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Abstract

With a massive amount of online multimedia data (e.g., images, videos, text articles,
etc.) and increasing needs of the people, venue discovery using multimedia data has
become an underlined research topic. We are referring to business and travel loca-
tions as venues in this study and aim to improve efficiency of venue discovery by
hashing. Previously, a lot of work has been done in the field of cross-modal retrieval
for reducing the heterogeneous gap between multiple modalities, so that samples
from those modalities can be compared directly. Such techniques have also shown
their application in venue discovery. However, improved technology has increased
the size of the multimedia data and thus has made the retrieval more difficult and
slower. Therefore, hashing techniques are being developed to project features from
different modalities into a common hamming space. Hash features take very less
storage space, and they can be compared faster than the real-valued features, using
hamming distance. In this thesis, we propose an adversarial learning-based approach
of generating hash code for venue-related heterogeneous multimedia data to ease the
task of venue discovery without any location information.

Previous works have shown the great ability of Generative Adversarial Networks
(GANs) to model the distribution of the data and learn discriminative representa-
tions. We show how GANs can be used to learn to generate hash codes with category
and pairwise information that occur naturally in the data. Most existing supervised
cross-modal hashing methods map data in different modalities to Hamming space,
where the semantic information is exploited to supervise data in different modalities
during the training stage. However, previous works neglect pairwise similarity be-
tween data in different modalities, which lead to degraded performance of the model
for finding exact matches for the queries. To address this issue, we propose a super-
vised Generative Adversarial Cross-modal Hashing method by Transferring Pairwise
Similarities (SGACH-TPS). This work has three significant contributions: i) we pro-
pose a model for making efficient venue discovery on a new dataset, WikiVenue, of
real-world images produced by the people, ii) the supervised generative adversarial
network to construct a hash function that can map multimodal data of image-text
pairs to a common hamming space, and, iii) a simple transfer training strategy for
the adversarial network is suggested to supervise different modalities of samples
where we transfer the pairwise similarity to the fine-tuning stage of training. To
generalize our work in the field of cross-modal retrieval, we showed experiments
with the benchmark datasets, Wiki, and NUS-WIDE.
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Chapter 1

Introduction

1.1 Overview and Research Motivation

Multimedia is an integral part of our lives. With the ever-increasing development
of the Internet and other technologies, vast amounts of multimedia data—including
images, videos, text, audio, and more—is created every second. Information is now
present as a mixture of different media and expresses comprehensive knowledge.
Since, this data is available and accessible to people from a variety of platforms, like
social media websites (such as Facebook, Twitter, Youtube, etc.), the responsibility
of a researcher is to design techniques to better access this data [16, 29, 33, 39,
43]. Some automatic mechanisms are needed to setup similarity links between the
different modality data to achieve maximum advantage from this rich multimedia
information. When a user wants to search for something from this multimedia data,
then she should be able to do that with any modality query that is available to her.
For this purpose, better cross-modal retrieval techniques are necessary.

Cross-modality refers to integrating information acquired from different modal-
ities like images and texts, or audio and video, etc. This term is mostly associated
with retrieval where it means that given a query data in one modality, we want to
retrieve results from different modality data.

One primary application of such retrieval systems is discovering or finding a
venue using its photographs or description. For instance, assume a person is visiting
some site for the first time. He is not aware of the place. So, he takes a photo
of this venue and searches for the location. Venue discovery will be useful at this
time. It will help to find the place where the user took the photograph. Also, it can
help find the similar venues whose visual and textual features match that location
in the photograph [39]. This is the exact case that needs venue recommendation
and discovery. We represent this idea in Figure 1.1.

In the earlier time, accurate venue discovery was not possible since the data
available was mostly just images. Moreover, there were no reliable sources for the
venue data. On the other hand, today, with extensive mobile user engagements,
multimedia innovations, and business-related data on social media have led to an
ever-expanding source of multimedia information. Most prominent examples of these
are travel and business-related venue photos on Foursquare, Wikipedia articles, and
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Figure 1.1: Diagram explaining the idea behind our work.

advertisements on YouTube. Moreover, the growth of such venue data with visual
business-related content has made several businesses more visible over the Internet
and lead to an increase in sales in the physical world. Venue discovery brings new
opportunities with new multimedia data available today.

There are, however, several issues that lie with cross-modal retrieval. First of
all, the features of different modalities are very different in terms of their statistical
properties. This prevents a direct comparison of the features of different modalities.
So the current research focuses on resolving this in two ways: correlation maxi-
mization and feature selection. Correlation maximization includes techniques to
increase the correlation between modalities by Subspace learning. Subspace learn-
ing is trendy research area where features from different modalities are projected to
a common space where they have similar statistical characteristics and same dimen-
sion. Several works like [34, 39, 43, 44, 45] have shown significant progress using
this technique. Nevertheless, this has its disadvantages like large storage space due
to real values, and slow retrieval since distance calculation between samples can be
time-consuming.

Today, to improve the issues as mentioned earlier, hashing techniques have be-
come very popular for this task. Hashing means mapping values to keys using hash
functions. But in multimedia, it refers to mapping the feature vectors of some me-
dia from real-valued space to binary-valued vectors of shorter length in hamming
space, again using a hash function. It has two major advantages when applied to
multimedia retrieval: (i) It can do fast retrieval because using Hamming distance
can be quickly computed using the binary codes based on bit operations. (ii) Binary
codes take much less storage space compared to original high dimensional features.

Now data in different modalities lie in separate space and have a different dis-
tribution. Hence, they cannot be compared directly to perform any retrieval task.
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We need a way to represent the data in different modalities in a common space.
This is done by hashing. Thus, cross-modal hashing refers to mapping rea; valued
features from different modalities to a hamming space with same feature-length and
a preserved correlation between the data of different modalities. Previous works [41,
19, 35, 38, 40] have shown the ability of hashing in cross-modal retrieval, but more
work is still needed in this area to generate better features and reduce the loss of
information.

Most of the past works in cross-modal hashing exploits only semantic category
information in the training phase. This does not let the model learn about the
specific characteristics of the sample of paired data in different modalities, which is
essential for getting better retrieval results. Therefore, in this thesis, we use pairwise
information that is naturally present in the data, to train our model.

In this thesis, we have developed a Venue Discovery model using the SGACH-
TPS model proposed in Chapter 3. We have used the WikiVenue Dataset [39], which
is a new dataset for Venue related multimedia data. Further details are discussed
in later chapters.

1.2 Literature Review

Previously, several works have been proposed for performing the task of venue dis-
covery and cross-modal retrieval using hashing. Following subsections discuss some
of the important works in this area.

1.2.1 Venue Discovery

There is some early literature on venue discovery, like prediction of geographic cat-
egory of the photo using data-driven scene matching method, [3], coarse prediction
of the location of the photo [2], using visual concept of the photos investigating
street-view images of the city [7], and many others like [26, 4, 8, 22]. Friedland
et al. [7] have exploited multiple information sources to estimate the location of
the video. This location discovery was of region-scale granularity. Work in [4, 8] is
closely related to location prediction. The model in this work recognizes the objects
and locations in the given images and uses images as SIFT features.

Most recent works in venue discovery [22, 39] are deep learning-based methods.
These models detect visual words from images and create word vectors from text
articles, and use them in the model. Except Category based Deep CCA (C-DCCA)
[39], no work uses real-word images generated by users for training and retrieval.

1.2.2 Cross-Modal Hashing

Retrieval of single modality data using hashing techniques has been studied at length
during the past decade. In recent years, cross-modal hashing has gained momen-
tum. In simple terms, the hash functions project the higher dimensional data from
different modalities to a common hamming space. These projected features then
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can be used to perform faster retrieval. The hashing techniques are mainly divided
into traditional methods and deep learning methods. The conventional methods
are further divided into supervised and unsupervised learning methods based on
whether the model learns semantic information. Following are brief reviews of some
hashing methods for cross-modal retrieval.

Unsupervised Cross-Modal Hashing Methods: These methods map the
heterogeneous data into a common hamming space to maximize the correlation.
These are similar to the Canonical Correlation Analysis (CCA) methods [1]. Ku-
mar et al. [9] proposed Cross-view Hashing (CVH), which extends Spectral Hashing
[5]. CVH consider both intra-view and inter-view similarities with a generalized
eigenvalue formulation. Similarly, to preserve intra-media and inter-media consis-
tency, Inter-Media Hashing (IMH) [13] was proposed to learn a common Hamming
space. Predictable Dual-view Hashing (PDH) [12] proposed an objective function
to preserve the predictability of pre-generated binary codes and optimize it using an
iterative method. Ding et al. [27] proposed Collective Matric Factorization Hashing
(CMFH), which uses a latent factor model to learn unified hash codes from differ-
ent modalities of one instance. Likewise, Latent Semantic Sparse Hashing (LSSH)
was proposed by Ding et al. [19], which is again a matrix factorization technique to
learn semantic features for image and text. Unsupervised techniques achieve limited
accuracy on retrieving semantically similar data since they try to learn cross-modal
hash functions using the data distributions.

Supervised Cross-Modal Hashing Methods: These methods take advan-
tage of the semantic information present with the data in the form of labels. This
leads to better accuracy for the retrieval task as compared to the unsupervised
methods. Bronstein et al. [6] proposed Cross-modality Similarity Sensitive Hash-
ing (CMSSH) as a way to model the hashing as a classification problem. Zen et
al. [10] in Co-Regularized Hashing (CRH), proposed a method to learn the hash
function of each bit sequentially so that the bias introduced by each hash func-
tion is minimized. Heterogeneous Translated Hashing (HTH) [17] was proposed to
learn different hamming spaces for different modalities. It then aligns these spaces
using learned translators for cross-modal retrieval. In Iterative Multi-view Hash-
ing (IMVH), Hu et al. [15] propose to learn the hash functions using within-view
similarities and between-view correlations. Wu et al. [24] recommended Quantized
Correlation Hashing (QCH) to optimize quantization error along with correlation.
Supervised methods for cross-modal hashing produce better results by applying the
semantic information available with the data.

Deep Learning based Methods Advancement in neural networks has led in-
spiration to apply deep learning to cross-modal retrieval task and then to learn
hash functions for the same. Cross-Media Neural Network Hashing (CMNNH) [21]
proposed to preserve intra-modal discriminative capability and inter-modal pair-
wise correspondence. In Deep Multimodal Hashing with Orthogonal Regularization
(DMHOR), Wang et al. [23] proposed to preserve inter-modal and intra-modal
correlation to learn hash functions, and also reducing the redundant information
between hash bits. Cao et al. [25] proposed Cross Autoencoder Hashing (CAH)
which is based on deep autoencoder structure. It maximizes the feature correlation
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between bimodal data and also maximizes the semantic relationship that is given
by label information. In Deep Semantic Correlation Learning based Hashing for
Multimedia Cross-Modal Retrieval, Gong et al. [36] constructed a semantic sim-
ilarity matrix based on labels and try to generate a semantic correlation between
modalities automatically.

Quantization Techniques Recently, researchers have also started exploring an-
other way to create hashes, which tries to prevent information loss due to hashing.
This technique is called Quantization. It has been mostly used for signal process-
ing and data compression. This works by dividing a large number of points or
vectors in space into approximately equal-sized groups, where its centroid point rep-
resents each point. It is similar to the clustering method. Quantization [11, 18] has
shown stronger representation ability than the hashing techniques for single-modal
retrieval. For cross-modal retrieval, it has been relatively unexplored. There are
only three significant approaches [18, 30, 31] that use quantization for cross-modal
search. Among them, only Cao et al.’s approach [31] learns deep representations of
the data.

Now with the introduction of the new types of learning techniques like Adversar-
ial learning, unique research opportunities have opened up. Recently few attempts
have been made to generate hash functions using generative adversarial networks.
The related review is as follows.

1.2.3 Generative Adversarial Networks

Goodfellow et al. [14] first proposed the Generative Adversarial Network (GAN) to
estimate the generative model by an adversarial process. After evaluating its capa-
bility to learn the data distributions, several attempts have been made to use GAN
for many computer vision problems. In simple terms, GAN consists of two models:
a generative module G, which learns the data distribution, and a discriminative
module D to estimate the probability that the input sample is from real data rather
than G. Recently, few attempts have been made to use GAN to generate embedding
for cross-modal data to perform the retrieval task. In Adversarial Cross-Modal Re-
trieval (ACMR), Wang et al. [34] use triplet learning constraint to learn the data
distribution using GAN. More recently, Zang et al. [41] in Unsupervised Generative
Adversarial Cross-Modal Hashing (UGACH), propose an unsupervised method to
learn hash function for cross-modal retrieval. This model uses a generative module
to learn the data distribution and automatically select positive and negative samples
for given anchor forming a triplet. The discriminative module then uses this triplet
to determine the hash function.

1.3 Research Contribution

The problem we tried to solve in this thesis is to ‘retrieve relevant venue texts
based on venue images’. Here, by ‘venue text’, we mean text articles related to
the venue, and by ‘venue image’, we mean images of some venue or place. By the
term ‘relevant’we mean that the venue text and venue image must belong to the
same category, eg. Schools and Colleges, Nightlife Spots, etc. This thesis has the
following significant contributions:
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1. we propose a model for making efficient venue discovery on a new dataset,
WikiVenue, of real-world images produced by the people. We have built and
tuned our model over heterogeneous data of real-world images from Wikipedia
and Foursquare, and text articles from Wikipedia related to the venues, to
decrease the distance between theory and application. In reality, normal pho-
tographs do not well represent visual information. Models that are trained on
sophisticated images will fail on real-world images. Therefore, it is important
to build models on such images.

2. a supervised generative adversarial network to construct a hash function that
can map multimodal data of image-text pairs to a common hamming space.

3. a simple transfer training strategy for the adversarial network is suggested to
supervise data of different modalities where we transfer the pairwise similarity
to the fine-tuning stage of training.

4. In addition to above work, we have done experiments on publicly available
benchmark image-text paired datasets, UCSD and NUS-WIDE, to generalize
our work.

1.4 Thesis Outline

The remaining of this thesis has been structured as follows. Datasets and bench-
marks are introduced in Chapter 2. Then, Chapter 3 presents our approach and
explains how to use pairwise similarities in the adversarial model to improve the
quality of hash embedding. It also talks about the implementation of the pro-
posed model for Venue Discovery task. Experimental evaluation results are shown
in Chapter 4. Finally, conclusions are pointed out in Chapter 5.

1.5 Summary

In this chapter, we introduced the problem we are solving in this thesis, i.e., ex-
tracting venue articles related to the venue photographs. We highlighted the recent
related works for performing venue discovery and cross-modal retrieval. We also
mentioned works related to hashing based cross-modal retrieval. Finally, a thesis
outline is given to provide an overview of further chapters of the thesis.
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Chapter 2

Datasets and Benchmarks

2.1 Datasets

2.1.1 WikiVenue Dataset

This dataset is created by Digital Content and Media Science Research Division lab
at the National Institute of Informatics, Japan. Key information of this dataset
can be found in Tables 2.1, 2.2 and 2.3. Some samples images are also present in
Figure 2.1. It contains text articles and images along with other information, from
featured venue articles on Wikipedia website1. Wikipedia consists of one featured
article and one photograph per venue. However, a single photograph is not enough
to completely represent a venue. Therefore, to better represent the visual aspect
of the venue, the dataset is added with user-generated images from the Foursquare
website2. Now multiple images can be used to illustrate a single text article of
Wikipedia. Combining from both the sources, the dataset incorporates 19792 pho-
tographs and 1994 article descriptions for 1994 venues.

Wikipedia data is collected for five cities, namely New York, Los Angeles, Lon-
don, Sydney, and Orlando. The photographs from Foursquare, however, just be-
longing to Los Angeles and London, have been collected. All the images belong to
exactly one of the ten category labels. For training and validation, we use all the
venue images from Wikipedia and the varying ratio of Foursquare images (10% -
50% images, in different experiments). We use remaining images of Los Angeles and
London from Foursquare as the test set.

1www.wikipedia.com
2www.foursquare.com

19792 Venue Images
1994 Venue Articles
1994 Venues

5 Cities
10 Categories

Table 2.1: Key Information of WikiVenue Dataset.

7



S.No. Categories
1. Arts & Entertainment
2. College & University
3. Event
4. Food
5. Nightlife Spot
6. Outdoor & Recreation
7. Professional & Other Places
8. Residence
9. Shop & Services
10. Travel and Transport

Table 2.2: Categories in WikiVenue Dataset

S.No. Cities
1. New York
2. Los Angeles
3. Sydney
4. Orlando
5. London

Table 2.3: List of cities from where venues are included in WikiVenue Dataset.

Figure 2.1: Sample Images from WikiVenue Dataset

8



Only a few deaths from the fire are officially recorded, and deaths are traditionally believed to have
been few. Porter gives the figure as eightPorter, 87. and Tinniswood as "in single figures", although
he adds that some deaths must have gone unrecorded and that, besides direct deaths from
burning and smoke inhalation, refugees also perished in the impromptu camps.Tinniswood,
131&ndash;35.  Hanson takes issue with the idea that there were only a few deaths, enumerating
known deaths from hunger and exposure among survivors of the holocaust, "huddled in shacks or
living among the ruins that had once been their homes" in the cold winter that followed, including,
for instance, the dramatist James Shirley and his wife. Hanson also maintains that "it stretches
credulity to believe that the only papists or foreigners being beaten to death or lynched were the
ones rescued by the Duke of York", that official figures say very little about the fate of the
undocumented poor, and that the heat at the heart of the firestorms, far hotter than an ordinary
house fire, was enough to consume bodies fully, or leave only a few skull fragments. The fire, fed
not merely by wood, fabrics, and thatch, but also by the oil, pitch, coal, tallow, fats, sugar, alcohol,
turpentine, and gunpowder stored in the riverside district, melted the imported steel lying along the
wharves (melting point between 1,250 °C (2,300 F) and 1,480 °C (2,700 F)) and the great iron
chains and locks on the City gates (melting point between 1,100 °C (2,000 F) and 1,650 °C (3000
F)). Nor would anonymous bone fragments have been of much interest to the hungry people sifting
through the tens of thousands of tons of rubble and debris after the fire, looking for valuables, or to
the workmen clearing away the rubble later during the rebuilding. Appealing to common sense and
"the experience of every other major urban fire down the centuries", Hanson emphasises that the
fire attacked the rotting tenements of the poor with furious speed, surely trapping at the very least
"the old, the very young, the halt and the lame" and burying the dust and ashes of their bones
under the rubble of cellars; making for a death toll not of four or eight, but of "several hundred and
quite possibly several thousand."Hanson (2001), 326&ndash;33.

The monument is located in the center of Riga on Brīvības bulvāris
("Freedom Boulevard"), near the old town of Riga. In 1990 a section
of the street around the monument, about  long, between Rainis and
Aspazija boulevards, was pedestrianized, forming a plaza. Part of it
includes a bridge over the city's canal, once a part of the city's
fortification system, which was demolished in the 19th century to
build the modern boulevard district. Rīga 1860–1917 Rīga 1978
Zinātne (No ISBN) The canal is   long and surrounded by parkland
for half of its length., retrieved on 2007-05-30 The earth from the
demolition of the fortifications was gathered in the park and now
forms an artificial hill with a cascade of waterfalls to the north of the
monument. The Boulevard district east of the park is the location of
several embassies and institutions, of which the closest to the
Freedom Monument are the German and French embassies, the
University of Latvia and Riga State Gymnasium No.1. , retrieved on
2007-06-03

The next assault took place on July 20, under the aegis of Operation
Atlantic. It was led by the South Saskatchewan Regiment, with
supporting units from the Cameron Highlanders. In the early hours of
July 20, the Highlanders secured a position in St André-sur-Orne, but
were quickly pinned down by an effective German infantry and
armoured response.Bercuson, Pg. 220 At the same time, the South
Saskatchewan Regiment moved directly up the slopes of Verrières
Ridge, supported by tanks and Hawker Typhoon ground attack
aircraft. However, the Canadian attack faltered in torrential rain, which
rendered air support useless and turned the ground into mud. Heavy
German counterattacks by two Panzer divisions threw the South
Saskatchewans back past their support lines,Zuehlke, p. 166. and
their supporting battalion, the Essex Scottish, themselves came under
attack. The Essex Scottish lost over 300 men as it tried to hold back
the advance of the 12th SS Panzer Division,BBC: People's War while
to the west the remainder of I SS Panzer Corps engaged British forces
in the largest armoured battle of the campaign.

Stowe, a Connecticut-born teacher at the Hartford Female Academy and
an active abolitionist, wrote the novel as a response to the 1850 passage
of the second Fugitive Slave Act (which punished those who aided
runaway slaves and diminished the rights of fugitives as well as freed
Blacks). Much of the book was composed in Brunswick, Maine, where her
husband, Calvin Ellis Stowe, taught at his alma mater Bowdoin College.
Harriet Beecher Stowe House and Library. Accessed February 17, 2007.

Stowe was partly inspired to create ''Uncle Tom's Cabin'' by the
autobiography of Josiah Henson, a black man who lived and worked on a
3,700 acre (15 km²) tobacco plantation in North Bethesda, Maryland
owned by Isaac Riley.Susan Logue,   VOA News, January 12, 2006.
Retrieved May 16, 2006. Henson escaped slavery in 1830 by fleeing to
the Province of Upper Canada (now Ontario), where he helped other
fugitive slaves arrive and become self-sufficient, and where he wrote his
memoirs.

Before St. Clare can follow through on his pledge, however, he
dies after being stabbed while entering a New Orleans tavern.
His wife reneges on her late husband's vow and sells Tom at
auction to a vicious plantation owner named Simon Legree.
Legree (a transplanted northerner) takes Tom to rural Louisiana,
where Tom meets Legree's other slaves, including Emmeline
(whom Legree purchased at the same time). Legree begins to
hate Tom when Tom refuses Legree's order to whip his fellow
slave. Legree beats Tom viciously, and resolves to crush his new
slave's faith in God. Despite Legree's cruelty, however, Tom
refuses to stop reading his Bible and comforting the other slaves
as best he can. While at the plantation, Tom meets Cassy,
another of Legree's slaves. Cassy was previously separated
from her son and daughter when they were sold; unable to
endure the pain of seeing another child sold, she killed her third
child.

At this point Tom Loker returns to the story. Loker has changed
as the result of being healed by the Quakers. George, Eliza, and
Harry have also obtained their freedom after crossing into
Canada. In Louisiana, Uncle Tom almost succumbs to
hopelessness, as his faith in God is tested by the hardships of
the plantation.

''Uncle Tom's Cabin'' is dominated by a single theme: the evil
and immorality of slavery.''Homelessness in American Literature:
Romanticism, Realism, and Testimony'' by John Allen,
Routledge, 2004, page 24, where it states in regards to ''Uncle
Tom's Cabin'' that "Stowe held specific beliefs about the 'evils' of
slavery and the role of Americans in resisting it." The book then
quotes Ann Douglas describing how Stowe saw slavery as a sin.
While Stowe weaves other subthemes throughout her text, such
as the moral authority of motherhood and the redeeming
possibilities offered by Christianity, she emphasizes the
connections between these and the horrors of slavery. Stowe
pushed home her theme of the immorality of slavery on almost
every page of the novel, sometimes even changing the story's
voice so she could give a "homily" on the destructive nature of
slavery''Drawn With the Sword: Reflections on the American Civil
War'' by James Munro McPherson,   Oxford University Press,
1997, page 30. (such as when a white woman on the steamboat
carrying Tom further south states, "The most dreadful part of
slavery, to my mind, is its outrages of feelings and affections—
the separating of families, for example.").''Uncle Tom's Cabin'' by
Harriet Beecher Stowe, Vintage Books, Modern Library Edition,
1991, page 150. One way Stowe showed the evil of slavery  was
how this "peculiar institution" forcibly separated families from
each other.''Drawn With the Sword: Reflections on the American
Civil War'' by James Munro McPherson,   Oxford University
Press, 1997, page 29.

In recent decades, scholars and readers have criticized the book for what are
seen as condescending racist descriptions of the book's black characters,
especially with regard to the characters' appearances, speech, and behavior,
as well as the passive nature of Uncle Tom in accepting his fate.Smith; Jessie
Carney; ''Images of Blacks in American Culture: A Reference Guide to
Information Sources'' Greenwood Press. 1988. The novel's creation and use
of common stereotypes about African Americans is important because ''Uncle
Tom's Cabin'' was the best-selling novel in the world during the 19th century.
As a result, the book (along with images illustrating the book, Uncle Tom's
Cabin and American Culture, a Multi-Media Archive. Retrieved April 18, 2007.
and associated stage productions) had a major role in permanently ingraining
these stereotypes into the American psyche.

The Battle of Verrières Ridge, although given no
particular prominence in German military history,
has earned the distinction of being one of the First
Canadian Army's most scrutinised actions.
Simonds's official report on Operation Spring,
released after the war, blamed its failure on "11th
hour reinforcement" of German lines and
"strategically unsound execution on the part of
Major Phillip Griffin and the Black Watch".Simonds,
pp. 67&ndash;68. However, recently declassified
wartime documents show that Simonds, along with
several others in the Allied high command, had
likely been notified on July 23 of a massive German
buildup on the ridge.Copp (1992), p. 50. Some
historians, including David O'Keefe and David
Bercuson, consequently accuse Simonds of being
too careless with the lives of his men. In contrast,
others such as Terry Copp and John A. English
argue that, given the amount of pressure that all
Allied commanders were under to break out from
Normandy, Simonds probably had little choice in
the decision he made.Copp (1992), p. 61.

IMAGE
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Figure 2.2: Wikipedia Dataset

Dataset Wiki NUS-WIDE
No. of Items 2866 image-text pairs 186644 image-text pairs

Image and Text Features VGG16 & LDA BoW & Concept List
Categories 10 10 out of 81
Lable Type Single Multiple

Table 2.4: Key Information about Wiki and NUS-WIDE Datasets.

2.1.2 Wiki Dataset

This is a public dataset provided by the University of California, San Diego (UCSD)
group. It contains 2866 image-text pairs collected from featured articles on Wikipedia.
No other image resource is used for compiling this dataset. The related key infor-
mation is present in Table 2.4 and sample images are present in Figure 2.2. It is a
widely used dataset for cross-modal retrieval. The image features are represented
as 4096-dimensional deep features extracted from 16-layer VGGNet. Whereas a
10-dimensional topic vector represents the textual features. All the paired data in-
stances are annotated with one of the ten semantic categories. The definition of a
category depends on the Wikipedia tags. From this dataset, we randomly selected
75% of the data as the training set and the rest 25% as the query set.

2.1.3 NUS-WIDE Dataset

It is created by NUS laboratory for media search. It contains 269648 images with
associated tags which are treated as a textual modality. The key information about
this dataset is present in Table 2.4 and some sample images are also present in Figure
2.3. Each of the images is categorized into at least one of the 81 semantic labels. We
considered the top 10 most common labels the extracted the corresponding images.
It included 186644 images which have an annotation of at least one of the top 10
most common labels. Out of this dataset, we selected 10000 random images as
the training set, 2000 random images as query set, and around 100000 images as
retrieval set.
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Figure 2.3: NUS-WIDE Dataset

2.2 Benchmarks

There is no existing work that uses WikiVenue Dataset for hashing. Therefore, we
can not compare our work with anything. However, we have added a few experiments
with the state-of-the-art cross-modal hashing technique to prove the worth of our
model.

Apart from that, we are comparing our results on the benchmark datasets with
current state-of-the-art methods for cross-modal hashing techniques, LSSH [20],
SMFH [28], FSH [32], UGACH [41], and SCRATCH [37].Among these, LSSH, FSH,
and UGACH are unsupervised methods, whereas SMFH is a supervised method.

2.3 Summary

In this chapter, we discussed all the datasets we have used in this thesis, i.e., WikiV-
enue Dataset, Wiki Dataset, and NUS-WIDE Dataset. WikiVenue Dataset contains
venue related images and text articles. The other two datasets have been used to
generalize our work. Later, some benchmark works are mentioned which are used
for comparison of our model’s results.
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Chapter 3

Supervised Generative Adversarial
Cross-Modal Hashing

3.1 Problem Formulation

The focus of our thesis is on the cross-modal retrieval of the image-text data. Let
there be a collection of n samples of paired image-text data, which is denoted as,
S = {si}n(i=1), si = {ui, ti} where ui is the image feature vector and ti is the text fea-
ture vector. ui is du-dimensional, whereas ti is dt-dimensional and generally du 6= dt.

Each sample of si is also associated with category information, denoted by li,
liε[1, c], c denotes the total number of semantic categories/labels.

In this thesis, the image feature vector is represented as U , and the text feature
vector is represented as T . Since U and T are statistically different with different dis-
tributions, they cannot be compared directly for performing cross-modal retrieval.
For this purpose, there is a need to find mapping functions to project the image U
and text T feature vectors to a common feature space F where they can be com-
pared directly. The projected feature vectors are denoted as Fu and Ft for image
and text, respectively.

The goal of this thesis is to generate more effective transformed features as
hash codes which can use preserve semantic as well as pairwise information and
can produce better results for ANN search. For this purpose, the model learns two
mapping functions, H1 : U → FU , H2 : T → FT , where FU , FT εR

K , and K is the
length of the hash codes produced by the model. This will be discussed in more
detail in later sections.

3.2 Our Model: SGACH-TPS

The architectural diagram in Figure 3.1 presents the model that we are proposing
in this thesis. This model is inspired by GAN model and the work of Zang et al.[41]
in UGACH. The Feature Extraction part of the diagram consists of the image fea-
ture extractor which uses the standard deep convolution network named VGG16
to extract image features. The text feature extractor uses the Doc2Vec technique

11
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Figure 3.1: Architecture of SGACH-TPS: Proposed Model for learning hash func-
tions for cross-modal data using adversarial training.

to generate bag-of-words features of the text data. A GAN model then uses these
extracted features. The architecture consists of a generative and a discriminative
model which help optimize each other while training in the form of minimax game.
After the training, the discriminator can be independently used for generating hash
codes. Lastly, the Querying module sends a query to the discriminator model and
receives the corresponding hash code. That hash is then compared with the database
to find the nearest hash codes of the other modality data. The retrieved results then
can be provided as a ranked list based on the hamming distance.

The discriminative model is optimized by using the triplet loss. Here the model
is fed with an anchor data of one modality, along with a negative and positive sample
chosen by the generative model and the semantic label information, respectively.

3.3 Generative Module

The generative model has two paths in the architecture and can take as input both
image and text features. Each pathway consists of two fully connected layers. The
first layer, Common representation layer, maps the features of each modality into a
common space. The second fully-connected layer, Hashing layer, works as a hashing
function which maps the real-valued features from a common space to a hamming
space, with binary hash codes. The equations below represent the process:

ϕ(x) = tanh(W1x+ b1) (3.1)
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f(x) = sigmoid(W2ϕ(x) + b2) (3.2)

Equations 3.1 and 3.2 defines the the generative module’s process, where x rep-
resents features of image or text sample, W1 and W2 denote the weights in common
representation and hash layer, respectively, and b1 and b2 are the respective bias
parameters. Equation 3.2 outputs the real-valued hash codes representing the input
image/text. The below equation is used to convert these features to binary hash
codes:

h(x) = sgn(f(x)− 0.5), p = 1, 2, ..., k (3.3)

The threshold function in Equation 3.3 gives a binary representation to the com-
mon space features of the image/text. Here k is the length of the hash code. Now
when the features from different modalities are mapped to a common hamming
space, the similarity between these different modalities can be measured easily with
fast hamming distance. Since it is hard to optimize with binary values, real-valued
hash codes are used for the training purpose.

The goal of the generative model G is to fit the data distribution of one modality
over its semantic information to select the data of other modality and challenge the
discriminative model D. The model calculates the generative probability, pθ(x

U |qt)
and pθ(x

T |qu), for both image and text samples in the database, given the query as
text or image, respectively. The generative probability is calculated using a softmax
function:

pθ(x|q) =
exp(−‖f(q)− f(x)‖2)∑
x exp(−‖f(q)− f(x)‖2)

(3.4)

For an input query of one modality, we can use the above Equation 3.4 to calculate
the relevance score of each database sample of the other modality.

3.4 Discriminative Module

Similar to the generative model, the discriminative model also has a two-way archi-
tecture. All other architectural details are also the same as the generative model.
The only difference is that the discriminative model has a goal of distinguishing
between the pair generated by the generative model, and the pair sampled from the
labeled data. This model is input with both the pairs, and it then produces binary
hash codes for query and both the samples.

The aim here is to produce hash codes such that the hamming distance between
the actual pair, i.e., query and corresponding positive sample from other modality,
should be small. Whereas, the distance between the hash codes of query and the
negative sample selected by the generative model should be significant.

At this point, we want to introduce the novelty we are proposing in this thesis
that is applied in the discriminative module. We present the novel technique of trans-
ferring information between different training sessions that we used in our model.
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In the previous works, only the label information has been exploited as semantic
information. Other information available with the paired data, like the pairwise
constraint, has not been used. Here we are proposing the use of this information to
learn the distribution of the data better and produce hash codes accordingly. We
suggest pre-training of the discriminator with only pairwise details we have from
the data. The parameters from this pre-training stage can then be used in the fine-
tuning stage of the GAN training as the initial weights of the discriminative model.

Here, learning pairwise information denotes that the data is available as paired
samples, and the model should be able to retain this information of the seman-
tic pairs to project that corresponding paired data of other modality as the best-
retrieved result for the query of other modality. To accomplish this, the model uses
the pairwise constraint information as the ground truth and maps the correspond-
ing image and text closer to each other in the common modality space. For a given
query, the relevant positive sample is the paired sample of the other modality only.
The network architecture of the discriminative model remains the same. But the
information it is learning is different in the pre-training stage. Later, when this
knowledge is used in the fine-tuning stage, i.e., the parameters learned in the pre-
training stage serves as the initial parameters of the fine-tuning stage, it helps the
model to create better hashing functions. We denote this process as transferring
pairwise information.

This model tries to produce the relevance score as gφ(x, q), for the candidate and
query data pair by using triplet ranking loss. The formula for the relevance score
can be observed in Equations 3.5 and 3.6.

Pre-training relevance score formula is,

gφ(xR, q) = max(0, β +
∥∥f(q)− f(xP )

∥∥2 − ∥∥f(q)− f(xR)
∥∥2) (3.5)

Fine-tuning relevance score formula is,

gφ(xG, q) = max(0, β +
∥∥f(q)− f(xL)

∥∥2 − ∥∥f(q)− f(xG)
∥∥2) (3.6)

q is the input query, xR is a randomly paired instance, xP is pairwise information
constrained paired instance, xL is semantic label information constrained paired in-
stance, and xG is the selected instance by Generative model G. β here acts as a
margin parameter. This equation is used to ensures that the distance between infor-
mation constrained pair in the fine-tuning stage is smaller than the generated pair
by the margin β so that the discriminative model D can clearly distinguish between
the generated and semantic pair. Similarly, the loss is used in the pre-training stage
also, to make discriminative model D aware of the pairwise information.

This relevance score is used by the discriminative model D to calculate the
predictive probability of an instance x by a sigmoid function as defined in Equation
3.7.

14



D(x|q) = sigmoid(gφ(x, q)) (3.7)

The work of the generative model is to select informative data to challenge the
discriminative model, due to which its ability to perform cross-modal retrieval is
limited. However, the discriminative model is appropriate for cross-modal retrieval
task, since it has been supported by the generative model to learn the better dis-
tinction between relevant and not-relevant instances. Therefore, the discriminative
model is used to perform cross-modal retrieval by generating hash codes.

3.5 Adversarial Learning

The generative and discriminative models act like players in a minimax game: For
a given query of one modality, the generative model tries to select a marginal data
sample of other modality that can be classified wrongly by the discriminative model.
The discriminative model then takes a query as an input with corresponding true
relevant sample of other modality sampled from the ground truth (semantic infor-
mation) and the sample data selected by the generative model. This model tries
to distinguish between these samples. Below Equation 3.8 represent the process for
an image/text query where ptrue represents set of true pairs and pθ represents set of
pairs generated by G:

V (G,D) = min
θ
max
φ

n∑
j=1

(Ex∼ptrue(xL|qj)[log(D(xL | qj))]

+Ex∼pθ(xG|qj)[1− log(D(xG | qj))])
(3.8)

The generative and discriminative models can be trained iteratively by minimiz-
ing and maximizing the above equation. The genertive model tries to minimize the
Equation 3.8 to fit the distribution over semantic information, and discriminative
model maximizes the Equation 3.8.

Now, the entire process of training this model is divided into two stages:

1. Pre-training of Discriminative model

2. Fine-tuning or Training of GAN model

Using these two stages, we propose a new way to learn multiple information
by the model without making the loss function complex, as well as, shifting from
the main aim of the learning process. Here our goal is not to learn the pairwise
information but to use the semantic category information to provide relevant results
corresponding to a query. But the pairwise information that we are preserving here
helps to produce better results by projecting the paired data of different modalities
closer together.
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3.6 Optimization

Using the definitions of the generative and the discriminative models, the proposed
model can be optimized to produce high-quality hash embedding for image and
text data. Using the objective function in Equation 3.8, a minimax game can be
conducted to train the proposed model. The training parameters of the genera-
tive model are fixed while training discriminator and vice versa. We discuss the
optimization of both the models separately.

3.6.1 Optimization of Discriminative Module

Discriminative model is trained as a two-stage training process - pre-training and
fine-tuning stage. In the pre-training stage, only pairwise information is used by
the model to get features retraining pairwise similarity. Later the parameters of the
pre-training stage are used as the initial parameters of the fine-tuning stage of GAN
training. Optimization of both the stages is discussed separately.

1. Optimization in Pre-training Stage: There is no generative model in this stage.
The discriminative model trains on its own. It takes as input the true image-
text pairs using the pairwise information of the paired image-text dataset. It
also takes some randomly selected fake image-text pairs to fool the discrim-
inator network. The model is then trained using the Equations 3.7 and 3.8.
The Equation 3.9 defines the process.

φ∗ = arg max
φ

n∑
j=1

(Ex∼ptrue(xR|qj)[log(sigmoid(gφ(xP , qj)))]) (3.9)

2. Optimization in Fine-tuning Stage: After the pre-training stage, the preserved
information is transferred to the discriminator of the fine-tuning stage. This
helps the discriminator to start training with better initial parameters. Now
to optimize the parameters of this stage, the generative model’s parameters
are fixed. We use the generative model of the previous iteration to generate
the image-text and text-image fake pairs for image and text as queries, re-
spectively. We further sample true image-text and text-image pairs from the
labeled data. The discriminator then tries to maximize the log-likelihood of
distinguishing the selected and the generated pairs. The Equation 3.8 can be
re-written as following to optimize the model:

φ∗ = arg max
φ

n∑
j=1

(Ex∼ptrue(xG|qj)[log(sigmoid(gφ(xL, qj)))]

+Ex∼pθ∗(xG|qj)[log(sigmoid(gφ(xG, qj)))])

(3.10)

pθ∗ is the generative model of the previous iteration. This equation is differen-
tiable with respect to Equations 3.5 and 3.6. Therefore, a stochastic gradient
descent algorithm can be used to solve the Equations 3.9 and 3.10.
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3.6.2 Optimization of Generative Module

To train this model, now we fix the parameters of the discriminative model. This
model tries to minimize equation 3.8 and fits true relevance information. The follow-
ing Equation 3.11 defines the optimization when the discriminative model is fixed,
and the generative model is trained:

θ∗ = arg min
θ

n∑
j=1

(Ex∼ptrue(xG|qj)[log(sigmoid(gφ ∗ (xL, qj)))]

+Ex∼pθ(xG|qj)[log(sigmoid(gφ ∗ (xG, qj)))])

(3.11)

where gφ∗ refers to the discriminative model in the previous iteration.

The traditional GAN generates new data from continuous noise vector and is
optimized using a stochastic gradient descent algorithm. But here we followed a
discrete selection policy for selecting triplets from the labeled data, which can not be
optimized this way. Therefore, following the work in UGACH, we used reinforcement
learning based on the policy gradient to update the parameters of the generative
model. The derivation is presented in Equation 3.12.

5θ Ex∼pθ(xG|qj)[log(1 + exp(gφ(xG, qj)))]

=
m∑
k=1

5θpθ(x
G
k |qj)log(1 + exp(gφ(xGk , q

j)))

=
m∑
k=1

pθ(x
G
k )5θ logpθ(x

G
k |qj)log(1 + exp(gφ(xGk , q

j)))

= Ex∼pθ(xG|qj)[5θlogpθ(x
G|qj)log(1 + exp(gφ(xG, qj)))]

' 1

m

m∑
k=1

5θlogpθ(x
G
k |qj)log(1 + exp(gφ(xGk , q

j)))

(3.12)

According to the reinforcement learning perspective, action x is taken in the environ-
ment q using the policy log p(x|q). Corresponding to the action, the discriminative
model calculates a value log(1 + e..). This acts as a reward value for the generative
model in the reinforcement learning environment. For instance, if the discriminative
model is performing well, the reward will be a small value. This means the gen-
erative model needs to select better samples to confuse the discriminator and get
higher rewards.
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3.7 Venue Discovery using SGACH-TPS

We train the model on the venue images and venue descriptions (text), and query
the trained model with unseen real-world images of the venues, all from WikiVenue
dataset. The task within the framework is group venue search. This refers to find-
ing the relevant venues with the same category as the venue in the given an image,
without any location information (GPS information). Each venue has an assigned
category which is inherited by the venue text and images automatically.

The text and images of the venues are used in the training phase to learn the
cross-modal correlation so that the text and image features are highly correlated
in the shared space. In the testing phase, the input photo’s visual features are
compared to the textual features of the venues. This is in contrast to the existing
approaches for venue discovery which use only visual features.

To develop an efficient venue discovery model that can visually and textually
understand the venue better, we applied two new techniques. First, as already
discussed, we used the pairwise information to understand the cross-modal feature
space of the dataset better. Further, we used a portion of real-world images of the
venues so that the model can visually understand the venues better. We used all
the Wikipedia venue images and 10% of the Foursquare images for training and val-
idation of the model and evaluated the model on the remaining Foursquare images
corresponding to Los Angeles and London. Similarly, we experimented with 20%,
30%, 40%, and 50% of FS images. Analysis of these experiments is discussed in the
next section.

3.8 Summary

In this chapter, we explain our model SGACH-TPS. Firstly, the problem is for-
mulated, and all the variables used in the thesis are defined. The model is then
discussed in detail with the help of the diagram of the model architecture 3.1. The
adversarial training process of Generative and Discriminative module is discussed.
Later optimization of both the modules is performed, and venue discovery using
SGACH-TPS is discussed.
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Chapter 4

Experimental Results

4.1 Retrieval Tasks and Evaluation Metrics

Two types of retrieval tasks are performed to evaluate our proposed model:
Image-to-Text: Here image is used as query and the as part of retrieval, seman-
tically similar text articles are returned as a ranked list. We denote this task as
I → T .
Text-to-Image: In this task, a text sample is taken as an input query, and it re-
trieves the semantically similar images as a raked list. We denote this task as T → I.

Hamming distance is used to generate a ranked list of related samples of one
modality, given the query of another modality. The list is expected to contain the
semantically similar items to the query. The returned retrieval results are evaluated
based on whether the query and the retrieved results share the same semantic la-
bels. We used the recall-precision curve, mean average precision (MAP), and mean
reciprocal rank 1 (MRR1) as main metrics.

1. The MAP score is the mean of the average precision (AP) for all queries. AP
is calculated as shown in Equation 4.1:

AP =
1

R

m∑
k=1

k

Rk

× relk (4.1)

where m is the size of database, R is the number of relevant images in the
database, Rk is the number of relevant images in the top k retrieved rank-
ing list, and relk = 1 if the image ranked at k-th position is relevant and 0
otherwise.

2. Precision-Recall Curve (PR-curve) is plotted by taking precision values at a
certain level of recall of the retrieved ranking list. It is a widely used measure
for information retrieval tasks.

3. Mean Reciprocal Rank 1 (MRR1) is a measure to calculate the mean of the
reciprocal of the rank of the first relevant result in the retrieved ranking list,
for all the queries. It is calculated as shown in Equation 4.2:

MRR1 =
1

|Q|

|Q|∑
i=1

1

ranki
(4.2)
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Ratio MAP (16 bits) MAP (32 bits) MAP(64 bits) MAP (128 bits) MAP (128 bits) [WTT]

I → T T → I I → T T → I I → T T → I I → T T → I I → T T → I
0.1 0.5382 0.6038 0.5631 0.6438 0.6026 0.7047 0.5929 0.7054 0.4575 0.5288
0.2 0.5448 0.6164 0.5827 0.6587 0.6362 0.7142 0.6197 0.7104 0.4634 0.5493
0.3 0.5723 0.6322 0.6196 0.6821 0.6849 0.7279 0.6385 0.7179 0.4802 0.5544
0.4 0.5522 0.6231 0.6035 0.6784 0.6739 0.7277 0.6325 0.7091 0.4953 0.5689
0.5 0.5746 0.6417 0.6234 0.6876 0.6746 0.7232 0.6460 0.7302 0.5066 0.5773

Table 4.1: Mean Average Precision (MAP) for Retrieval Tasks on WikiVenue
Dataset using SGACH-TPS with ration of Foursqaure images used in training.
MAP[WTT] represents model performance Without using Transfer Training tech-
nique.

Ratio MAP (I → T )(16bits) MAP (I → T )(128bits)
Los-Angeles London Los-Angeles London

0.1 0.5000 0.4903 0.5496 0.5391
0.2 0.5283 0.4417 0.6060 0.5216
0.3 0.4519 0.4703 0.4926 0.5154
0.4 0.5290 0.4377 0.5869 0.5185
0.5 0.4802 0.5080 0.5122 0.5594

Table 4.2: MAP for Los-Angeles and London Queries with 16 bit and 128 bit hash
using SGACH-TPS.

ranki refers to the rank of the first relevant result for a query, and Q is the
set of queries.

4.2 Results on WikiVenue Dataset

Evaluation is done by testing the model on queries from the same data distribu-
tion as train set, results in Table 4.1, and testing model on real-world images from
FourSquare website that are generated by people in day-to-day life, for venues in
Los-Angeles and London, in Table 4.2 and Table 4.5. These images were not seen by
the model while training. The purpose of these queries is to evaluate the proposed
model on real photos, and not just in a conserved environment.

As can be seen, the results on test queries are improving with increasing hash
code length. We also present the performance of the model when the transfer train-
ing strategy is not used, i.e., no pre-training stage. Results are shown in Table 4.1
as [WTT], Without Transfer Training. It is very clear from these results that our
novel training strategy improves the model. The performance on unseen images
from Foursquare in Table 4.2 is also comparable to the test results. This proves
that the model is almost as good for the real world new images as for a conserved
dataset. Precision-recall curves in Figures 4.1 and 4.2, show that with an increase
in the ratio of FS images used for training, there is an improvement in the precision
values for initial recall values. This shows that better results are appearing in the
top ranks of the retrieval.
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Ratio MAP (16 bits) MAP (128 bits)
I → T T → I I → T T → I

0.1 0.2986 0.3014 0.3034 0.3052
0.2 0.3057 0.3058 0.3142 0.3162
0.3 0.3128 0.3142 0.3198 0.3215
0.4 0.3187 0.3189 0.3253 0.3284
0.5 0.3202 0.3199 0.3343 0.3359

Table 4.3: Mean Average Precision (MAP) using UGACH model for Retrieval Tasks
on WikiVenue Dataset with ration of Foursqaure images used in training.

Ratio MAP (I → T )(16bits) MAP (I → T )(128bits)
Los-Angeles London Los-Angeles London

0.1 0.2823 0.3145 0.2854 0.3176
0.2 0.2773 0.3189 0.2822 0.3205
0.3 0.2745 0.3075 0.2752 0.3189
0.4 0.2786 0.3089 0.2869 0.3145
0.5 0.2753 0.3127 0.2844 0.3153

Table 4.4: MAP for Los-Angeles and London Queries using UGACH model with 16
bit and 128 bit hash.

The MRR1 values present in Table 4.5, indicate positive retrieval in the top
ranks of the retrieved results. These values also show the loss of information that
occurred with a small hash code length of 16 bits. The fluctuation in the MRR1
values with increasing ratio of FS images suggest that the model might not improve
further for real images if we keep increasing the images of the same venues in the
training data.

This dataset has never been used before for venue discovery using hashing, and
therefore, there are no current state-of-the-art results to compare. However, we
present results of experiments with WikiVenue dataset using UGACH [41], in Tables
4.3 and 4.4. We also present a comparison of our model with the latest state-of-
the-art cross-modal retrieval method, UGACH, in Table 4.6. We used 0.0 and 0.1
ratios for comparison since they show the performance of both the models with and
without using Foursquare images. So, now it can be judged if the earlier models
are capable of visually learning about the venue with multiple photographs. We
can observe that the results of our supervised method SGACH-TPS are better than
the unsupervised method UGACH. The performance of UGACH model decreases
when real-world images are added to it in the training phase. This is due to the
inability of the unsupervised model to manage the noise from real-world images and
learn more visual information about the venue. However, our model does not face
such problems. This proves the importance of the semantic information used in our
model.

21



(a) Ratio 0.1, 16 bits (b) Ratio 0.2, 16 bits

(c) Ratio 0.3, 16 bits (d) Ratio 0.4, 16 bits

(e) Ratio 0.5, 16 bits

Figure 4.1: Precision-Recall Curve for WikiVenue Dataset Retrieval with varying
ratio of Foursquare images used in training. Hash code length used is 16 bits.
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(a) Ratio 0.1, 128 bits (b) Ratio 0.2, 128 bits

(c) Ratio 0.3, 128 bits (d) Ratio 0.4, 128 bits

(e) Ratio 0.5, 128 bits

Figure 4.2: Precision-Recall Curve for WikiVenue Dataset Retrieval with varying
ratio of Foursquare images used in training. Hash code length used is 128 bits.
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Ratio MRR1 (I → T )(16bits) MRR1 (I → T )(128bits)
Los-Angeles London Los-Angeles London

0.1 0.6412 0.5657 0.6458 0.6212
0.2 0.6401 0.5204 0.6916 0.6321
0.3 0.5652 0.5532 0.5968 0.6075
0.4 0.6147 0.4858 0.6533 0.6168
0.5 0.5523 0.6022 0.6486 0.6557

Table 4.5: MRR1 for Los-Angeles and London Queries with 16 bit and 128 bit hash.

Methods MAP (128 bits)
I → T T → I

SGACH-TPS (Ratio 0.0) 0.4807 0.6521
SGACH-TPS (Ratio 0.1) 0.5929 0.7054

UGACH (Ratio 0.0) 0.4207 0.5164
UGACH (Ratio 0.1) 0.2879 0.2916

Table 4.6: Comparison of SGACH-TPS and UGACH;comparison with no FS images.

4.3 Other Experiments and Results

To generalize our model, we conducted experiments with the publicly available
benchmark datasets, UCSD, and NUS-WIDE. The results of the experiments are
noted in Tables 4.7 and 4.8. We are comparing our results with current state-of-
the-art methods for cross-modal hashing techniques, LSSH [20], SMFH [28], FSH
[32], and UGACH [41]. Among these, LSSH, FSH, and UGACH are unsupervised
methods, whereas SMFH is supervised method.

As explained in Chapter 3, we have produced results by transferring pairwise
information to the fine-tuning stage, where only category information is preserved.
This experiment is named as SGACH-TPS (CI) in the result tables. However, we
also experimented by preserving only pairwise information in the fine-tuning stage
as well and ignoring the category information altogether. This experiment is named
as SGACH-TPS (PI). Results of both the experiments can be found in the Tables
4.7 and 4.8. Also, the Precision-Recall graphs can be found in Figure 4.3.

Results on Wikipedia

Results of SGACH-TPS for Wikipedia dataset are reported in Table 4.7 in terms
of MAP values. Here we present results for two variants of our model, i.e., when
both category and pairwise information is used [SGACH-TPS (CI)], and when only
pairwise information is used [SGACH-TPS (PI)]. The precision-recall curves for four
different lengths are plotted in Figure 4.3. We can observe the following points from
these results:

• SGACH-TPS considerably outperforms all the existing state-of-the-art models
for Image-to-Text retrieval for all hash lengths. Essential reason can be the
use of triplets formed by the generative module in training, which helps to
build a better hash function by learning the data distribution.
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(a) 16 bits (b) 32 bits

(c) 64 bits (d) 128 bits

Figure 4.3: Precision-Recall Curve for Wiki Dataset Retrieval.
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Hash Length 16 bits 32 bits 64 bits 128 bits
Methods I → T T → I I → T T → I I → T T → I I → T T → I

LSSH 0.2162 0.4990 0.2164 0.5225 0.2041 0.5287 0.2084 0.5330
SMFH 0.2276 0.5242 0.2470 0.5961 0.2955 0.6608 0.3133 0.6924
FSH 0.2270 0.4864 0.2433 0.5197 0.2366 0.4961 0.2463 0.5247

UGACH 0.3696 0.3771 0.3874 0.3943 0.4051 0.4154 0.442 0.4579
SGACH-TPS (CI) 0.4466 0.4607 0.4660 0.4866 0.4771 0.4932 0.4844 0.5115
SGACH-TPS (PI) 0.5230 0.4889 0.5236 0.4968 0.5165 0.4829 0.5005 0.4815

Table 4.7: Mean Average Precision (MAP) Comparison over Two Retrieval Tasks
on Wikipedia Dataset

Hash Length 16 bits 32 bits 64 bits 128 bits
Methods I → T T → I I → T T → I I → T T → I I → T T → I

LSSH 0.5812 0.5917 0.5811 0.5929 0.5805 0.5926 0.5800 0.5918
SMFH 0.5688 0.5586 0.5917 0.5727 0.5953 0.5841 0.5961 0.5828
FSH 0.6061 0.5979 0.6149 0.6114 0.6194 0.6186 0.6242 0.6251

UGACH 0.613 0.603 0.623 0.614 0.628 0.640 0.631 0.641
SGACH-TPS 0.4692 0.4486 0.456 0.4404 0.4498 0.4338 0.4429 0.4303

Table 4.8: Mean Average Precision (MAP) Comparison over Two Retrieval Tasks
on NUS-WIDE Dataset

• This model again proves that supervised models outperform the unsupervised
models and highlights the importance of preserving semantic information.

• The MAP values for Text-to-Image retrieval are lower than the past works.
However, we can see that the performance of both Image-to-Text and Text-
to-Image are comparable, which indicated balanced learning of the features of
both modalities in the common space.

• The MAP values of the model when only pairwise information is used [SGACH-
TPS (PI)], is better than when pairwise and category both information is
used. The reason for this can be that the pairwise information is the natural
information that is present in the data. However, category information can be
vague sometimes. When the model is trained on only pairwise information, the
model uses the natural correlation between samples to get a better retrieval
for queries. But such results are data-dependent and should not be expected
with every kind of data.

Results on NUS-WIDE

The MAP values on NUS-WIDE dataset for SGACH-TPS are reported in Table 4.8.
The analysis of the results is as follows:

• Performance of SGACH-TPS on NUS-WIDE dataset is lower than the state-
of-the-art results. The reason for this is the difference in the type of dataset.
Earlier, both the datasets we used, WikiVenue and UCSD, contained paired
samples of different modalities with a single category label associated with
each sample. However, with NUS-WIDE, this is not true. It contains paired
samples with multiple categories (few of the total 81 categories) associated
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with each paired sample. This can be the reason for the model not learning
the data distribution correctly.

• With the increase in the hash code length, the model’s performance fluctuates.
This shows that the model is not properly learning, and the performance is
mere coincidence. This again supports the above claim that the model is not
capable of performing on the dataset containing multiple labels with a single
sample.

4.4 Summary

All the results on WikiVenue, Wiki, and NUS-WIDE datasets using the SGACH-
TPS model are discussed in this chapter. For venue discovery task, results on
WikiVenue dataset are presented. There are no existing results on this dataset,
so we present results on existing state-of-the-art method for cross-modal retrieval
for venue discovery task. Our model performs better than the state-of-the-art for
this task. For generalizing our work, we also present results on Wiki and NUS-
WIDE datasets. Our model outperformed all the existing state-of-the-art methods
for general cross-modal retrieval for Image-to-Text retrieval. Detailed analysis of
the results is also presented in this chapter.
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Chapter 5

Conclusion and Future Work

In this thesis, we have proposed a supervised method for generating hash codes
for cross-modal retrieval for venue discovery task, named SGACH-TPS. We use an
adversarial model to learn hash functions for the bimodal data. Based on GAN
[14], the model has two modules, the generative model and discriminative model.
The discriminative model can be independently used as a hash function after the
training of the model. We also proposed a novel way of training the GAN model to
preserve pairwise information from the dataset by transferring the information from
the pre-training to the fine-tuning stage.

For the retrieval task, the hash codes generated using the learned hash functions
can be compared in the Hamming space, and a ranked list can be created corre-
sponding to a query. We compared our model with state-of-the-art methods and
outperformed them.

We presented several experiments and results to evaluate our model. Most of the
findings related to the venue discovery task seem promising for building an applica-
tion. Our model also performs well on unseen real-world images. However, for the
generalized task of cross-modal retrieval, our model is yet to improve. The essential
drawback of the model is the inability to learn the data distribution when there
are multiple labels associated with each sample of the dataset. Also, Text-to-Image
retrieval still lacks behind the state-of-the-art methods for the generalized task.

This work has been accepted in 2019 IEEE Fifth International Conference on
Multimedia Big Data (BigMM) [42]. In the future, we wish to overcome all existing
drawbacks in our work. Experiments with other sampling strategies for triplet loss
function and improvement in generative model architecture can be explored. Exact
venue search with and without location information is also an open area of research
left to explore. We also hope to experiment with quantization techniques to generate
better hash codes.
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