and the local region
in the input space cannot be depicted well by the expected Gaussian neighbor-
hood model. Therefore, we formulate this problem in a high-dimensional latent
feature space based on kernel theory. Let us consider ¢: X — Fyandy:Y — &,
that map the original input spaces into two feature spaces of dimensions d, and
dy, respectively, where both %, and &) are inner product spaces. Here, as shown
in Fig. we build a d;-dimensional semantic space S by the linear transfor-
mation over both feature spaces. In the semantic space, it is easier to introduce
the kernel theory and measure the similarity of two modalities. Similar to Eq{4.7}
the map between two modalities can be represented by the following probabilistic
model in the semantic space:

1 _1 b
Pr(y;|pi, M) = ————e 29mWib) 4.11)

V MBI,

where ¢; = ¢(x;), ¥; = w(y;), and
Am Wi, )= Ui =Vd)) "2 Ui =V ). (4.12)

where X, denotes the covariance matrix of data points {U,,w; —V,,¢;} associated
with the model .#,, in semantic space and X! denotes the inverse. The distance
dm(-,-) measured in S is achieved by the combination of features with matrices U,
and V,,,. Generally, the rows of U,,, and V,,, are located in the space spanned by the
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Figure 4.2: Our approach. (a) The framework. The small squares and circles denote examples of images
and text, respectively, located in input or feature spaces, and different colors indicate different local
regions. In the input space, the local regions are supposed to follow a Gaussian neighborhood model
in the feature space, while they do not follow this model in the input space. (b) Convergence analysis
of hybrid optimization, which is introduced in Section@in detail.
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columns of ¥ = (y;) and ® = (¢b;), respectively, i.e., U, = Am‘{’T andV,, = BmQDT.
Eq can be rewritten as:

AmWi,¢)=AmKy,i~BpnKy,) 2, (A Ky,i—BpKy,i), (4.13)

where each row of A,;, and B,,, denotes the coefficients with which the rows of U,
and V,, can be linearly reconstructed by the data points {y;} and {¢p;}, respectively,
and K, ; and K),; denote the i-th column of kernel matrices Ky = (¢x-¢p;) and K, =
(wx -y, respectively. Based on the kernel theory [134], we can choose nonlinear
kernel functions fp: X x X — Rand f : Y x Y — R, which should follow Mercer’s
condition, to satisfy fp Xy, X;) = ¢r - P; and fy (Y&, V1) = Wi - ¥, Therefore, we can
achieve the kernel matrix in input space instead of in feature space by choosing
appropriate kernel functions.

The neighborhood model in the feature space %, can be rewritten in the fol-
lowing form:

L (4.14)
\ @m)% [Hy|

where ¢,,; = ¢; — W It is worth noting that the neighborhood model could not
have been computed in the input space X so far. We will introduce its solution
method in the next section.

Due to the complicated data distribution and the nonlinear mapping between
the textual and visual spaces, a single mapping model is insufficient in modeling
the relationship between different media. To this end, we develop a probabilistic
mixture model to characterize the cross-media mapping. Given the model, a log-
likelihood function is defined based on the joint probability of N cross-media data

pairs {(Xl-,yl')}fil as follows:

Pr(i|tm) =

N
Lr=In[]Pr(¢i,vi)
i=1

N M
=In[[ Y. wmPr(il ) Priyildi, M) , (4.15)

i=1m=1

where M is the number of components in the mixture model, and w, is the weight
of the m-th component .4, with er\n’le w;,; =1 and wy,;, = 0. In the mixture model,
the first probabilistic term aims to make close points share the same component
My, and the second term focuses on modeling the relationship between two
modalities.

4.3.3. CONSTRAINTS IN THE MODEL

According to Eq A, and By, are the coefficient matrices used to reconstruct
U, and Vy,; based on the kernel matrices K, and Ky, respectively. Here, we con-
sider two extra constraints.
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Smoothness

In general, two close data points in the input spaces X and Y are expected to have
images close together in the latent semantic space S. To this end, we introduce a
smoothness constraint that is defined as follows:

Ja=Y i IAKy, Kyl
< [PIZIAl% ,

Jp=Y . ; IB(Ky,; — Ky, )l
< IQI%IBIZ ,

(4.16)

where i ~ j denotes that the i-th and j-th data points are close, and P and Q
are the matrices whose columns are the vectors {(K},; — Kj, )} and {(Ky ; — Ky, j)},
respectively, in a certain order for all i ~ j. Thus, we characterize the smoothness
of the cross-media mapping based on Eqf4.16]as follows:

Jsm B, Bm) = Aa m I AmlI% + Ap m Bl , 4.17)

where for simplicity, we use parameters A 4 ,,, and Ap ;;; to replace the exact Frobe-
nius norm of P and Q, respectively. In our work, welet 14, = Ap,;, =1 and use a
single 1; to control the importance of the smoothness term. To obtain a smooth
mapping model, /s, (A, B) needs to be constrained to a small value.

Sparseness

The rows of U,, and V;,, can be considered as a new basis (possibly nonorthonor-
mal) for the projection of examples {i/;} and {¢;}, respectively, and can be linearly
reconstructed by these examples. To make each basis tend to represent some spe-
cific semantics held by a subset of examples, we expect to reconstruct the rows of
U,, and V,, using a few examples by enforcing each row of A,, and B,, to have
a few non-zero elements. We call the characteristics sparseness and formulate it
using the L;-norm as follows:

]sp(Am,Bm) = Amlly + 1Bl - (4.18)

Incorporating both constraints into our problem, we have the final optimiza-
tion problem to compute cross-media correlation:

M
max Ly - Y (MTsm@Am,Bm) +A2Jsp (A, B)) (4.19)
m=1

where O = {wm,um,Hm,Am,Bm,Zm}%‘L1 is the parameter set, and 1; and A, are
used to control the balance between the terms.
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4.4. OPTIMIZATION, ALGORITHM AND ANALYSIS

4.4.1. OPTIMIZATION AND ALGORITHM

Similar to Wang et al.’s work [135], we define the following notations as shown in
Table[4.1l The first five rows in this table formulate the traditional estimation of
Gaussian mixture models in the input space based on EM [136]. Here, the super-
script (t) refers to the ¢-th iteration.

Table 4.1: Notations.

pL. = Pr(tly| i, i, 00)

wi(v?i = pfv?ilzjzl p;?j
u® =3V w®)’e;

B0, = i1

H,) =¥ Y, (w%)z‘ﬁmi‘/};i

Koij=di-pj = fpxi,x))

0 _ 0 ()
Kam)ij = Wi~ wy,:j
% @o_ oz 05
(Kx,m)ij =W, Pmi wmj(/)mj

! (1) _ (1)
(Kx,m)ij =¢i- wmj(l’j

i/ 0 _ 7 (0 7
(nym)ij - (f’mi N wm](l)m]

The optimization problem Eq. is different from previous regularization-
based learning problems because it contains the hidden information. More specif-
ically, we do not know which component .4, “generates" each pair (x;,y;). To
solve the optimization problem, we present a hybrid optimization algorithm based
on EM and subgradient ascent. The parameters of the proposed model are © =
{Wm, b, Hmy A, B, Zm}%:p where the first three parameters describe the neigh-
borhood model, and the rest are for cross-media mapping.

Based on the EM algorithm, we define the following function Qf in the expec-
tation step to help optimize problem Eq.

M N
Lr=3" Y Pmiln(@mPr(¢il M) Pr(yi|pi, M)
m=1i=1

(4.20)
M N
=Y Y Pmi(Inw,HAnPr(g;| A MNP (W ;|di, M)

m=1ij=1

According to EM, the growth of ,?f can increase £ shown in problem Eq.
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By setting the partial derivative of .,@f to zero, we can easily achieve

mi ’

o_ 1 o
o :NZp . 4.21)
i=1

where pgr?l. is defined in Tableand can be expanded as:

0 _ @i Pr@iltm, O V) Pr(yilepi, Mo, OV)

plh = (4.22)

M
kz oV Pr(i| My, 0D Pr(y 1y, My, OV
-1

The feature space %y is usually of high dimension and cannot be represented
explicitly. Hence, we do not directly compute the distribution Pr(¢p;|.#,,, ~V) in
Eql4.15]and Eq[4.21|(sometimes "~ may be omitted to save space) and estimate
the parameters {y,,l,Hm}],:;’:1 in the feature space. Instead, we may estimate the
distribution in the input space with the kernel trick. First, based on the work in
[137), we can rewrite the exponent term in Eqf4.14]as:

(53;”-H;11 (Z)mi :(Z)r];liVAilvTJ)mi

dy ) (4.23)
=2 YilAi
j=1

where Vand A™! = diag(/l’l,/lgl, .. ,A;;) denote the matrices of the eigenvec-

tors and eigenvalues of H,!, respectively, and y; = ¢! .V; is the projection of ¢! .
over the j-th eigenvector V;. We note that Ky m and the bandwidth matrix H,,
have the same nonzero eigenvalues {A ;}. It was proved in [135] that

vi=BiT.i, (4.24)

where §; is the eigenvector of Ky, m corresponding to the eigenvalue A jyandT.;
is the column of K ,,, corresponding to x;. Note that d is unknown due to the
implicit feature map ¢, and we approximately estimate the distribution as the
marginal density function by keeping d(’p (dg’b < dg) principal components that
correspond to the d(; largest nonzero eigenvalues and discard the rest in Eq

1 d'
Moreover, the factor (2)%/2H./2 in Eq}4.14|can be replaced by (2)%"* Hjil /1}./ 2,

Then, we can iteratively estimate Pr(¢;[.4,) in Eq[4.20] by updating the kernel-
matrix parameters Ky, ,, and K, ,,, shown in Tablelgl in the input space, instead of
Um and H,, in the feature space, since both sets of parameters describe the same
distribution. Note that Ky, ,, and K, ,,, can be easily computed as the centralized
versions of Ky »,, and K/, ,,,, respectively.

For the update of the parameters {A;;, By, Znlm=1,2,---, M}, we build a new
optimization function based on problem Eq. [4.19]and Eq[4.20}

M N
2= 3" |Y PmilogPr(y;ld;, Mm) —](Am,Bm)), (4.25)

m=1\ i
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where J(-,+) = A1 Jsm () + A2 T5p (). 2 includes the non-differentiable terms of
|- I, for the sparseness constraint, and thus a closed-form solution cannot be ob-
tained by directly taking the derivative. We use the subgradient ascent scheme to
iteratively maximize 2. At each time ¢, we compute the subgradients as

m ' m,i

1
V5, 2==23 PmiCm = DmiZu Dy )
i
Van2==Y PmiZp AmD} = MAm —A2An,,
i
VB, 2=3 PmiZy BmD,,; —MBpm—A2As,, ,
i

where Dy, ; = ApKy; —BmKy,;, and A is defined as
(Aa,)ij =sgn((Am)ij), (AB,,)ij =sgn(Bm)ij) -

Here, sgn(z) outputs 1 when z > 0, 0 when z < 0, and a random value uniformly
distributed in [-1,1] when z = 0. Given the subgradients, we update the solution
for 2,,, A;;, and B, to maximize 2 as follows:

s =20 Vs, 2,
A(nl;ﬂ) :A%) +nX:ﬂ “Va, 2, (4.26)
Bj,"V =B\ +n} Vg, 2,

where ng) , nX:n and ngzn are the step sizes at time . In the experiment, we set the

step sizeto 1/¢.

Eigenvalue decomposition of large-scale matrices

When an example x; is far from the center of the Gaussian component .4, it
belongs to this component with low probability p,,;. Hence, we can set the corre-
sponding columns and rows of Ky ,, to zero to obtain an approximation, and per-
form eigenvalue decomposition on a smaller matrix after the elementary trans-
formation of the matrices. Let p;; = max; p;,, and in the experiments, we set the
i-th columns and rows of Ky, ;;; to zero if p;;; <0.01py,.

Parameter initialization

First, we use the K-means clustering algorithm with the training data {x,-}i.\i , and
achieve M clusters in the input space. Then, we compute the values of p;;;, Ky, m,
Ky m» K/ ,, and I~(;C, n over the hard partitions as the parameters at the time ¢ = 0,

252), AE(,),) and ng) are set randomly.

4.4.2. CONVERGENCE ANALYSIS

Our model includes a hidden variable, i.e., .4, , to indicate which local model
that a pair of data points follows. The EM algorithm is a powerful tool for solving
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Algorithm 2 KMM parameter estimation algorithm

Require: Image-text paired documents D = {(xl-,yl-)}ﬁ.\i 1» each including an image

and a textual document with the same semantics, kernel functions ky and ky,
parameters M, Ay, Ay, ds, step sizes n(ztzn, nf{r)n and ngzn, and the maximum
number of iterations T;
Ensure: The estimated parameter set © = {w, Ky, m, K. ;1 A, B, Tt

1: Initialize parameter set 0 = {0, K, K%, AW, BY), =M _ r=0;

2: repeat

3: t=t+1, and step sizes 17(;, nXL,ngzn =1/t

4 Compute p”; with Eq based on O~ 1;

5: ( Update ') with Eq K, and K}, based on Table [4.1} and then get
6w,

6:  Update 2\, A') and B?) with Eq}4.26} and then get *1;

7 until 1= T.

such problems and can generally guarantee that the iterative optimization con-
verges to a local optimal solution. In our work, we present a hybrid optimiza-
tion algorithm based on the combination of EM and subgradient ascent. In this
subsection, we introduce two notations: X denotes the observed data and z hid-
den states commonly used in the EM algorithm, which correspond to {(¢;,w;)}
and {4/}, respectively, in our model. Here, we rewrite £ = In Hﬁ\i 1 Pr(o;,y;) in
Eq i.e., InPr(X|®), as ff((am) to emphasize the parameters at a particular
time ¢, and we define the following variable:

(r@10'") =2p©") +Zpr(z|x,@<”)1n( PriX, z0) )
z

Pr(X, z|00)
=270+ 1,016") + L(©l6")
- Pr(z1X,0)InPr(X, z10") 4.27)
z

where

L(©18") =) Pr(z|X,0)InP1(X,2l0) ,
z

L(©]10") =) Pr(z|X,0")InPy(X,2l0) ,
¥4

and © denotes the current parameters at time . In this subsection, P;(-) and
P,(-) correspond to w,, Pr(¢;|.4,,) and Pr(y;l¢;, ), respectively, in Eqi4.16|
Based on Jensens inequality, we have that Zr(©) = ¢ f(@l@m), and then that

Z50)-J©) = ;010" - J©O) . (4.28)
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where /(@) represents the regularization terms in problem Eq. and Eq[4.25)
ie., Z%:l J(A;,Bp). InEq the equality holds if and only if ® = oW,

In the optimization process shown in Algorithm 1, we have the following two
steps in each iteration. 1) We update w,,, K, and K/ ,, based on the EM al-
gorithm to maximize ¥, ; Pmi(In@m +InPr(¢p;| M) in Eq ie., I;(©/0W),
and obtain the parameter denoted by ©”); 2) By fixing the updated parameters
in step 1, we update parameters X, A;; and B, via Eq to maximize 2, i.e.,
1,(©]09) — J(©). Consequently, based on the above steps, we increase the right
side of Eql4.28/and obtain the updated parameters, denoted by ©*. According
to Eq -ff(@(HD) —-J(©Uy > .,%f(@m)—](@(”). Consequently, our algorithm
will converge to an (local) optimal solution. Fig. [4.2(b)illustrates the optimization
process.

4.4.3. COMPLEXITY ANALYSIS

The computational complexity of parameter estimation is mainly derived from
the update of kernel matrices, e.g., Kx,m, the eigenvalue decomposition of Kx,m,
the subgradient computation and the update in Eq[4.26] Suppose the numbers
of examples handled by each component .4, denoted by N, are the same and
do not change as the amount of data increases; the proposed algorithm includes
the following four main parts: 1) computing Ky, ,, in O(N2, M) time, 2) performing
the eigenvalue decomposition of K, in O(N3, M) time, 3) computing the subgra-
dients with respect to X,, and A,; (B;;) in O(d3M + d;N2,M) time and O(d> M +
diM+ dsNiM + dsNM) time, respectively, and 4) updating X, and A,, (B;,)
in O(d?M) time and O(d;N) time, respectively. Suppose the algorithm converges
in T iterations; the total computational complexity is O(NMT) by keeping the
higher-order terms in the above analysis.

4.5. EXPERIMENTAL RESULTS

4.5.1. DATASET AND EXPERIMENTAL SETTING

Four public real-world datasets are used in our experiments.

¢ Flickr8K dataset [138] consists of 8,000 images from the Flickr.com website,
which focuses on people or animals performing actions. For each image,
five captions were generated by different annotators using a crowdsourcing
service. The dataset is split into disjoint training, validation, and test sets
with 6,000, 1,000, and 1,000 pairs, respectively.

* Flickr30K dataset [24] extends the Flicker8K and consists of 31,783 images
of everyday activities, events and scenes, each paired with five captions, i.e.,
a total of 158,915 captions. The captions were annotated in a similar style
as in Flicker8K. We use 1,000 examples for testing, 1,000 examples for vali-
dation and the rest for training.
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Figure 4.3: The performance of cross-media retrieval versus the number of components M in the case
of “1 image vs. 1 caption” on three datasets. “I — T” and “T — I” denote “image — text” and “text —
image”, respectively.
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* MSCOCO dataset [21] contains 123,287 images, each corresponding to 5
captions. Similar to [139], we randomly generate the splits that contain
5,000 images with corresponding captions for both validation and testing,
and the rest of the images are used for training. The results are reported on
a subset of 1,000 testing images.

e NUS-WIDE-10K dataset [140] has 10,000 image/text pairs in total, selected
evenly from the 10 largest categories of the NUS-WIDE dataset. The dataset
is split into three subsets following [130]: training set with 8,000 pairs, test-
ing set with 1,000 pairs and validation set with 1,000 pairs.

We implement 5 independent experiments to alleviate the variation caused by
random splits of datasets.

n The data are represented as follows.

* Image representation: In the experiments, we employ two pre-trained deep
networks on ImageNet, i.e., VGG-16 networks [4] and ResNet-152 [5]. We
use the images resized to 224 x 224 as the input for both networks, and
achieve 4096-dimensional feature vectors from VGG and 2048-dimensional
vectors from ResNet.

o Text representation: We extract textual features based on Word2vec [141].
We represent every word in a commonly used 150-dimensional embedding
space, and then cluster them into K groups. Finally, we employ a bag-of-
words representation to describe an text instance based on the feature vec-
tors of words. In the experiments, we let K = 500.

Cross-media retrieval includes two tasks: text retrieval given a query of an im-
age and image retrieval given a textual query, which are denoted by “image —
text” and “text — image”, respectively. We evaluate the performance with R@r
that denotes the recall at r for both tasks. Since Flickr8k, Flickr30k and MSCOCO
contain 5 captions per image, we evaluate the proposed approach in two cases:
1) “1 image vs. 1 caption”, in which each caption is considered as a response or
a query in the retrieval, and the recall at r for “image — text” task is computed
based on whether at least one of the correct captions is among the first r retrieved
ones [142], and 2) “1 image vs. 5 captions”, in which the 5 captions corresponding
to an image are concatenated as a response or a query [128]. In the cases of “1
image vs. 1 caption” and “1 image vs. 5 captions”, we train KMM based on the
pair of an image and each of its 5 captions [103] and the pair of an image and its
concatenated captions [128], respectively. Regarding NUS-WIDE-10K, like [130],
we consider the set of multiple tags for an image as a text instance in both retrieval
tasks and evaluate the performance with the mean average precision (mAP) score.

In the experiment, we compare the proposed approach with the following
state-of-the-art methods.

¢ Deep CCA [128]: representing images and captions using deep neural net-
works and then correlating them by CCA.
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e HGLMM and GMM+HGLMM [139]: combining Gaussian and Laplacian dis-
tributions into one hybrid distribution model that can benefit from the prop-
erties of the two distributions.

e MLLM [43]: a mixture of local linear mapping model with VGG-16-based
visual representation and Word2vec-based text representation.

* 2-Way Net [102]: employing two tied neural network channels that project
the two views into a common, maximally correlated space using Euclidean
loss.

¢ Embedding Networks [103]: learning a shared latent embedding space based
on two-way networks with a maximum-margin ranking loss and neighbor-
hood constraints.

e DVSA [143]: an alignment model based on the combination of CNNs over
image regions and bidirectional recurrent neural networks over sentences.

¢ OrderEmbedding [144]: learning the embeddings of images and captions
by defining a loss function that encourages the order-violation penalty for
ground truth caption-image pairs to be lower than that for all other pairs,
by a margin.

e DSvEL [142]: a new two-path neural network with a visual path that lever-
ages recent space-aware pooling mechanisms.

¢ CSE [145]: using CNNs to represent images and sentences and combining
mid-level representations and global semantic learning.

¢ CCL [130]: fusing multi-grained features and learning the correlation based
on the constraints of the intra-modality semantic category and the inter-
modality pairwise similarity.

* RRF-Net [146]: a model that adapts the recurrent mechanism to residual
learning and integrates the intermediate recurrent outputs.

4.5.2. PARAMETER TUNING AND ANALYSIS

The key parameters of KMM include the number of components M in Eq[4.15} the
balance control parameters 1; and A, in problem Eq. and the dimension,
ds of semantic space S. To maximize the performance over validation sets, we
determine the parameters by searching on the following grids: 11,1, € {10%,10!
--+,1073}, M € {10,20,40,60, 100,150,200}, and dy € {20,50,100,150,200}. In the
experiment, we set d; = 50 for Flickr8K, Flickr30K and NUS-WIDE-10K, and d; =
100 for MSCOCO. To avoid inner product computation in the implicit feature spaces
Zx and &, we introduce the kernel function in Sectionmto achieve the com-
putational results in the input spaces. We choose a polynomial kernel of degree 2,
ie, fp®XpX) = XX+ 1D?, fy (Vi ¥1) = (yk - y1 + 1)?, via experimentation.
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Figure 4.4: The effect of the dimension, ds, of semantic space on the retrieval performance (R@5) of
KMM with M =40 in the case of “1 image vs 1 caption” on Flickr8K. “I — T” and “T — I” denote “image
— text” and “text — image”, respectively.
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Figure 4.5: The effect of 11 and A on the retrieval performance (R@5) of KMM with M = 40 in the case
of “1 image vs 1 caption” on Flickr8K. “I — T” and “T — I” denote “image — text” and “text — image”,
respectively. We change one parameter by setting the other to the optimal value, i.e., 1072,
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Fig. illustrates the effect of parameter M on the performance of cross-
media retrieval for three datasets in the case of “1 image vs. 1 caption”. On the
whole, we observe that the recalls reach the highest values at M = 40 and 60 for
Flickr8K and Flickr30K, respectively. For the more complex MSCOCO dataset, a
larger value, M = 100, can produce better performance than the other values of
M. The phenomenon is consistent with our intuition. That is, a model of larger
capacity, i.e., the one with larger M in this work, is required for modeling a more
complex dataset. In addition, the performances measured by different metrics on
a specific dataset likely do not reach the highest value at the same M. For exam-
ple, for Flickr8K, the recall R@1 in task “text— image” is 31.6% at M = 40, which is
slightly lower than 32.7% at M = 60. We also notice that a value of M that is too
large may decrease the size of the local region %, that supports local model .4,
which tends to cause over-fitting in the learning of parameters A,;, B;;, and X,
and affects the performance of cross-media retrieval.

Fig. shows the effect of the dimension d; of semantic spaces on the re-
trieval performance (R@5) of KMM with M = 40 in the case of “1 image vs. 1
caption” on Flickr8K. As seen, the dimension of semantic spaces has effects on
the performance. More specifically, the recall reaches the peak at ds = 50 and
then begins to degrade. An appropriate dimension for a latent semantic space de-
pends on the complexity of semantics contained in datasets. A lower dimensional
semantic space may result in an insufficient capacity to represent the distribution
of semantics, while a higher dimension may cause a looser distribution of seman-
tics as well as larger sizes of transformation matrices U, and V.

Fig. illustrates the effect of parameters 1; and A, on the retrieval per-
formance (R@5) of KMM with M = 40 in the case of “1 image vs. 1 caption” on
Flickr8K. In the figure, we show the effect of one parameter while setting the other
to the optimal value. By experiments, we find that the retrieval performance peaks
at 1; = A, = 1072 and then retrieval performance begins to degrade as A1 or A,
continues to be added. In general, we find A, leads a faster increase and slower
degradation of performance than A, as parameters are added. The results indi-
cate that the smoothness term plays a more important role than the sparseness
term in maintaining a good retrieval performance. In the experiments, we set 1;
or A, to 1072 for all datasets. We conduct a further analysis for A; and 1, by an
ablation study in the next subsection.

4.5.3. PERFORMANCE ON CROSS-MEDIA RETRIEVAL

Ablation study

To further reveal the contribution of the two constraints in problem Eq. we
test the performance of KMM with three configurations. The variants include:
1) KMM (without smoothness), which is obtained by removing the smoothness
term, 2) KMM (without sparseness), which ignores the L1-norm regularization
that constrains the sparseness of learning results, and 3) KMM, which is the full
version formulated in problem Eq. Table [4.2} Table[4.3|and Table [4.4] show



71

4.5. EXPERIMENTAL RESULTS

G6L 6°99 ¥'6¢ €'cg s 9'1¢ JONS9Y (-ded G 'sa ewtt 1) WA
€L 6°09 2'9¢ 18 6’1 S8y DOA ("deo g "sa “ewtl T) INIAI
0'08 ¥'89 €€ 1’18 ¥'69 LLE DDA ('deo g "sa ewtt 1) [0€T] 1DD
199 1'% 5'8e G'gL 229 L'€Y HOA (‘deo g "sa ewtt 1) [€%] INTIIN
6'99 6°2S 8'92 289 6'9G 6'L2 JONXI[V ('deo g "sa ewt 1) [g¢1] vOD deaQg
0'6L G99 AL L'¥8 6¥L 0'2s JONS9Y INIADI
8T 1°09 1'GE 618 T 1'6¥ HOA INIADI
99, 6°€9 TLE v'es 912 €05 1aNISeY (ssautjoours INOIM) AN
2L 679 08¢ 98 0L 6°0S JONS9Y (ssouasreds INoyIm) WIADI
vz €19 L1€ 86 912 e HOA '€0T| syI0MIaN SurppaquIg
9'6L 1'69 69¢ 8'c8 €L 9%h JONS9Y ST 9SD
GeL 729 67¢ 278 0L G'9¥ AEINEEN | v 1l 1ASA
8'59 9'¢s 1'8¢ v'EL 829 47 DDA €7 WTTIIN
- 9'GS 0°9¢ - 629 8'6¥ HOA 201] 19N AeM-2
0'99 LTS 0'6¢ 8¢l 029 0S¢ HOA 6€T] WNTOH+NIND
9'59 1'2S A ¥4 019 vre DOA 6ST] WIN'TIOH

01@Yd Sod @49 01@d Sod 124
agew] — 1Xa], 1X9], — adew] puaoeyq soyoeorddy

[ensIA
MOEDIL

- suonded ¢ 'sa a8ewr 1, Jo ased ay) 01 puodsariod syred om) wonoq Ay pue uonded T ‘SA
adewr ,, Jo ased ) 01 puodsa110d a[qe] 8y} Jo Apoq a) ur s1red om) dol 9y, NOED[II[ UO [BASLIISI [BUONIAIIP-1q Jo uosiredurod (Juadrad) aouBULIONa ] € ¥ I[qRL



72 4. KERNEL-BASED MIXTURE MAPPING FOR IMAGE AND TEXT ASSOCIATION

the comparison results of the variants in the case of “1 image vs. 1 caption” on
Flickr8K, Flickr30K and MSCOCO. From the tables, we observe that the variants
KMM (without smoothness) and KMM (without sparseness) generally perform
slightly worse than KMM (with visual representation using ResNet). Both variants
have a degradation of 1.0 ~ 3.3% on the whole compared with KMM. From the fig-
ures, we observe that the smoothness term plays a more important role than the
sparseness term in improving performance. The main cause is that smoothness
may enforce two similar examples to be close together in the latent space.

Performance comparison

First, we evaluate and analyze the performance of the proposed approach in the
case of “1 image vs. 1 caption” (i.e., the top two parts of Table[4.2] Table[4.3]and
Table[4.4). Table[4.2land Table[4.3]show the bi-directional retrieval results for the
Flickr8K and Flickr30K datasets. We implement KMM with two visual representa-
tions: VGG-based and ResNet-based. It is known that ResNet generally performs
better than VGG in many tasks. As expected, KMM with ResNet-based visual rep-
resentation achieves better performance than KMM with VGG-based visual rep-
resentation and has an increase of 2.6 ~ 6.4%. For Flickr8K and Flickr30K, we
compare our approach with 4 and 7 state-of-the-art methods, respectively. The
table shows that our approach achieves better performance than the compared
methods in most cases. In the task of “Text — Image”, CSE achieves better re-
sults than ours in terms of the metrics R@5 and R@10. Compared with our previ-
ous work MLLM, which can be considered as a simple version of KMM that does
not introduce kernel mapping, we find that KMM achieves a large improvement.
The results mean that the kernel mapping may lead to better modeling for non-
linear data distributions and nonlinear relationships between modalities. Table
shows the comparison between KMM and 9 state-of-the-art methods for the
MSCOCO dataset. From the table, we find that the performance of our approach
is better than or close to those of the compared methods. Our approach achieves
the best performance for the metrics R@5 and R@10 in the task of “Image — Text"
and the metric R@10 in the task of “Text — Image”, while DSVEL obtains better
results than ours in the other cases.

We also evaluate our approach in the case of “1 image vs. 5 captions” and re-
port the results in Table Table [4.3] and Table [4.4] (i.e., the bottom two parts
of the tables). The tables show that KMM is superior to MLLM and Deep CCA.
Regarding Flickr30K, we find that CCL achieves better performance than our ap-
proach for the metric R@5 and R@10 in the task of “Text — Image”. Comparing
the case of “1 image vs. 1 caption” with “1 image vs. 5 captions”, we notice that
the former has a change of —1.2 ~ +0.7% in terms of the three recalls when KMM
works with the ResNet-based visual representation. More specifically, for the task
of “Text — Image”, the former has a slight decline in terms of all metrics; for the
task of “Image — Text”, the former tends to achieve a higher recall in terms of R@1
and a lower recall in terms of R@10. We consider that this change may derive from
the richness of association information between different modalities and the way
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Table 4.5: MAP scores (percent) of bi-directional retrieval on NUS-WIDE-10K.

Approaches Image — Text Text — Image Average
Deep CCA [128] 40.7 41.6 41.2
GMM+HGLMM [139] 44.0 45.3 44.7
MLLM [43] 49.7 48.1 48.9
CCL [130] 50.6 53.5 52.1
KMM (VGG) 51.7 51.6 51.7
KMM (ResNet) 54.8 54.4 54.6

of retrieval. Intuitively, the case of “1 image vs. 1 caption” has less association in-
formation than “1 image vs. 5 captions” due to its shorter text, hence it may result
in a slightly lower recall on the whole in the image retrieval given a textual query;
while for the task of “Image — Text”, all 5 correct captions can be used as the can-
didates to match a given image query and increase the possibility of a correct one
among the first r responses, especially for the metric R@1.

From Table Table [4.3] and Table we observe that ResNet-based rep-
resentation generally leads to better performance than VGG- and AlexNet-based
representations due to its better abstraction of visual semantics using the struc-
ture of more layers. Regarding the superiority of CSE, DSVEL and CCL to our ap-
proach in some cases, we consider that there are two main causes. One is the
visual localization. For example, DSVEL introduces a localization mechanism to
emphasize the visual concepts associated with the corresponding text. CCL uses
local visual patches as well as whole images as the input of model. CSE adds the
consistency constraints on the intermediate regional features. The fine grained
information may help capture accurate mapping between modalities. In addi-
tion, the multi-layered association in the feature extraction via deep networks
may cause the improvement. Both CCL and CSE introduce consistency constraints
for images and text at different layers of deep networks, which truely reinforce the
association of heterogeneous modalities.

In Table[4.5] we report the performance of bi-directional retrieval on the NUS-
WIDE-10K dataset in terms of the mAP metric. Since NUS-WIDE-10K has class
labels, we can compute the mAP for the retrieval task. In the experiment, we
compare our approach with 4 state-of-the-art methods. As shown from the table,
KMM (with ResNet-based visual representation) maintains an advantage with all
4 compared methods and KMM (with VGG-based visual representation) obtains
similar results with CCL.

Performance on cross-dataset evaluation

Following RRF-Net [146] and CSE [145], we also evaluate the performance of our
approach in terms of cross-dataset generalization. In this experiment, we em-



75

4.5. EXPERIMENTAL RESULTS

L'€9 ¥°cs 9'9¢ 9°'1L 1°09 LCE (39Ns9Y) ININ
€79 1°¢S 0'9¢ 01L €'6S 9'0¢ GY1) 9SO MOEDIIA 1S3T, ‘OD0DSIN ‘ureiy,
L'€S LCYy €'1¢ 7°99 8°¢q 8°8¢ 9% 1) I9N-IHY
6°8S R4 T°'61 ¥°G9 G'¢s ¥°G6¢ (39NS9Y) IWIN
9°89 vy T°'61 G'c9 ¢'6¥ 9'%¢ GY1] ASD ODODSIA 383, MOEDIIA :ured,
G'89 107474 881 879 0°€sS 87¢ 9% 1) IN-JHY
0T@d Sod o)X 0T®d Sod 124
sayoeorddy 3umas e1eq

agdew] — 1Xa.

1X9], — adeury

- uonded T 'sa aSewr T, JO 9SeD 9Y) UT J9SBIBP-SSOID U0 [BALIIAI [BUONIAIIP-1q JO (JuadI1ad) 90UeUIIO}Iad :9°'% 9[qe],



76 4. KERNEL-BASED MIXTURE MAPPING FOR IMAGE AND TEXT ASSOCIATION

ploy the model trained on Flickr30K or MSCOCO to evaluate the test set of the
other dataset. Table reports the results of bi-directional retrieval in the case
of “1 image vs. 1 caption” for the cross-dataset. The performance of the general-
ization is similar to and positively correlated with the performance in Table
Table[4.3]and Table[4.4l The table also shows that it is easier to transfer a model
trained on a large dataset to a small one than the converse case. From the table,
we observe that, on the whole, our approach achieves better performance on the
cross-dataset evaluation. We consider that this may be caused by two reasons. 1)
In the training process, the deep networks pre-trained on ImageNet are change-
less and the feature space is uniform for different datasets. In this case, the KMM
model trained in the feature space that is independent of datasets can transfer
the association knowledge across datasets more stably. 2) As a model-driven ap-
proach, KMM introduces an explicit probabilistic model to describe both the data
distribution and relationship distribution, which can be considered as prior infor-
mation from the Bayesian viewpoint, and can generally improve generalizability.

Example illustration

Fig. shows some examples of cross-media retrieval results in the cases of “1
image vs. 1 caption” (top two rows) and “1 image vs. 5 captions” (bottom four
rows) for the MSCOCO test data. All retrieval algorithms encourage the ground
truth associated with queries to be located as close to the front of the response
as possible. In the first case, we find a response (in the 2nd row) that is not the
ground truth associated with the query appears in front of a correct caption; in
the second case, we show two examples (in the 4th and 6th rows) in which the
ground truth does not appear at the 1st position in the retrieval results. We find
that the retrieval results at the 1st position are truely similar with the queries. For
example, in the 4th row, although the returned image at the 1st position is not the
ground truth associated with the query, it consists of the same objects, such as
“plane” and “runway”, as the ground truth and highly matches the query.

4.6. CONCLUSIONS

In this chapter, we present a kernel-based probabilistic mixture model, called
KMM, for modeling the semantic correlation between web images and text. KMM
assumes that the relationship between different modalities follows multiple ba-
sic transformations, each working over a local region described by a neighbor-
hood model in the input space. We employ kernel theory to address the nonlin-
earity of the data distribution and cross-modal mapping. We present a hybrid
optimization algorithm based on EM and subgradient ascent to estimate the pa-
rameters of KMM and prove that the algorithm can converge to an (local) opti-
mal solution. By combining nonlinear transformation and probabilistic models,
KMM addresses the complexity of the semantic distribution over the global in-
put space, its continuity at the local scale, and the nonlinearity in the mapping of
different modalities. The experimental results demonstrate the superiority of our
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Query

Retrieval results
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The back door with a
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A kitchen with a
dishwasher double
door panty and a back
door

A kitchen doornext to
a kitchen sing and
counter top

Kids playing a game of
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watch. Parents watching
Young boys playing
baseball in the sun a
young boy is at home ...

An Aer Lingus plane
touches down on an
airport runway.
Passenger airliner at the
end of a unway waiting
to take off...

A display in a store
filled with ripe bananas.
A store display that has
a lot of bananas on
display forsale...

A pile of oranges in
crates  topped with
yellow bananas. There
are bananas, pineap-
ples, oranges...

A planter filled with
lots of yellow and red
green leafed flowers. a
group  of  flowers
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pickle, and fork on
orange plate On a plate
is kept a burger and a
bowl of broccoli...

A bunch of bananas
sitting  on top of a
wooden table. A
closeup of a group of
bananas on atable...

A group of people fly
kites into the air on a
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Group of peo - ple
outdoors flying kites...
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A group of umbrellas
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shown in all...

The sky is cloudy over
a stop sign. A traffic
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People in the water
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Figure 4.6: Example cross-media retrieval results over MSCOCO test data. The top two rows corre-
spond to the case of “1 image vs. 1 caption” and the bottom four rows correspond to the case of “1
image vs. 5 captions”. Images surrounded by blue boxes and blue-colored text are ground truth. Re-
trieval results are arranged in decreasing order of similarity.
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approach over representative state-of-the-art methods of modeling the relation-
ships between images and text.
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CHAPTER SUMMARY
This chapter addresses RQ5 and RQ6.

RQ5: What is the effect of the attention mechanism to eliminate the different
modal representations produced in the common embedding space?

RQ6: How to employ the correspondence between images and text as supervi-
sion instead of the matching annotations to address the limited data issue?

Weakly supervised phrase grounding aims to map the phrases in an image
caption to the objects appearing in the image under the supervision of image-
caption correspondences. We observe that the current studies are insufficient to
model the complicated interactions between visual components (i.e., visual re-
gions) and between visual and textual components (i.e., phrases). Therefore, this
chapter presents a novel weakly supervised learning approach to phrase ground-
ing in which we systematically model the visual contextualized representation
with three modules: (1) object proposals pooling (OPP), (2) visual self-attention
(VSA) and (3) visual-textual cross-modal attention (VTCA). OPP alleviates the sup-
pression of object proposals and benefits the visual representation in terms of
trading off the richness of visual components and the computational efficiency.
VSA aims to capture the correlation among the object proposals and generate
the representation of each proposal by incorporating the visual information of
the others. In order to measure the cross-modal compatibility in terms of top-
ics, we introduce the VTCA module to represent the visual topic corresponding
to each textual component in a cross-modal common vector space. In the train-
ing process, we build a mixed contrastive loss function by considering both the
cross-modal compatibility and the difference of visual representations in the VSA
module. Compared to the state-of-the-art methods, the proposed approach im-
proves the performance by 3.88% point and 1.24% point on R@1, and by 2.23%
point and 0.26% point on Pt_Acc, when trained on the MS COCO and Flickr30K
Entities training set, respectively. We have made our code available for follow-up
research.
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Tasks combining cross-modal (visual-and-language) compatibility have attracted

a lot of attention and contributed to the advancement of artificial intelligence in
recent years. Examples of cross-modal tasks are image caption generation [147],
visual question answering (VQA) [148], visual reasoning [149, [150], and phrase
grounding [23]. Phrase grounding aims to localize the objects in images and at
the same time, based on paired images and captions, maps them to the phrases in
captions. Phrase grounding requires a model to understand the fine-grained cor-
respondence between images and language. A large part of previous works plum-
mer2017phrase,fukui2016multimodal,wang2018learning are based on supervised
learning, i.e., with supervision of the correspondence between visual regions and
phrases. However, the availability of this kind of labelled data is limited due to
significant manual efforts in collecting the annotations for region-phrase corre-
spondences.

To address the issue of limited availability of data, researchers have proposed
a few weakly supervised phrase grounding methods, which only employ the cor-
respondence between images and text as supervision instead of the matching an-
notations of visual regions and phrases. The attention mechanism has becoming
an important technique in solving the task of weakly supervised phrase ground-
ing, and can generally be divided into two types: the first type models the intra-
modality compatibility that infers the latent correlations between different re-
gions in an image or different words in a caption [151] based on self-attention
mechanism. The other seeks to mine the cross-modal interactions between tex-
tual words and visual regions based on inter-modality compatibility [152]. That
is, most of the previous methods only consider the correlations either in inter-
modality or in intra-modality.

Another issue of weakly supervised phrase grounding is how to choose loss
functions to obtain a better learning result. Recently, contrastive learning, e.g.,
InfoNCE [35], has shown promising results on a variety of applications. Gupta
et al. (18] proposed a novel contrastive learning approach to the task of weakly
supervised phrase grounding, which improved the performance by employing the
InfoNCE loss defined on the positive and negative samples.

In this chapter, inspired by the advancements of contrastive learning [18] and
phrase grounding [17]], we introduce a new approach, called VRC-PG, to improve
weakly supervised phrase grounding with visual representation contextualization
(VRC). In our method, the inter- and intra-modality interactions are modeled for
inferring the compatibility between phrases and visual regions. Here, we also call
the phrase and visual region as the textual component and visual component, re-
spectively. VRC-PG consists of three modules: object proposals pooling (OPP), vi-
sual self-attention (VSA) and visual-textual cross-modal attention (VICA). In the
visual representation contextualization, OPP is introduced to alleviate the sup-
pression of object proposals (candidates) generated by object detectors. This ben-
efits the visual representation contextualization in terms of trading off the rich-
ness of visual components and the computational efficiency. VSA aims to capture
the correlation between visual object proposals for each image and generate the
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representation of each candidate by incorporating the visual information of the
other candidates. To measure the cross-modal compatibility at the level of top-
ics, we subsequently introduce the VTCA module to distill the visual topic corre-
sponding to each textual component, i.e., textual phrase, in a cross-modal com-
mon vector space, guided by the attention of a phrase to visual object proposals.
In addition, we present a mixed contrastive loss function including two terms: one
is to improve cross-modal compatibility in terms of topics of images and captions,
and the other is to control the difference of the visual representations induced by
the VSA module.

In summary, our contributions are three-fold: (1) we propose a novel approach
to weakly supervised phrase grounding based on visual representation contextu-
alization under the weak supervision of image-caption correspondences without
region-phrase matching annotations. Moreover, a mixed contrastive loss is intro-
duced to improve the performance of our model. (2) We present an architecture
of visual representation contextualization that consists of object proposals pool-
ing (OPP), visual self-attention (VSA) and visual-textual cross-modal attention
(VTCA). (3) The proposed model is evaluated on Flickr30K Entities dataset and
achieves the state-of-the-art performance, improving by 1.24% point and 3.88%
point Recall@1 on the Flickr30K Entities test set when trained on the Flickr30K
Entities training set and MS COCO, respectively.

5.1. RELATED WORK

5.1.1. PHRASE GROUNDING

The existing works are based on two different supervision processes, fully super-
vised learning and weakly supervised learning. Plummer et al. [23] proposed
a global image-sentence canonical correlation analysis (CCA) model to analyze
the region-phrase correspondence in the combined image-text embedding space,
and achieved a state-of-the-art result for this task on the Flickr30K Entities dataset.
Wang, and Sigal [153] used graphs to formulate more complex, non-sequential de-
pendencies among object region proposals and phrase candidates. Most of these
methods employ the annotations of region-phrase correspondences and are im-
plemented under the supervised learning framework. Because manual labelling is
expensive, also some other research has used the approach of weakly supervised
learning. Plummer et al. [154] presented a weakly supervised learning method
that modeled the appearance, object size and position of visual objects to localize
phrases in images. Akbari et al. [36] proposed a multi-level multi-modal model
to explicitly learn a non-linear mapping of the visual and textual modalities in
a common semantic space, and do so at different granularities for each modal-
ity. Recently, the attention mechanism has been introduced to reconstruct the
representation of vision and text guided by inter- or intra-modality. The result is
a cross-modal attention mechanism with a fully supervised or weakly supervised
learning framework. Chen et.al. [155] proposed a novel knowledge-aided network



5.1. RELATED WORK 83

which was optimized by reconstructing input information of queries and region
proposals extracted by a region proposal network (RPN). These existing methods
lack the ability to model image-caption paired supervision. This is essential for
grounding phrases in the images based on weak supervision from caption-image
pairs. In this chapter, we propose the VRC-PG approach and model the fine-
grained interactions in the inter- and intra-modality by jointly considering the
visual self-attention mechanism and cross-modal attention mechanism.

5.1.2. NON-MAXIMUM SUPPRESSION (NMS)

NMS [156] has been an important technique for computer vision tasks, such as
object detection [30, 58] and edge extraction [157]. In object detection, NMS is
a post-processing step adopted by a number of modern object detectors, which
removes duplicate bounding boxes based on detection confidence. A major issue
with NMS is that it sets the score for neighboring detection to zero. Thus, if an ob-
jectis actually present in an overlap region with an IoU greater than the threshold
it would be missed and this would lead to a drop in average precision.

To alleviate this problem, Bodla et al. [158] presented the Soft-NMS algorithm
to decrease the confidence scores as an increasing function of overlap instead of
setting the score to zero as in NMS. Softer-NMS [159] proposed a bounding box
regression Kullback-Leibler loss for learning bounding box transformation and
localization variance together. As a downstream task of object detection, lan-
guage grounding methods have used NMS to align the language with the propos-
als. Chen et al. [160] used NMS to yield expression-aware region proposals to
improve the performance language grounding. In our work, we use Soft-NMS to
replace the NMS module in Faster R-CNN to keep more bounding box proposals,
and introduce an extra object proposals pooling module with NMS to adaptively
choose those proposals with high confidence scores and benefiting the weakly su-
pervised phrase ground task.

5.1.3. CONTRASTIVE LEARNING IN CROSS-MODAL TASKS

Constrastive learning was first used as a powerful scheme for self-supervised rep-
resentation learning [35}/161,|162}(163]. Until now, it has been explored to enforce
consistency of different modal representations under different augmentations by
contrasting positive pairs with negative ones. Zhang et al. [164] proposed a cross-
modal model called XMC-GAN, which introduced an attentional self-modulation
generator and a contrastive discriminator to maximize the cross-modal informa-
tion between images and text. Dai and Lin [13] proposed a method that encour-
aged the distinctiveness of positive pairs, while maintaining the overall quality
of the generated captions. Gupta et al. [18] built a weakly supervised phrase
grounding model based on optimizing the lower bound of InfoNCE on Mutual In-
formation (MI) with respect to parameters of a word-region attention model. Li et
al. [165] proposed a framework combining a self-attention mechanism with con-
trastive feature construction so as to effectively summarize common information
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Figure 5.1: The framework of VRC-PG. The visual representation contextualization is comprised of
three parts: 1) object proposals pooling, where thick bounding boxes (red, blue and yellow) are the
output boxes and thin bounding boxes (green) are non-maximally suppressed, 2) visual self-attention,
and 3) visual-textual cross-modal attention. The proposed model is trained with the contrastive learn-
ing paradigm by introducing our 4) mixed contrastive loss.

from each image group while capturing discriminative information between vi-
sual regions and phrases. COMLMR integrates the quadruplet ranking loss
and semi-supervised constrastive loss for modeling cross-modal semantic sim-
ilarity in a unified multi-task learning architecture. In our work, we learn our
model with the contrastive learning paradigm and build a mixed contrastive loss
function, which consists of two terms: one is control the difference of the visual
representations induced by the VSA module, and the other is to improve the cross-
modal compatibility in terms of the topics of images and captions.

5.2. METHODOLOGY

5.2.1. OVERVIEW

We are given a set of pairs, each consisting of an image and its caption. Formally,
we have data 9; = {(Ii’ci)}é\il’ where I; and C; denote the i-th image and its
corresponding caption, respectively. In general, the content of an image I; can
be described by a set of n; visual object regions enclosed with bounding boxes
Bi = {b;j1,bi2,---,bin;}. The visual regions can be represented with the box lo-
cation B; = (bj1, b2, -, biy;), confidence score S; = (s;1, S;2,**, Sin;), visual fea-

tures R; = (r1,ri2,--,Tin;), and category predictions L; = (l;1,li2,---, lin;). Re-
garding the textual modality, each caption C; can be considered a sequence of m;
tokens T; = (%1, ti2,*+, lim;) and transformed to the token representation T'; =

(ti1,ti2,* -+, tim,) using the BERT-base model . A phrase consists of one or
multiple tokens of captions. In this manner, the training data can be described
by 2; =1{(B;,Si, R;, L), Ti}Y. .

In this chapter, we present a novel approach called VRC-PG to the task of
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weakly supervised phrase grounding. As shown in Fig. our VRC-PG approach
includes four main parts: (1) object proposals pooling module, (2) visual self-
attention module, (3) visual-textual cross-modal attention module and (4) mixed
contrastive loss function. The proposed approach models visual representation
contextualization by jointly considering the interactions in both the unimodal
data and the cross-modal data, and trains the model with a contrastive learning
paradigm under the weak supervision of the correspondence between images and
text.

5.2.2. VISUAL REPRESENTATION CONTEXTUALIZATION MODEL

Feature extraction

The purpose of the visual representation contextualization model is to build the
correspondence between the token representations T; = (£;1,£;2,*+, timm,;) and
object candidate representations R; = (r;1, 72, -+, Tin,;) by measuring their atten-
tion.

We use the BERT-base model [28] to extract the text modal representation with
caption as input.

t;j =BERT(C;), (6.1)

where #;; € R% is a dense vector representation.
We utilize the Faster R-CNN [30] model trained on the Visual Genome dataset
[22] to extract and represent the objects:

(b isijh {rijh {lij}) =Faster RCNN(I}), (5.2)

where b;; € R* and r; j€ R, s; j is the maximum classification score among all
categories. In this work, we do not employ the predicted category labels /;; gen-
erated by Faster R-CNN for each object region in our task.

Object Proposals Pooling (OPP)

As weakly supervised phrase grounding is performed without phrase grounding
annotations, its quality depends on the performance of object box proposals ex-
tracted with Faster R-CNN. In order to keep more effective object box proposals,
we replace NMS used in Faster R-CNN by Soft-NMS [158]. The advantage of Soft-
NMS is to keep more proposals for an object. However, it will cause the mapping
accuracy to be lower if two objects overlap between each other. To alleviate this
problem, we propose an object proposals pooling module based on NMS to fur-
ther prune the detected objects and only keep boxes less than an IoU threshold 8
in the training process. The OPP module can adaptively choose those proposals
with high confidence scores {s;;} and benefit from the weakly supervised phrase
ground task.
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For an image I;, the pruning starts with a bounding box b;, with the highest
confidence score s;; = max;(s;;). b;. is kept as one of the bounding boxes pro-
duced the OPP module. Then, We update the confidence scores of all the bound-
ing box b;; by

ij:{sij, IOU(bij,biz)<0,j€1,...,n,'; (5.3)

0, IOU(bij,biz)ZH,jE1,...,71,'.

Here, 0 is a threshold to decide which object box should be directly excluded in
each iteration of object proposals pooling. Based on the above process, we can
choose more bounding boxes based on Eq.[5.3|until all the confidence scores are
updated to zero. Finally, the OPP module produces n; object proposals. In this
module, we do not employ the category predictions generated by Faster R-CNN.

Visual Self-attention (VSA)

In general, the visual components, i.e., the visual object region proposals com-
prised in an image, have spatial and semantic correlation with each other. We
introduce a visual self-attention module to model the context of visual object re-
gions and build their representations. The general attention mechanism can be
formulated accordingly as follows:

Attention(Q, K, V) = softmax(sim(Q, K)) - V, (5.4)

where Q, K, V and Attention(-, -, -) refer to the query, key, value and output, respec-
tively; and sim(-,-) denotes a certain function to measure the corresponding of
queries and keys. In this work, the query (key) and value are obtained by the pro-
jection functions f;(-) and g; (-), respectively, implemented with a fully-connected
layer as follows:

s — Y i=1 0l
{qﬁj,k,-j—ff(r”), j=1,-,nl 655
Uf] = g;(rij)y J= 1r )n;'-
Where, qf.j, k; i and vil_j € R% refer to the vector of query, key and value, re-
spectively. The soft weight of self-attention from r;; to r;;, can be measured by
the corresponding between them defined as follows:

qzs'"kts’u/ ds
@5 kS,) =—— (5.6)
as\g; K, ) =——————- .
j 5, oMV

Thus, the contextualized visual representation of an object region is obtained by
considering the self-attention:

r?j =Zas(qzs'j’kls'u)vzs'u' (5.7)
u

where r} . denotes the contextualized visual representation for the object region
r;; thatincorporates the global information of the i-th image.
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Visual-textual Cross-modal Attention (VICA)

To build an adaptive correspondence between the cross-modal components (i.e.,
object region proposals and tokens), we make a cross-modal alignment between
the visual and textual components. Here, we introduce a visual-textual cross-
modal attention module to find the semantically related components in the visual
modality for a given textual component. First, we transform the representation of
textual components generated by BERT and the contextualized visual represen-
tation into a common space of dimensionality d.. In this module, we take the
textual token as the query actor and measure the weight of attention to the visual
components by computing the cross-modal correlation.

In the common space, the query and value for the token representation #;;
are generated by the functions f(-) and g¢(-), respectively, and the key and value
for the visual region proposal o;; are obtained by f(-) and g;(-), respectively, as
follows:

q; = feltip, j=1,,mj;
k{]:f](rf])y j: ]-)"'rn/;';
vicj =gc(tij), j=1,---,m;

vl{j:gl(r::j)’ jzl)"',n;'y

(5.8)

where ¢;; refers to the representation of token ;; generated by BERT, rgj is the

. . . . . C 1.1 C
contextualized visual representation obtained with Eq. and q;j k; Vi and
I dc i . . i i -
v;; € R%. In this work, f.(-) and g.(-) are implemented with fully-connected layers.
. . . . C
Given the representation of a token obtained from BERT as a query, i.e., q; iL

based on the attention mechanism [167] , the cross-modal attention [18] is de-
fined as follows:

q?}'k{u/\/d—f
ac(qs; ki) = ne T (5.9)
Zwtzleqij iw! V de
;
. C I y,I
Fij=2, ac(q;; ke )iy (5.10)

u=1

where 7;; represents a visual topic correlated to the semantics of the token ¢;; by
incorporating the textual token information with cross-modal attention.

5.2.3. MIXED CONTRASTIVE LOSS FUNCTION

For a mini-batch of size N}, in the learning process, we have N, captions and im-

. o1 .
ages represented with Vl.C and V';. Here, the textual representation Vic =&, v¢

. . ~ 1 A A A .
and visual representation V; = [fi1,F;2, -, Fim,] obtained from VICA, we mea-

ivr Vi

rm;
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sure the similarity of two cross-modal samples as follows:

CT vl
LVETV))

NURDE (5.11)

T AT,
ZNh etr(vl.”-vk)
k=1

where tr(-) and the superscript T denote the trace and transposition of a square
matrix. Eq.[5.11]uses a softmax operator to normalize the similarity to sum 1.

For contrastive learning, in each mini-batch, an image and its matching cap-
tion are denoted a positive sample pair (i.e., i = j) and non-matching image-
caption pairs are negative sample pairs (i.e., i # j). Based on the similarity mea-
sured by Eq. we provide a contrastive loss function at the granularity of im-
ages and captions:

1 N X
o=~ Y 1og(SWE V)T, (5.12)
b i=1

where J is a temperature hyper-parameter. The loss in Eq. seems to only
work on the positive pairs and do not involve the negative pairs. Actually, to max-
imize the similarity S(-,-) in Eq. for the positive pair will lead to the suppres-
sion of the similarity for the negative pairs due to the sum-to-one normalization
in Eq. which is just a manner of the contrastive learning.

In addition, we introduce a loss to force the outputs of the visual self-attention
module to be close to its inputs. The visual self-attention loss is defined as follows:

! N
1 M1 e(rif"ij)
gsz—F — Z log — || (5.13)
bizi\ 1 j=1 Zulzl e(ri]"riu)

Clearly, the visual self-attention loss is also a contrastive loss.
Finally, we build a mixed contrastive loss function in the form of

Y =a%c+Zs, (5.14)

where « is a hyper-parameter to control the balance of both terms.

5.3. EXPERIMENTAL RESULTS

In this section we first describe the datasets followed by the implementation de-
tails.

5.3.1. DATASETS AND METRICS

Datasets

The experiments are conducted on the Flickr30K Entities dataset and MS COCO
2014 dataset.
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* Flickr30K Entities contains 31,873 images and 5 captions per image. Fol-
lowing Gupta et al. [18], we split the Flickr30K Entities in a training set
with 29,783 images, a validation set with 1,000 images and a test set with
1,000 images. The Flickr30K Entites dataset provides the correspondence
of phrases and visual object regions. Thus, the Flickr30K Entities validation
set and test set are employed to validate the proposed model and test its
performance, respectively, in this work.

e The MS COCO 2014 dataset contains 118,287 training images and 5,000 vali-
dation images, where each image is provided with 5 human-annotated cap-
tions. The MS COCO 2014 dataset does not contain the links between image
regions and sentence phrases. We thus train our model on the MS COCO
2014 training set, validate and test on the Flickr30K Entities validation and
test sets, respectively. In the training process, we randomly select one cap-
tion from 5 captions of each example as the textual segment.

Metrics
We use two standard metrics for this task:

e Recall@K (R@K) for K = 1,5 and 10 measures the percentage of phrases
for which IoU > 0.5 between the top K predicted bounding boxes and the
ground truth boxes.

* Pt_Accrefersto pointing accuracy and is commonly used to evaluate weakly
supervised phrase grounding models [18]. Pt_Accis the proportion of phrases
for which center point of the predicted bounding box falls in the ground
truth box. Unlike R@K, pointing accuracy does not require identifying the
IoU of the predicted object box. Generally, the center point of the selected
bounding box is used as the prediction for each phrase for computing point-
ing accuracy.

5.3.2. IMPLEMENTATION DETAILS

Visual Feature Representation

We extract visual region proposals from each image using Faster R-CNN with a
backbone ResNet-101 [30] based on the bottom-up attention method [11], which
was trained on the Visual Genome dataset. The region proposals contain the
bounding boxes, visual features and Faster R-CNN’s confidence scores (after Soft-
NMS thresholding). We choose 50 regions of interest (Rol) based on confidence
scores and obtain 2048-dimensional visual representations (i.e., d, = 2048). By
the VSA module we will reduce the dimension of visual representations from 2048d
to 768d (i.e., d; = 768).

Textual Feature Representation

We follow the setting of the BERT model used in the work of Gupta et al. [18] for
the generation of the textual representation, where a pre-trained BERT model [28]
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Figure 5.2: The hyper-parameters temperature 7 and the loss function weight a optimized for Recall@1
on the validation set of Flickr30K.

is employed. A 768-dimensional token representation, i.e., d; = 768, is generated
for a word #;; in captions with the BERT model. The dimension of the common
space generated by the VTCA is set to is 384, i.e., d. = 384.

Parameter Tuning

The hyper-parameters are determined with a grid searching on the Flickr30K En-
tities validation set. The threshold 6 in Eq. is set to 0.5, a same value as used
in the evaluation of models in terms of the R@K metrics. In our research, we per-
form grid search for determining the parameters. Fig.[5.2]shows the optimization
result of the hyperparameters a from Eq.[5.14/and temperature 9 in Eq. We
train our model for 10 epochs with a batch size of 30 using an SGD optimizer with
momentum 0.9 and a learning rate of 10~°. We select the final checkpoints on the
basis of the model’s best performance in terms of R@1 on the Flickr30K Entities
validation set. Based on the validation results, we set « = 16 and 9 = 0.07.

5.3.3. QUANTITATIVE RESULTS

Table[5.1|presents the experimental results of the compared methods on the Flickr30K
Entities test set. From this table, we observe that our proposed approach outper-
forms the state-of-the-art work [15] by 1.24% point and 0.26% point in terms of
R@1 and Pt_Acc, respectively, with the model trained on the Flickr30K Entities
training set. For the models trained on MS COCO, our approach improves the
performance by 3.88% point and 2.23% point in terms of R@1 and Pt_Acc, re-
spectively, compared to the state-of-the-art work [18]. For the other cases, we
observe that our approach is superior to the compared methods as a whole.
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Table 5.1: The comparison of the results (%) of our approach with the state-of-the-art on the Flickr30K
Entities test set. The models have been trained on Flickr30K Entities and MS COCO.

Methods Training data | R@1 R@5 | R@10 | Pt Acc
GroundeR [168] 28.94 - - -
KAC Net [155] 38.71 - - -
InfoGround [18] Flickr30K 47.88 | 76.63 | 82.91 | 74.94
Wang et al. [14] 53.10 - - -
Liu et al. [15] 59.27 - - 78.60
VRC-PG (ours) Flickr30K 60.51 | 78.77 | 81.50 78.86
Fang et al. [65] - - - 29.00
Akbari et al. [36] - - - 69.19
Align2Ground [151] MS COCO - - - 71.00
InfoGround [18] 51.67 | 77.69 | 83.25 | 76.74
VRC-PG (ours) MS COCO 55.55 | 79.23 | 84.12 78.97

In terms of R@10, our model obtains a lower performance (-1.41%) than In-
foGround [18] when trained on the Flickr30K Entities training set. We analyzed
this difference and found that our approach without the OPP module gets an
R@10 of 83.86% which improves the performance of InfoGround by 0.95% point.
The reason is that after the OPP module, we keep a smaller object proposals set as
input to the next module than without the OPP module. The main contribution
of the InfoGround model is that it uses the language model to generate a context-
preserving negative caption set; the authors show that this improves the results
in comparison to randomly sampling negatives from the training data. In our ap-
proach, we do not employ this negative caption set. In order to verify this, we
re-train our model employing this negative caption set used in InfoGround [18].
Our proposed model with these negative captions results in 66.60% and 78.83% in
terms of R@1 and Pt_Acc, respectively, with the model trained on the Flickr30K
Entities training set. For the models trained on MS COCO, our approach with neg-
ative captions achieves 59.47% and 79.34% in terms of R@1 and Pt_Acc, respec-
tively. Both of them demonstrate that our approach achieves much higher perfor-
mances than InfoGround when employing the same settings of negative captions.

5.3.4. ABLATION STUDY

In Table[5.2} we report the quantitative performance of 8 different design choices,
i.e., c1-c8, within our proposed model on Flickr30K Entities validation set. In this
experiment, we take the design only consisting of the VTCA module as our base-
line model, which is only supervised by image-caption pairs based on InfoNCE
loss, similar to in the model by Gupta et al. [18]. The introduction of VSA im-
proves Pt_Acc from 62.43% to 64.26%, but results in a drop of R@1 from 32.12% to
29.64% (c1 vs. baseline). Our OPP module, as shown in Table brings a perfor-
mance gain of 3.24% in terms of R@1, but a 1.46% lower Pt_Acc (c2 vs. baseline).
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w/o VSA w/o VSA VSA

[0.15,0.12,0.11] [0.19,0.17, 0.09] [0.73, 0.19, 0.05] [0.82, 0.16, 0.02]
Two older men are sitting on opposite ends A blond man stands next to a cement mixer
of a bench. with mountains in the background.

[0.67,0.31, 0.01] [0.79, 0.16, 0.04] [0.15, 0.13, 0.12] [0.21, 0.13, 0.11]

A man and a little girl happily posing in front Four girls in shorts on the beach throwing a
of their cart in a supermarket. football with the ocean behind them.

[0.18, 0.18, 0.13] [0.25,0.2,0.15] [0.17,0.12, 0.11] [0.18,0.14, 0.14]
A little white curly-haired dog runs across the A golden-colored dog , with his eyes alert , holds a
pavement with a stick in its mouth. brightly colored tennis ball in his mouth.

[0.49, 0.3, 0.06] [0.49, 0.45, 0.04] [0.89, 0.03, 0.02] [0.96, 0.02, 0.01]

A single man, riding his bike on the pier at Ayoung girl in a green shirt and shorts out riding
sunset. her bike past a very nice apartment building.

Figure 5.3: Attention scores achieved in Eq.of region proposals on the Flickr30K Entities validation
set for the setting without/with the visual self-attention module (i.e., w/o VSA and VSA). The visual
regions surrounded by bounding boxes refer to the object proposals with top-3 cross-modal attention
scores (colored by red, green and blue).
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Table 5.2: Benefits of the different modules in our approach. All models are trained on the Flickr30K
Entities training set and the results (%) are reported for the Flickr30K Entities validation set.

Methods | OPP | VSA Loss R@1 | Pt_Acc

baseline - - - 32.13 | 62.43
cl - v - 29.64 | 64.26
c2 v - - 35.37 | 60.97
c3 N v - 39.21 63.61
c4 - - vwio Ly | 48.90 76.60
c5 - v vwlo XLy | 52.71 78.31
c6 - v v 53.20 | 78.27
c7 v - vwio Ly | 55.64 | 77.58
c8 N v vwio Ly | 57.90 77.24

VRC-PG v v v 58.64 | 77.03

When we use these two modules together, the R@1 is improved from 32.13% to
39.21% and Pr_Acc from 62.43% to 63.61% (c3 vs. baseline). Thus, OPP is more
positive for R@1 and VSA for Pt_Acc. If we want to simultaneously optimize both
metrics, these two kind of modules can work in coordination with each other. We
replace the InfoNCE loss in the baseline by our contrastive loss function (without
%s), and achieve an improvement of 16.77% on R@1 and 14.17% on Pt_Acc (c4
vs. baseline). If we further add the visual self-attention loss £s, we can obtain a
better result on R@1 and close result on Pt_Acc (c6 vs. c5 and VRC-PG vs. c8).
This shows that our contrastive loss is very useful in the phrase grounding task.

In Fig. we visualize a few examples of different model settings, i.e., with
and without VSA, on the Flickr30K validation set. The figure indicates that the
setting with VSA can lead to more attention being paid to the correct visual region
corresponding to the phrase in the sentence than without VSA. For example, for
the top-right example in the figure, we find that the setting with VSA gives a score
(0.82) of attention to the bounding box (red) enclosing a man, while the setting
without VSA generates a lower attention score (0.73) for the region (red) covering
the man and a large area of background.

5.3.5. QUALITATIVE RESULTS

In Fig. we illustrate the qualitative results of visual grounding of phrases ob-
tained by our approach on three image-caption pairs from the Flickr30K Entities
test data. From this figure, it is evident that our model has the ability to localize
phrases from the caption in the image. In Fig. we show the attention scores
obtained by Eq. from the VTCA module in our model. For example, for the
word ‘old, our approach generates a high attention to visual region No. 17 (cf.
Fig.[5.5()). It is visible in the image that this region contains a head with white
hair and exhibits a kind of visual appearance of ‘old. Regions 29 and 3 are about
the topic of scenes, and we can observe that the corresponding cells are high-
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A bike riding couple
dressed in bike gear and
helmets take a minute
to site on a bench to talk
and park their bikes

Two old men sit on
opposite ends of a park
bench .

Four girls in shorts on the
beach throwing a football
with the ocean behind
them .

ocean [0.14, 0.14, 0.1] beach [0.2, 0.16, 0.11] girls [0.09, 0.08, 0.08]

Figure 5.4: Visualization of weakly supervised phrase grounding. In each image, for a given word query,
we show the visual regions in the form of bounding boxes with top-3 cross-modal attention scores

(colored by red, green and blue) achieved in Eq.[5.9]
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Figure 5.5: Cross-modal attention scores achieved by Eq. between visual object proposals and
words. The darker cell color indicates that more attention is paid to the corresponding visual object
proposals for a word query.

lighted in the attention weight map when the query of phrase is ‘park’ and ‘bench’.
Regions 2 and 6 both relate to ‘men’, and they are really paid much attention to for
the query of phrase ‘men’ as shown in the attention weight map.
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5.4. CONCLUSION

In this work, we have proposed a novel weakly supervised approach to phrase
grounding under the supervision of the correspondence between images and cap-
tions. Our key contribution lies in systematically learning contextualized visual
representations with a mixed contrastive loss function. In the visual representa-
tion contextualization, the three modules, OPP, VSA and VTCA, work in coordi-
nation with each other for representing local visual semantics by considering the
unimodal and cross-modal contexts. In addition, we define a novel contrastive
loss function on the intra- and inter-modal representations and clearly demon-
strate that this leads to better results. Overall, we report the improvements of
3.88% point and 1.24% point on R@1, and 2.23% point and 0.26% pointon Pt_Acc,
with the models trained on the MS COCO and Flickr30K Entities training set, re-
spectively, compared to the state-of-the-art methods. Our qualitative analysis us-
ing visualization of attention between words and image regions also illustrates the
capability of our model to learn joint representations of image and text using the
attention mechanism.
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6.1. MAIN CONTRIBUTIONS

The main contributions of the work presented in this thesis can be summarised by
answering the six research questions as presented in Chapter 1 and as elaborated
in different chapters as follows:

RQ1: To what extent is it possible to improve the representation of visual fea-
tures detected by CNNs or the representation of textual features embedding and
reduce the semantic gap between visual and textual information?

In Chapter 2, we proposed a novel visually supervised textual representation
learning model (VS-Word2Vec), which learns the vector representation of rela-
tion words by jointly computing over visual modality and natural language. The
framework of our model is inspired by the structure of CBOW of Word2Vec. In this
method, we first compute the visual features based on deep networks over an im-
age patch that reflects a relation word, and then achieve the visual similarity ma-
trix for all relation words. The VS-Word2Vec model then resolves an optimization
problem that consists of the terms related to the visual similarity and context in
natural language. Our experiments demonstrate that our approach really changes
the distribution of word representations and achieves more accurate similarity of
words than the CBOW model and reduces the semantic gap between visual and
textual information in a common embedding space.

RQ2: How to utilize an additional knowledge base to measure semantic match-
ing?

We addressed this question in Chapter 3. First, we extract all noun words from
the caption and analyze whether noun words and the coarse label belong to same
synonym set in the knowledge base. We define the semantics between them to
be similar if two words belong to same synonym set (i.e. we can use the noun
words to replace the coarse label), otherwise they have different semantics (i.e.
we cannot use the noun words to replace the coarse label). We employ the lex-
ical database WordNet to analyze the connection between the coarse label and
fine-grained label of object categories, then we build a semantic map to extend
the coarse label to the fine-grained label. We propose a novel approach to the
problem of fine-grained object label learning with the weak supervision of cap-
tions. Experimental results implemented on public datasets with fine-grained
categories demonstrate the effectiveness of our approach. Through our seman-
tic map, we can extend the 80 coarse categories to more than 160 fine-grained
categories of the MS-COCO dataset and the number of fine-grained categories is
decided by the words in caption. The new fine-grained object detection results
show that our semantic map is helpful for improving the visual representation
learning to measure semantic matching of cross-modal information.
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RQ3: To what extent can curriculum learning measure the distribution of visual
complexity and enhance weak supervision for semantic matching?

Data distribution can affect the accuracy of alearning model, and many datasets
have a long-tail distribution problem. In Chapter 3, we build a semantic map
to replace the object coarse categories with fine-grained categories, which is a
weakly supervised learning process. The main challenge that is the new cate-
gories cause long-tail distribution of the visual labels. To address that problem, we
build a learning process to address this long-tail distribution. Curriculum learn-
ing defines a learning process in which the samples are ranked from from easy
samples to complex samples or from complex to easy. Based on the ranking of
samples, the model can gradually learn the negative effects brought by noisy data
in an early period of training. It can be also used for deciding the learning or-
der of tasks. In this thesis, we introduce the label inference curriculum network
with the consideration of the complexity of samples that describes the difficulty
of fine-grained label learning. To evaluate the performance of fine-grained label
learning, we construct multiple datasets based on widely-used public datasets.
Experimental results demonstrate the effectiveness of our approach in the task of
fine-grained label learning.

RQ4: How and with what quality can we model the semantic correlations be-
tween two different modalities?

In Chapter 4, we propose a new approach called kernel-based mixture map-
ping (KMM) to model the semantic correlations between web images and text.
With this approach, we first construct latent high-dimensional feature spaces based
on kernel theory to address the non-linearity of both the data distributions in the
input spaces and the cross-model correlation. Second, we present a probabilis-
tic neighborhood model to describe the spatial locality of semantics by assuming
that proximate examples in feature spaces generally have the same semantics and
a conditional model to describe cross-modal conditional dependency. Finally, we
build a probabilistic mixture model to jointly model the spatial locality of seman-
tics and the conditional dependency between different modalities. By combining
nonlinear transformation and probabilistic models, KMM can address the non-
linearity of cross-modal correlation, the complexity of the semantic distributions
at the global scale, and the continuity of semantic distributions at the local scale.

RQ5: What is the effect of the attention mechanism to eliminate the different
modal representations produced in the common embedding space?

In recent years, transformer models have achieved state-of-the-art results in
computer vision and NLP tasks. The transformer structure is based on the atten-
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tion mechanism, which pays greater attention to certain factors when process-
ing the data. In Chapter 5, we proposed an deep transformation net to embed
visual features and textual features into a common vector space. Based on the
paired image and caption, we optimize the parameters of the transformation net
to achieve the best similarity score between the visual and textual representations
that share the same semantics. Our deep transformation net for the visual con-
textualized representation is systematically learned in three stages: (1) object pro-
posals pooling (OPP), (2) visual self-attention (VSA) and (3) visual-textual cross-
modal attention (VTCA). OPP is utilized to alleviate the suppression of each ob-
ject feature, which benefits the visual representation contextualization in terms
of trading off the richness of visual components and computational efficiency.
VSA aims to capture the correlation among object proposals of each image and
generate the representation of each candidate incorporating the visual informa-
tion of the other candidates. In order to measure the cross-modal compatibility
in terms of topics, we subsequently introduce the VTCA module to represent the
visual topic corresponding to each textual component (phrase) in the caption in
a cross-modal common vector space, guided by the attention of a word to object
proposals. Cross attention can discovers the latent alignment using both image
regions and words in sentences as context via attention across modalities, which
produces more accurate image—text similarity for matching.

RQ6: How to employ the correspondence between images and text as supervi-
sion instead of the matching annotations to address the limited data issue?

To address the issue of limited data, many prior methods are trained based
on self-supervised and semi-supervised learning. The accuracy, however, is al-
ways lower than with fully supervised learning. In Chapter 5, we build models, i.e.
VSA and VTCA, that are both based on a contrastive learning algorithm to improve
the accuracy in image classification and image caption generation. A contrastive
learning model or net can learn representations by maximizing agreement be-
tween differently augmented views of the same data example via a contrastive loss
in the latent space. In this thesis, inspired by NCE loss, we have built a mixed con-
trastive loss function for a VTCA module including two terms: one is a contrastive
loss function to improve cross-modal compatibility in terms of the topic of images
and captions, and the other is to control the difference of the visual representa-
tions induced by the VSA module. Our model VTCA with a mixed contrastive loss
function improves the phrase grounding accuracy both for the models trained on
the MS COCO and Flickr30K Entities training set, compared to the state-of-the-art
methods.
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6.2. ACHIEVEMENTS OF RESEARCH PRESENTED IN THIS
THESIS

Based on our analysis, we can see that the main challenge is to build a model
that can serve as the bridge to connect visual representations and textual repre-
sentations with the same semantics in the common semantic space. There are
several types of models to build the common embedding space: 1) linear/non-
linear mapping, 2) probabilistic models, 3) knowledge-based correlation propa-
gation methods, and 4) deep learning-based methods.

In this thesis, we used all types to build the common embedding space. First,
we proposed the VS-Word2Vec model, which fuses the visual modality and natural
language together to learn the relation words representation with visual supervi-
sion. The VS-Word2Vec model is a linear mapping with weights from visual fea-
tures. Second, we propose a new approach called kernel-based mixture mapping
(KMM) to model the semantic correlations between web images and text. KMM
combines nonlinear transformation and probabilistic models, which can address
the non-linearity of cross-modal correlation, the complexity of the semantic dis-
tributions at the global scale, and the continuity of semantic distributions at the
local scale. Finally, we subsequently introduce the VTCA module to represent the
visual topics corresponding to each textual component (phrase) in the caption in
a cross-modal common vector space, guided by the attention of a word to object
proposals.

Another solution is to improve the uni-modal representation so that it be-
comes closer to the other modality representation. In this thesis, we propose a
novel approach called label inference curriculum network (LICN) to the problem
of fine-grained object label learning with the weak supervision of captions. First,
we construct a semantic map that builds a correspondence between the coarse
category labels provided by public datasets and the fine-grained category labels
extracted from captions based on the combination of embedding techniques and
knowledge bases. Second, we present the label inference curriculum network with
the consideration of the complexity of samples that describes the difficulty of fine-
grained label learning.

6.3. FUTURE RESEARCH

Cross-modal semantic matching is a complex task. The different modality repre-
sentations can be extracted based on different levels: visual representations are
most based on image-level or region-level representations; textual representa-
tions are most based on word-level, phrase-level, expression—leveEbr sentence-
level. The level will decide the quality of the model for representation of the com-
mon space. In this thesis, we focus on two different levels to improving the ac-

1The difference between phrase-level and expression-level is that phrase need to be extracted from
the sentence first, while an expression is an independent unit.
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curacy of semantic matching: (1) image-level and word-level; (2) region-level and
word-level. We use the paired data on different levels to learn each single modality
representation and build a model to transform a single modality representation to
the common semantic space. However, we did not use the textual modality rep-
resentation based on the phrase-level (expression-level) and not use this basic
feature to understand the visual information more deeply, i.e, scene graph gener-
ation and image caption generation.

Based on the above analysis, we provide three recommendations for future
research. The first recommendation is to build a dataset with more annotations
for different tasks, e.g., image caption generation, visual grounding, object de-
tection (coarse and fine-grained label), visual relationship detection and scene
graph generation. Above tasks are all based on the connection between language
and vision. As we know, MS COCO|21] was designed for object detection and im-
age caption generation, and was annotated with object instances with category
labels, each image paired with 5 captions; RefCOCO [169], RefCOCO+ [169] and
RefCOCOg [170] were designed for expression grounding tasks. These datasets
employ some images from the MS COCO dataset and replace the category label
of the object instance by expressions; The Visual Genome [22] dataset [22] con-
tains annotations for the densest representations and is the largest dataset of im-
age descriptions, objects, attributes, relationships, and visual question answering.
There are 76,631 shared images between Visaul Genome and MS COCO. In our
research we exploited the overlapping part among these three datasets. Similar
to the dataset sCOCO, which we construct in Chapter 3, we can construct a new
dataset marked with different annotations of object instances for all above tasks.

Our second recommendation is to investigate how to improve the semantic
matching based on textual representations on the expression-level (or sentence-
level) and visual representations on the region-level in the common space. The
main task for expression-level and region-level representation is Referring Expres-
sion Grounding (REG), and we can evaluate the model for this task on the RefClef,
RefCOCO, RefCOCO+ and RefCOCOg. The framework takes two branches as in-
put: one is for the textual representation on the expression-level, and the other is
for the visual representation one the region-level. For each branch a model is built
to embed the representations into a common embedding space. In the common
embedding space, we can match the visual features and textual features based on
their vectors. The main challenge is that for the expression-level representation it
is difficult to learn to express the real semantic meaning, as the expression-level
representation combines the word representations together and analyzes the con-
textualized connection between words in the expression.

One additional direction for future research comes from the argument that
text is more ambiguous and diverse than vision, i.e., language can express the
same concept with different words and different concepts with the same words,
but vision labels are limited by the single selected label in the human annotation.
Therefor, we should make use of the textual diversity of expressions to transmit
or deliver the information between paired vision-language data and thereby solve
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the limitation of visual data labels. For now, the Scene Graph Generation (SGG)
task is more based on the image with the human scene graph annotation. How-
ever, there are little datasets for this task that can be used to train models based
on full supervision. The image-caption (sentence) paired data is easy obtain from
web or existing open source datasets. Based on the image-caption paired data,
i.e., the different modal (vision and text) with the same semantics, we can obtain
the shared fine-grained semantic matching, i.e., region-word connections or cor-
relations, to generate the visual scene graph. This can be seen as a weakly super-
vised learning process for the SGG task, which is based on image-caption training
data instead of not regions and scene graphs training data. The main challenge of
weakly supervised SGG with image-caption paired data as training data is how to
connect the regions in the image and the words in the caption. Our thesis can be
seen as an solution of this challenge. We will evaluate in future work whether we
can improve the accuracy of scene graph generation with our proposed model.
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SUMMARY

Humans perceive the real world through their sensory organs: vision, taste, hear-
ing, smell, and touch. In terms of information we consider this different modes
also referred to as different channels of information or modals. Considering mul-
tiple channels of information at the same time, is referred to as multimodal and
the input as multimedia. By their very nature, multimedia data are complex and
often involve intertwined instances of different kinds of information. We can lever-
age this multimodal perspective to extract meaning and understanding of the
world. This is comparable to how our brain processes these multiple channels, we
learn how to combine and extract meaningfull information from it. In this thesis
the learning is done by computer programs and smart algorithms. This is referred
to as artificial intelligence. To that end, in this thesis, we have studied multime-
dia information, with a focus on vision and language information representation
for semantic mapping. The aims of the semantic mapping learning in this the-
sis are: (1) visually supervised word embedding learning; (2) fine-grained label
learning for vision representation; (3) kernel-based transformation for image and
text association; (4) visual representation learning via a cross-modal contrastive
learning framework.

We first address the task of improving the representation learning for the tex-
tual representation of relation words based on visual supervision. In our work,
we propose the VS-Word2Vec model to learn the vector representation of relation
words by jointly compute over the visual modality and natural language. This can
reduce the semantic gap between vision and text. Our method can compute the
visual features based on deep networks over an image patch that reflects a relation
word, and then achieve the visual similarity matrix for all relation words. Based on
our embedding method, the user can achieve the relation word embedding which
has a more accurate similarity of words than the original CBOW model.

In an image, the object can be recognized and labeled as category label, or as
subcategory of that label; if we consider the subcategory that is referred to as fine-
grained label learning. For vision representation it aims to answer the question
of how to learn the fine-grained object labels in object detection with the help of
auxiliary information attached to images. In this thesis, we propose a novel ap-
proach called label inference curriculum network (LICN) to the problem of fine-
grained object label learning with a weak supervision of captions. This method
can build a mapping based on the correspondences between the coarse category
labels provided by public datasets and the fine-grained category labels extracted
from captions based on the combination of embedding techniques and knowl-
edge bases. By this semantic map, the user can mark the object with fine-grained
labels and learn a detector about the objects. Experimental results obtained with
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public datasets as well as our constructed datasets demonstrate the effectiveness
of our approach and show that it is helpful to structure the training process by
ranking from easy to hard samples. This approach is known as the framework of
curriculum learning.

Another approach that we have probed is the kernel-based transformation for
image and text associations. This aims to build a probabilistic mixture model,
called KMM, for modeling the semantic correlation between web images and text.
A KMM was built based on the assumption that the relationship between differ-
ent modalities follows multiple basic transformations, each working over a local
region described by a neighborhood model in the input space. Our model can
address the nonlinearity of the data distribution and cross-modal mapping via
kernel-based theory. As a solution for the nonlinearity transformation for cross-
modal semantic mapping, our model addresses the complexity of the semantic
distribution over the global input space, and its continuity at the local scale.

Finally, in this thesis, we probed the visual representation learning via the
cross-modal contrastive learning framework. This approach aims to find a method
for cross-modal mapping based on weak supervision. Weakly supervised phrase
grounding intends to map the phrases in an image caption to the objects appear-
ing in the image under the supervision of image-caption correspondences. We
have proposed a novel weakly supervised approach to phrase grounding under
the supervision of the correspondence between images and captions. Our key
contribution lies in systematically learning contextualized visual representations
with a mixed contrastive loss function. Overall, our model achieves state-of-the-
art accuracy on the MS COCO and Flickr30K Entities test set.



SAMENVATTING

De mens neemt de wereld waar met zijn zintuigen, te weten: zicht, smaak, gehoor,
geur en aanraking. In termen van informatie overdracht beschouwen we deze zin-
tuiglijke waarnemingen als verschillende informatiekanalen of modalities. Wan-
neer we meerdere informatiekanalen tegelijk beschouwen dan spreken we van
multi-modale overdracht en de invoer is bekend als multimedia. Multimedia-
data zijn van nature complex en bevatten verschillende soorten informatie die
met elkaar verweven zijn. We kunnen dit multimodale perspectief gebruiken om
betekenis en begrip toe te kennen aan data. Dit is vergelijkbaar met de verwerk-
ing van informatie in het menselijke brein, we leren hoe we waarnemingen kun-
nen combineren en daar zinnige informatie uit halen. In dit proefschrift wordt
het leren gedaan met computers en slimme algoritmen. Dit wordt aangeduid met
kunstmatige intelligentie. Vanuit dat perspectief hebben we, in dit proefschrift,
multimedia informatie bestudeerd, met een focus op beeld en tekst voor seman-
tische mapping. De doelstellingen van het leren van deze semantische mappings
zijn: (1) het leren van word embeddings via afbeeldingen van objecten en re-
laties; (2) het fijnmazig labellen van objecten in afbeeldingen; (3) kernel-based
data transformation voor beeld- en tekstassociatie; (4) het leren van beelrepre-
sentaties via een cross-modaal contrastive learning framework.

Het eerste doel was het verbeteren van het leren voor de tekstuele represen-
taties van relatiewoorden op basis van visuele supervisie van afbeeldingen. In ons
werk stellen we het VS-Word2Vec-model voor om de vectorrepresentatie van re-
latiewoorden te leren door tegelijkertijd de visuele modaliteit en natuurlijke taal
te analysieren. Dit kan de semantische kloof tussen beeld en tekst verkleinen in
het vinden van multi-modale informatie. Onze methode kan de visuele features
van objecten berekenen op basis van analyse van de delen van afbeeldingen die
relatiewoorden representeren, en vervolgens de visuele overeenkomstmatrix voor
alle relatiewoorden berekenen. Op basis van onze embedding-methode krijgen de
embeddings van relatiewoorden een betere representatie dan met het originele
CBOW-model.

In een beeld kunnen objecten worden herkend en gelabeld als een categorie
label, of in een subcategorie van dat label. Als we de subcategorie beschouwen
dan spreken we van het aanleren van fijnmazige labels. Het tweede doel was
om de vraag te beantwoorden hoe fijnmazige objectlabels bij objectdetectie kun-
nen worden aangeleerd met behulp van aanvullende informatie gekoppeld aan
afbeeldingen. In dit proefschrift stellen we een nieuwe methode voor, genaamd
label inference curriculum network (LICN), voor het probleem van het fijnmazig
leren van objectlabels met weak supervision van bijschriften bij afbeeldingen. Met
deze methode kan een mapping worden gemaakt op basis van de overeenkomst
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tussen de grove categorielabels uit openbare data-sets en de fijnmazige categoriela-
bels die worden geéxtraheerd uit bijschriften. We gebruiken hiervoor een com-
binatie van embeddingstechnieken en databases. Door deze semantische map-
ping kunnen objecten beter geidentificeerd worden met fijnmazige labels en via
die labels kunnen betere detectors voor die objecten ontwikkeld worden. Ex-
perimentele resultaten op openbare datasets en onze geconstrueerde datasets
demonstreren de effectiviteit van onze aanpak en laten zien dat het nuttig is om
het trainingsproces te structureren in de volgorde van eenvoudige voorbeelden
naar moeilijke voorbeelden. Deze aanpak is bekend als tet zogenaamde curricu-
lum learning framework.

Een volgende aanpak die we hebben bestudeerd is de kernel-based data trans-
formation voor beeld- en tekstassociatie. Dit heeft tot doel een probabilistisch
mixture model, het KMM, te tranen voor het modelleren van de semantische cor-
relatie tussen web-afbeeldingen en tekst. Het KMM leert op basis van de veron-
derstelling dat de relatie tussen verschillende modaliteiten meerdere basistrans-
formaties volgt, die op een bepaald deel van de afbeelding van toepassing zijn, te
weten de regio. Die regio wordt gerepresenteerd door een neighborhood model
in de vector ruimte. Ons model geeft een oplossing voor de nonlineariteit van
de datadistributie en cross-modale mapping via een op kernels gebaseerde the-
orie. Als een oplossing voor de niet-lineariteitstransformatie voor cross-modale
semantische mapping richt ons model zich op de complexiteit van de semantis-
che distributie over de input ruimte, en daarbij de continuiteit ervan op lokale
schaal.

Tenslotte hebben we in dit proefschrift het leren van visuele representaties via
het cross-modale contrastive learning framework bestudeerd. Deze aanpak heeft
tot doel een methode te vinden voor cross-modal mapping op basis van weak su-
pervision van de bijschriften van afbeeldingen. Het doel is om frases uit afbeeld-
ingsbijschriften te koppelen aan de objecten in de afbeelding. In dit proefschrift
hebben we een nieuwe benadering van deze weakly supervised phrase grounding
voorgesteld op basis van de correspondentie tussen afbeeldingen en bijschriften.
Onze belangrijkste bijdrage ligt in het systematisch leren van gecontextualiseerde
visuele representaties met een mixed contrastive loss function. Met ons model
zijn we in staat de best mogelijke nauwkeurigheid te realiseren op de MS COCO-
en Flickr30K Entities-testsets.
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