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ABSTRACT

EMPOWERING MULTIMODAL MULTIMEDIA INFORMATION
RETRIEVAL THROUGH SEMANTIC DEEP LEARNING

SATTARI, SAEID
Ph.D., Department of Computer Engineering

Supervisor: Prof. Dr. Halit Oğuztüzün

Co-Supervisor: Prof. Dr. Adnan Yazıcı

March 2024, 86 pages

Multimedia data encompasses various modalities, including audio, visual, and text,

necessitating the development of robust retrieval methods capable of harnessing these

modalities to extract and retrieve semantic information from multimedia sources.

This study presents a highly scalable and versatile end-to-end multimodal multimedia

information retrieval framework. The core strength of this system lies in its capacity

to learn semantic contexts within individual modalities and across different modali-

ties, achieved through the utilization of deep neural models. These models are trained

using combinations of queries and relevant shots obtained from query logs. One of

the distinguishing features of this framework is its ability to create shot templates

representing videos that have not been encountered previously. To enhance retrieval

performance, the system employs clustering techniques to retrieve shots similar to

these templates. An improved variant of fuzzy clustering with a modified loss func-

tion is applied to address the inherent uncertainty in multimodal concepts. Our ap-

proach goes beyond simple cluster-based ranking by incorporating Siamese networks

for improved re-ranking, thereby enhancing retrieval precision. Additionally, a fu-
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sion method incorporating an OWA operator is introduced. This method employs

various measures to aggregate ranked lists produced by multiple retrieval systems.

The proposed approach leverages parallel processing and transfer learning to extract

features from three distinct modalities, ensuring the adaptability and scalability of the

framework. To assess its effectiveness, the system is rigorously evaluated through

experiments conducted on six widely recognized multimodal datasets. Remarkably,

our approach outperforms previous studies in the literature on five of these datasets.

The experimental findings, substantiated by statistical tests, conclusively establish the

effectiveness of the proposed approach in the field of multimodal multimedia infor-

mation retrieval.

Keywords: Multimodal multimedia retrieval, Deep semantic learning, Adaptive fuzzy

clustering, Information fusion, Siamese ranking, Ranked lists aggregation
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ÖZ

SEMANTİK DERİN ÖĞRENME YOLUYLA MULTİMODAL
MULTİMEDYA BİLGİ ERİŞİMİNİ GÜÇLENDİRME

SATTARI, SAEID
Doktora, Bilgisayar Mühendisliği Bölümü

Tez Yöneticisi: Prof. Dr. Halit Oğuztüzün

Ortak Tez Yöneticisi: Prof. Dr. Adnan Yazıcı

Mart 2024 , 86 sayfa

Multimedya verileri, ses, görsel ve metin de dahil olmak üzere çeşitli yöntemleri kap-

sar ve bu yöntemler, multimedya kaynaklarından anlamsal bilgileri çıkarmak ve al-

mak için bu yöntemlerden yararlanabilecek sağlam erişim yöntemlerinin geliştirilme-

sini gerektirir. Bu çalışma, oldukça ölçeklenebilir ve çok yönlü, uçtan uca çok modlu

bir multimedya bilgi erişim çerçevesi sunmaktadır. Bu sistemin temel gücü, derin sinir

modellerinin kullanımıyla elde edilen, bireysel yöntemler içindeki ve farklı yöntem-

ler arasındaki anlamsal bağlamları öğrenme kapasitesinde yatmaktadır. Bu modeller,

sorgu kombinasyonları ve sorgu günlüklerinden elde edilen ilgili çekimler kullanıla-

rak eğitilir. Bu çerçevenin ayırt edici özelliklerinden biri, daha önce karşılaşılmamış

videoları temsil eden çekim şablonları oluşturabilmesidir. Geri alma performansını ar-

tırmak amacıyla sistem, bu şablonlara benzer çekimleri almak için kümeleme teknik-

leri kullanır. Çok modlu konseptlerdeki doğal belirsizliği gidermek için değiştirilmiş

kayıp fonksiyonuyla bulanık kümelemenin geliştirilmiş bir çeşidi uygulanır. Yaklaşı-

mımız, gelişmiş yeniden sıralama için Siyam ağlarını dahil ederek basit küme tabanlı
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sıralamanın ötesine geçiyor ve böylece erişim hassasiyetini artırıyor. Ayrıca OWA

operatörünü içeren bir füzyon yöntemi tanıtılmıştır. Bu yöntem, birden fazla erişim

sistemi tarafından üretilen sıralanmış listeleri bir araya getirmek için çeşitli önlem-

ler kullanır. Önerilen yaklaşım, çerçevenin uyarlanabilirliğini ve ölçeklenebilirliğini

sağlayarak üç farklı yöntemden özellikler çıkarmak için paralel işleme ve aktarım öğ-

reniminden yararlanır. Etkinliğini değerlendirmek için sistem, yaygın olarak tanınan

altı çok modlu veri kümesi üzerinde gerçekleştirilen deneyler aracılığıyla titizlikle

değerlendirilir. Dikkat çekici bir şekilde, yaklaşımımız literatürde bu veri kümeleri-

nin beşi üzerinde yapılan önceki çalışmalardan daha iyi performans göstermektedir.

İstatistiksel testlerle desteklenen deneysel bulgular, önerilen yaklaşımın çok modlu

multimedya bilgi erişimi alanında etkinliğini kesin olarak ortaya koymaktadır.

Anahtar Kelimeler: Çok modlu multimedya erişimi, Derin semantik öğrenme, Uyar-

lanabilir bulanık kümeleme, Bilgi birleştirme, Siamese listeleme, Sıralı listeler birleş-

tirme
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CHAPTER 1

INTRODUCTION

1.1 Motivation and Problem Definition

Nowadays, storing and sharing a considerable amount of multimedia data has been

boosted rapidly due to the advances in multimedia capturing devices. Consequently,

there is a high demand for multimedia information retrieval systems that utilize mul-

timedia content representation to search and retrieve relevant multimedia data. Gen-

erally, each multimedia data comprises three primary modalities: video, audio, and

text. Incorporating complementary information from various modalities can enhance

the accuracy of retrieved multimedia data. However, effectively utilizing multimodal-

ity for multimedia data retrieval is a prominent area of ongoing research [1]. Given

that each modality can comprehend the semantics associated with other modalities,

they can mutually complement each other in the search for multimedia content. Fur-

thermore, leveraging the contextual relationships between modalities is crucial [2], as

each modality can compensate for the weaknesses of the others.

When semantic concepts are annotated automatically for each modality, various con-

cepts may overlap and correlate between modalities. Contextual relationships be-

tween semantic concepts are strongly dependent on the vocabulary used. However,

in practical scenarios, data is not always complete with labels and full multimodal

information, making applying these techniques challenging. An automatic semantic

annotation may contain wrong labels and errors. These errors can appear in all modal-

ities, but for most concepts, such as ‘car,‘ it is less likely that all three modalities will

not detect it. Therefore, indirect information can be inferred using a combination of

concepts from other modalities. Various studies have been proposed in multimedia
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information retrieval, but most focus on single or dual modalities.

Lately, neural network techniques have often been used in information retrieval [3].

Deep learning approaches are powerful since they facilitate revealing complex cor-

relations and associations from multimedia data [4]. Therefore, they have been used

to label and retrieve multimedia data using high-level semantic concepts. The study

in [5] presents various aspects of deep learning in multimedia information retrieval.

Most existing studies focus on automatic labeling, extracting semantic content, and

classifying multimedia data using convolutional neural networks (CNN) [6, 7].

Traditional approaches exhibit efficacy in information retrieval (IR) yet encounter

challenges when matching the query with multimodal multimedia data. The semantic

match between the query and the multimedia data is necessary to help the user effec-

tively obtain relevant information and diminish the semantic gap. To our knowledge,

although there are several notable studies on the application of deep neural networks

(DNN) to multimedia data [6, 7, 8], there are no studies on multimedia information

retrieval using visual, audio, and text modalities and creating associations between

queries and video shots for efficient retrieval of multimodal queries. When multiple

retrieval engines operate in an IR system, they prepare separate lists of relevant doc-

uments for a submitted query. According to various studies, combining these lists

improves overall accuracy [9]. When there are multiple retrieval systems or search

engines, each has a weight that indicates its importance and effectiveness. Therefore,

incorporating the degree of significance as a reasonable weight can improve the accu-

racy of the final ranked list. Although various rank-based and score-based studies and

solutions [10] to aggregate multiple ranked lists were proposed, most do not address

the significance of numerous retrieval engines.

In information retrieval systems, the assumption that highly related documents are

associated with the same queries proves to be one of the most effective techniques.

However, matching each document with every query is inefficient, as such an ap-

proach would consume unnecessary time. Instead, considering cluster-based retrieval

as an effective retrieval system is more practical when relevant documents exhibit

more remarkable similarity to non-relevant ones. Various methods have been pro-

posed to reduce the number of document-query comparisons. However, recent stud-

2



ies have not given adequate attention to cluster-based retrieval in the context of mul-

timodal multimedia retrieval research. Additionally, conventional clustering algo-

rithms struggle to handle the challenges posed by multimedia data, where the nature

and semantic context are often ambiguous and uncertain from the user’s perspective.

Ranking in multimedia retrieval is a fundamental part of information retrieval sys-

tems [11] that offers several notable benefits that enhance the retrieval experience

and the overall utility of multimedia retrieval systems [12]. Machine learning models

have played a key role in shaping the ranking landscape in multimedia retrieval [13].

Approaches containing deep learning, neural networks, and Siamese networks have

emerged as challenging tools for modeling the complex relationships between multi-

media items and user queries. These models can capture both semantic and perceptual

content, allowing for a more detailed understanding of content relevance.

1.2 Proposed Methods and Models

Given the problems above, challenges, and the latest achievements in multimedia in-

formation retrieval, this thesis proposes a system that leverages deep neural network

models to learn contextual semantics within each modality and among the different

modalities in multimedia data. After extracting semantic content from three modali-

ties, deep learning techniques are applied to represent them as deep word embedding

vectors. After that, two deep generative networks are introduced to create a query-

level model (template) by fusing diverse semantic contexts from the three modalities.

Subsequently, we use the generated template to retrieve multimedia data (videos)

similar to a submitted query from fuzzy clustered spaces. We also propose a method

based on the Ordered Weighted Averaging (OWA) [14] operator to fuse ranked lists

from various retrieval engines. Within our information fusion approach, we consider

multiple elements such as document ranking, relevance scores, and the importance

weights assigned to various retrieval systems. Additionally, we leverage Siamese

networks that improve retrieval performance by re-ranking the results.
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1.3 The Research Objectives

The research objective of this thesis is to develop and present a comprehensive ap-

proach for multimodal multimedia information retrieval, an essential aspect of search-

ing and querying multimedia data. The focus is on leveraging deep learning models

and historical logs to create Shot Templates for previously unseen videos, enabling

the extraction of contextual semantics across different media data modalities. The

study also addresses challenges such as noisy labels and missing modalities. The

primary aim is to enhance retrieval performance by using clustering techniques to

identify similar shots that match patterns and employing fuzzy clustering to handle

multimodal concept uncertainty. Another goal is introducing a fusion method based

on an ordered weighted average (OWA) operator, effectively combining ranked lists

from multiple retrieval engines. The approach utilizes parallel processing and transfer

learning to extract features from three modalities to ensure scalability and adaptabil-

ity to new multimedia datasets. The effectiveness and effectiveness of this approach

are validated through experiments on six popular multimodal datasets, demonstrat-

ing its proficiency in ranking retrieval results for complex queries. The thesis’s re-

search objective is further supported by conducting statistical tests, which provide

additional evidence of the approach’s effectiveness in multimodal multimedia infor-

mation retrieval. Ultimately, the goal is to contribute to advancing effective and ac-

curate retrieval techniques for diverse multimedia data, facilitating better access and

understanding of complex information for users.

1.4 Theoretical and Practical Implications of the Thesis

Our research has significant theoretical implications in the domain of multimodal

multimedia information retrieval. By developing deep neural network models, we

have advanced the understanding of how contextual semantics can be learned within

and among different modalities in multimedia data. This contributes to the broader

field of deep learning and provides insights into how neural networks can effectively

handle multimodal information. Furthermore, integrating fuzzy clustering and novel

deep learning models in our proposed system has improved multimedia information
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retrieval effectiveness and overall performance. This has theoretical implications for

developing more accurate and sophisticated retrieval techniques to handle uncertain-

ties in multimodal concepts and noisy data.

On the practical side, our research offers several valuable contributions to multime-

dia information retrieval. The proposed scalable and flexible multimedia feature ex-

traction and multimodal information retrieval system presents a suitable solution for

effectively handling large-scale multimedia datasets. By leveraging parallel process-

ing and adapting the Apache Spark engine, our approach addresses the challenges of

dealing with vast amounts of multimedia data, making it practical for real-world ap-

plications. Additionally, introducing the Ordered Weighted Averaging (OWA)-based

fusion approach has practical implications for enhancing retrieval accuracy. This ap-

proach considers multiple factors from various retrieval systems, leading to more

precise and relevant retrieval results for users. Overall, our research’s practical im-

plications lead to more effective and accurate retrieval of relevant multimedia data

across different modalities. This will significantly benefit users by facilitating eas-

ier access and analysis of multimedia content, ultimately improving the usability and

effectiveness of multimedia retrieval applications.

1.5 Contributions and Novelties

The contributions of this study can be specified as follows:

• Our study introduces an innovative end-to-end method for extracting multime-

dia features specifically designed to meet the scalability requirements of mul-

timodal information retrieval. This method’s distinctive feature is the use of

parallel processing through the Apache Spark engine, significantly boosting

the effectiveness in processing large datasets.

• We present a unique approach to learning contextual semantics. Utilizing query

logs and deep learning models, we have developed a concept called "template

shot," which integrates ideas from multiple modalities. This method effectively

discerns contextual and semantic links both within and across different modal-

ities, greatly facilitating the search for contextual connections.
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• In our study, we have integrated various clustering techniques with custom-

designed similarity functions into our system architecture, improving its effec-

tiveness. A notable aspect of this integration is our advanced fuzzy clustering

technique, which effectively addresses the uncertainty inherent in video data,

thereby enhancing the performance of multimedia information retrieval.

• We enhance the retrieval accuracy by developing a ranking technique alongside

evidence that employing a Siamese network equipped with Triplet loss substan-

tially improves precision.

• The study introduces a novel fusion method that employs the Ordered Weighted

Average (OWA) operator. This method distinctively merges document rank-

ings, relevance scores, and performance evaluations from various retrieval sys-

tems, thereby improving the precision and accuracy of retrieval.

• Our study makes a notable contribution by rigorously evaluating the effective-

ness of our approach across six renowned multimodal datasets. Impressively,

our method outperforms existing studies in this domain on five datasets, demon-

strating performance improvements ranging from 1.5% to 10.1% over the best

results previously reported in those respective studies.

1.6 The Outline of the Thesis

The rest of the thesis is organized as follows. Chapter 2 explains previous studies re-

lated to our research. Chapter 3 describes preliminary materials and notations. Chap-

ter 4 illustrates our proposed approach in detail. Chapter 5 offers the experimental

results, the dataset used in our experiments, and the evaluation of the performance

results. Finally, we conclude our study and point out some potential future paths in

Chapter 6.
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CHAPTER 2

LITERATURE REVIEW

Multimodal multimedia information retrieval is an extensive research area [15, 16, 17,

18, 19]. The rapid progress in deep multimodal learning has recently opened new av-

enues for enhancing multimedia information retrieval [20]. The remarkable potential

of deep multimodal learning has been demonstrated in improving the performance of

retrieval systems by enhancing their ability to comprehend and process diverse types

of data and modalities encountered in the retrieval process [4, 21, 22]. A scalable deep

multimodal learning (SDML) retrieval method is introduced in [23], which defines a

common subspace where the difference between classes is maximized, and the sim-

ilarity within classes is minimized. Their proposed method is effective and efficient

in multimodal learning and outperforms existing methods. Recently, cross-modal fu-

sion has been extensively investigated and applied in various domains [24, 25, 26, 27],

yielding highly promising outcomes.

The multimodal semantic autoencoder for cross-modal retrieval (MMSAE) presented

in [28] introduces a two-phase learning technique for transforming multimodal data

into low-dimensional embeddings in a way that maintains feature and semantic de-

tails. The usefulness of the proposed study is illustrated through experiments on

benchmark datasets. In a similar survey [29], the multimodal semantic analysis prob-

lem is addressed by leveraging a regularized semantic autoencoder. Another initiative

in this direction focuses on exploring image-text embedding techniques to enhance

the effectiveness of multimodal retrieval [30]. This study [31] focuses on multimodal

data analytics, specifically cross-data research. The research aims to outline an Intel-

ligent Cross-Data Analysis and Retrieval.

An intelligent multimodal multimedia information is presented in [32], which an-
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notates and indexes the semantic content of videos using visual, auditory, and tex-

tual modalities. The approach in [33] addresses the multimodal retrieval problem

by exploiting semantic relevancy within each modality (intra-modal) and among the

modalities (inter-modal). This work adopts a famous Canonical Correlation Analysis

(CCA) method [34], maximizing the multimodal correlation to learn a shared space.

They use the correlation between terms and modalities to establish connections be-

tween the different modalities by analyzing co-occurrence information.

Some kernel methods, such as Kernel CCA (KCCA), are proposed to cultivate non-

linear models in [35]. Another study in [36] discusses Multi-View CCA (MCCA),

which learns non-linear relations between two multidimensional random variables

(modalities) by leveraging the kernel trick. In the context of multi-view data rep-

resentation, Distance-Based Kernel Canonical Correlation Analysis is presented in

[37]. The high-level idea of this study is to non-linearly map diverse datasets into

a joint subspace, emphasizing the importance of non-linear complementary informa-

tion between views within the common subspace. Finally, this study [38] proposed

an approach that learns a joint space by maximizing the inter-class differences and

minimizing intra-class changes.

Recent works have widely used DNN to migrate multimodal data into a joint space

[39, 40]. Deep Canonical Correlation Analysis (DCCA) suggested in [41] learns non-

linear conversions so that the final data demonstrations have strong relationships. This

study [42] proposed a scalable multi-label CCA (sml-CCA), a system to concurrently

combine the correlation between semantics and the correlation between features for

retrieving data from multimodal sources. Researchers in this study [43] proposed a

multimodal coordinated network (MCCN), which is composed of two parts: a Mul-

timodal Coordinated Embedding (MCE) and a Multimodal Contrastive Clustering

(MCC) part for retrieving from extensive cross-modal data.

Cross-modal generative adversarial networks (CM-GANs) [39] is presented to tackle

modeling data from distinct modalities in a shared distribution environment. Deep

Multimodal Transfer Learning (DMTL) [44] introduced a method to map learning

from labeled sources to enhance the results for new and unlabeled categories. They

create multiple neural networks specialized in different modalities to develop a joint
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semantic space across them. This study [45] proposed an approach using the multi-

modal adversarial network (MAN) technique that migrates multimodal data to a joint

space where a uniform metric can calculate similarities between modalities. This

involves utilizing several generators for specific modalities, a discriminator, and a

multimodal discriminant analysis loss. Following related studies in the literature, to

our knowledge, the latent relationships of more than two modalities with noisy labels

and missing modalities have not been sufficiently investigated.

Clustering has been utilized successfully in IR domain tasks [46, 47]. An effort in this

direction is a thorough review, variants analysis, and advantages of clustering algo-

rithms in big data application [48]. Another study we adopt in this work is understand-

ing the competency between distance-based and density-based clustering approaches

in multimedia information retrieval [49]. The survey in [50] proposes a Locality Sen-

sitive Clustering (LSC) approach for efficient clustering and retrieval of multimedia

data in high-dimensional space. Their experimental results show that their method

is faster than K-means in the bag of words samples. In [51], researchers present a

fuzzy cluster-based model that groups associated synonyms into separate clusters,

which assists in extracting the semantic meaning of a query. Their results illustrate

the effectiveness of the model. The study in [52] proposes a retrieval system that

employs feature extraction, clustering, and machine learning methods. They demon-

strate through the use of fuzzy C-means that the retrieval performance is both fast and

reliable. In [53], authors present a video summarization and retrieval system using

K-means clustering and employing high and low-level features [48]. A particular in-

stance of this idea includes clustering incomplete multi-view data, which is addressed

in [54]. In contrast to many existing methods that primarily use the Euclidean dis-

tance metric for clustering, our approach adopts the Cosine similarity measure. This

choice is particularly effective for high-level multimedia information retrieval, offer-

ing enhanced similarity assessment in computational efficiency, an essential factor

for handling high-dimensional spaces like those in our application. Additionally, we

incorporate a fuzzy clustering algorithm to address the often-overlooked uncertainties

in multimedia data found in these studies. Our method offers a more flexible and re-

fined solution, adeptly tackling the prevalent challenges of uncertainty in large-scale

information retrieval scenarios.
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The order in which the results are significantly presented in IR systems impacts the

user experience. Traditional ranking algorithms, such as TF-IDF and BM25, have

been widely used. However, learning a ranking function [55] has emerged as a pow-

erful paradigm for improving the quality of ranked results. Our observations reveal a

general trend in the literature where re-ranking methods are frequently employed to

enhance search effectiveness. Consequently, re-ranking has become a critical post-

processing procedure within information retrieval [56, 57, 58]. Typically, there are

three different categories of ranking approaches: Pointwise approaches [59], pairwise

approaches [60], and Listwise approaches [61]. Accordingly, there are popular meth-

ods [62] employed in IR, such as RankNet, LambdaMART, RankSVM, RankBoost,

and ListNet. Deep learning approaches have had a profound impact on the field of

ranking in various applications, especially in tasks where the goal is to determine the

order or relevance of items [63, 64, 65]. These approaches can handle multimodal

data and learn joint representations, which can be valuable for ranking tasks involv-

ing diverse content types, such as multimedia retrieval. As discussed earlier, Siamese

networks are a type of deep learning architecture commonly used for ranking tasks.

They learn embeddings emphasizing similarity or dissimilarity between items, mak-

ing them well-suited for information retrieval. Ranking with Siamese networks is an

effective approach for tasks where the goal is to order items based on their similarity

or relevance [66]. They are designed to learn embeddings that encode the intrinsic

relationships between pairs of items, ensuring that similar items are placed closer in

the embedding space while dissimilar ones are pushed farther apart [67, 68].
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CHAPTER 3

PRELIMINARIES

Some materials and notions are needed to follow up on the main ideas in this research

easily. We describe these notions in this section.

3.1 Shot Boundary Detection

Identifying shot boundaries or transitions is a crucial aspect of video content analysis.

Shot boundary detection refers to the process of automatically locating the transitions

between shots in a digital video, which allows for the temporal segmentation of the

video. This process breaks a video down into primary time units known as shots. A

shot comprises consecutive frames recorded by a single camera, representing a co-

herent and uninterrupted activity in both temporal and spatial domains. This step is

crucial for automated indexing and content-based video retrieval applications, facili-

tating access to extensive video archives. There have been numerous studies on shot

boundary detection, and our research utilizes the TransNet V2 neural network model

[69], which achieves state-of-the-art results on established benchmarks.

3.2 Keyframe Extraction

Selecting salient frames from a video shot is known as keyframe extraction. In this

process, a frame that differs from each other and encodes the highest possible infor-

mation out of all the similar and consecutive frames in a group is denoted. These

keyframes give an overview of the video shot content. Key-frames provide more flex-

ibility in video content analysis and adopt them without fully processing all frames in
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a video shot. Various studies have been proposed to extract candidate frames. In our

study, we utilize Katana [70], which automates the task of video keyframe extraction.

3.3 Transfer Learning

EfficientNet [71] is a convolutional neural network (CNN) used to extract image em-

bedding vectors and image classification. Various versions of the EfficientNet model,

such as EfficientNetB7, the latest version, reached the highest performance. Effi-

cientNet models outperform previous models on many datasets while using fewer

resources. We adopt the EfficientNet model to extract features by excluding the

final dense layer from the model. As a result, the resulting model creates a 512-

dimensional feature vector for an input image size of 224x224.

YAMNet [72] is a pre-trained Convolutional Neural Network that processes an audio

waveform to predict 521 different audio events. It can also generate 1024-D feature

embeddings for transfer learning. These embeddings can then be fed into another

shallow network to predict new audio events, allowing for the rapid development

of specialized audio classifiers. The model works by dividing the audio signal into

frames and processing them in batches. It takes in a waveform as single-channel

16 kHz samples, frames it into windows of 0.96 seconds with a 0.48-second hop,

and produces embeddings from these frames. The scores generated can be used to

identify audio events by aggregating the per-class scores across the frames.

3.4 Word Embedding

Distributed representation, or distributed encoding, represents data using features or

attributes where each feature contributes to the overall representation. In distributed

representation, data is not stored in isolated, independent features but rather in the

collective patterns and relationships among these features. In a distributed represen-

tation, different aspects or attributes of the data are interrelated and contribute jointly

to the representation, allowing for more efficient and flexible information processing.

This can be particularly useful in neural network-based learning tasks, where the re-
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lationships between data elements are complex and interconnected. One of the most

famous examples of distributed representation is the word embeddings created using

techniques like Word2Vec [73] and ELMo [74]. In these embeddings, each word is

represented as a vector in a high-dimensional space, and the relationships between

words are captured by the distances and directions between these vectors, enabling

models to understand semantic and contextual relationships between words.

Word2Vec is built on representing words as dense, continuous vectors in a high-

dimensional space. This contrasts traditional methods that use sparse one-hot en-

coding to represent words. Word2Vec exploits the distributional hypothesis, which

asserts that words with similar meanings often appear in similar contexts. It relies on

the local co-occurrence patterns of words in a large corpus of text to learn their vec-

tor representations. The two main architectures of Word2Vec are Continuous Bag of

Words (CBOW) and Skip-gram. CBOW aims to predict a target word given its sur-

rounding context words, while Skip-gram does the opposite, predicting the context

words based on a target word. Both architectures leverage neural networks, specifi-

cally shallow feedforward neural networks, for training. The training process involves

iteratively adjusting the word vectors using stochastic gradient descent to minimize

the negative log-likelihood of the model. Word2Vec uses a negative sampling tech-

nique to sample non-context words, making the training process computationally ef-

ficient and scalable to large datasets. Unlike traditional autoencoders that learn by

reconstructing the input, Word2Vec trains the words based on their relationships to

other words within the input lexicon. The resulting word embeddings produced by

Word2Vec possess exciting properties. Words with similar meanings are clustered in

the vector space, allowing for semantic relationships to be accurately captured. Given

sample data and context, Word2Vec can effectively predict a word’s meaning based

on its past usage

ELMo (Embeddings from Language Models) is a groundbreaking deep contextual-

ized word representation technique. Unlike traditional word embeddings that rely

on fixed, static representations, ELMo generates dynamic, context-dependent em-

beddings by leveraging the power of language models. It is based on a deep bidi-

rectional language model pre-trained on a large corpus of unlabeled text data. This

pre-training process enables ELMo to capture complex patterns and contextual infor-
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mation. ELMo’s unique feature lies in its ability to generate word embeddings sen-

sitive to the context in which the words appear. It considers the surrounding words

and captures their impact on the target word’s meaning. This contextual adaptability

makes ELMo highly effective for various tasks. The architecture of ELMo comprises

multiple layers of bi-directional Long Short-Term Memory (LSTM) networks, which

work in tandem to capture both forward and backward context information. These

LSTM layers create a rich representation of words by encoding the local and global

contextual relationships. It is usually used as a pre-trained layer, and fine-tuning is

performed on the task-specific dataset. The final output is a set of contextualized word

embeddings, providing deep insights into the underlying semantics of the concepts.

ELMo’s exceptional performance on various benchmark datasets and its ability to

capture complex semantic concepts have made it an excellent choice for researchers.

Its contextual embeddings have significantly improved the accuracy and robustness

across various applications. In this study, we employ these two techniques to trans-

form one-hot vectors into real-valued vectors, which are subsequently used as inputs

for neural networks.

3.5 Cluster-Based Retrieval

In a collection of documents, those that are related tend to be relevant to the same

query. To utilize these relationships, one method is to group the documents into clus-

ters. This way, documents in the same cluster have similar relevance to query results.

In information retrieval, clustering can improve efficiency and cost-effectiveness in

retrieving information or identifying document connections. The core idea behind

this approach is that clusters offer a more comprehensive representation of document

content, allowing for faster retrieval by comparing the higher-level patterns repre-

sented by the clusters rather than making exhaustive comparisons on individual doc-

ument vectors. In this study, we employ K-means [75] and DBSCAN [76] for hard

clustering.

Traditional clustering algorithms struggle to handle the complexities of real-world

data, which can be ambiguous and uncertain. For example, the content of a video

shot may belong to multiple categories. Fuzzy clustering solves these challenges
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as it can effectively deal with uncertainty. The fuzzy clustering approach creates

clusters with flexible boundaries, allowing an object to belong to multiple clusters

with varying membership levels. The degree of membership reflects the strength

of an object’s association with a specific cluster. There are several fuzzy clustering

techniques. Because of its inherently ambiguous nature, fuzzy clustering is more

appropriate for handling multimedia data than conventional clustering methods. Our

study utilizes Fuzzy C-means (FCM) [77] and Alternative Adaptive Fuzzy C-Means

(AAFCM) [78] methods for soft clustering.

3.6 Fuzzy C-Means

Clustering analysis seeks to group different objects into distinct classes, to place the

most similar objects into the same class. Fuzzy C-Means (FCM) is a soft clustering

technique that allows individual data points to belong to two or more clusters. It

operates by minimizing this objective function:

Jm =
n∑

i=1

c∑
j=1

um
ij d

2(xi, cj) where 1 ⩽ m <∞ (3.1)

Where m is the weighting exponent, a real number greater than one, that defines the

fuzziness level, uij is the membership degree of xi to jth cluster. Subsequently, xi

presents the ith d dimensional data point, cj denotes the d dimensional center (mean

vector) of the cluster, c is clusters counts, and d represents any metric that calculates

the similarity between a data point and the center of a cluster (centroid). The sug-

gested values of m are 1.5 to 2.5, and 2.0 is the favored selection. The optimization

of the objective function through an iterative process results in fuzzy partitioning,

which involves updating both the membership matrix uij and the cluster centers cj .

uij = 1
/ c∑

k=1

[
d2(xi, cj)

d2(xi, ck)

] 2
m−1

and cj =

∑N
i=1 u

m
ij xi∑N

i=1 u
m
ij

(3.2)

Depending on the application domain, different objective functions can be used. In

multimedia retrieval, the similarity measure for two multimedia shots (documents)

represented as vectors is mainly related to the Cosine similarity used in the high

dimensional positive space. After trying two objective functions, we observe that the

Cosine similarity objective function outperforms the least square error. Therefore, we
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use the Cosine similarity objective function instead of the least square error objective

function. So, the objective function becomes:

Jm =
n∑

i=1

c∑
j=1

um
ij (1− cos(xi, cj))

2 where 1 ⩽ m <∞ (3.3)

The algorithm, which is based on a finite set of data points, returns a list of c centroids

represented by C and a membership matrix denoted by U , as shown below.

• C = cj where j = 1, . . . , c

• U = uij where i = 1, . . . , n & j = 1, . . . , c

where uij is a real value in the range of [0,1], which represents the membership level

of the data point xi to the cluster j with cj as a centroid vector.

3.7 Alternative Adaptive Fuzzy C-Means

Alternative Adaptive Fuzzy C-Means (AAFCM) [78] is a traditional FCM clustering

algorithm variant. It involves adapting the membership function and updating the

cluster centers iteratively to improve the effectiveness of the clustering process. It

uses an alternative distance vector presented in Equation 3.4. This variant aims to

handle data with inherent uncertainty and overlapping membership more effectively

by adjusting the membership degrees of data points across multiple clusters. This

approach is robust to noise and outliers, and clusters of unequal sizes. Besides, an

adaptive clustering procedure enables the classification of subsequent data without

reprocessing the entire dataset. It helps address the challenges posed by noisy data or

situations where data points exhibit varying degrees of similarity to different clusters.

The algorithm is formalized as follows.

dA(x, y) = 1− exp(−βd2(x, y)) (3.4)

where d2(x − y) is square Euclidean distance and β is a positive constant defined in

Equation 3.5.

β =

[
n∑

i=1

d2(xi, x̄)
/
n

]−1

where x̄ =

∑n
i=1 xi

n
(3.5)
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It has demonstrated that AAFCM minimizes the following objective function with

similar parameters outlined in Equation 3.6.

Jm =
n∑

i=1

c∑
j=1

um
ij [1− e−βd2(xi,cj)] where 1 ⩽ m <∞ (3.6)

3.8 Ranked Lists Aggregating

When multiple retrieval systems (engines) perform searches within the same data

repository, they return different ranked lists of documents. Typically, a data fusion al-

gorithm merges two or more ranked lists into a unified list, thereby improving overall

effectiveness compared to utilizing individual systems for data fusion [79, 80].

The performance of retrieval systems varies since there are multiple factors like query

complexity, relevance, and context. These factors collectively determine the perfor-

mance of retrieval systems and require careful consideration. As a result, we address

this issue by learning the weight of each retrieval system that signifies its importance

and effectiveness. Leveraging this significance via learning proper weights yields an

improved aggregated ranked list. Likewise, a fusion of the ranked lists refers to sce-

narios where a query is submitted to multiple retrieval systems having access to the

same document collection. The output lists from various systems are merged into

a single list during fusion. One of the main advantages of employing fusion on the

ranked list is that the fused list is often more relevant compared to individual retrieval

systems [81]. Methods for fusing multiple retrieval results are categorized into differ-

ent approaches. The following techniques are some of the well-established techniques

utilized in our study. Typically, these approaches are applied without incorporating

the significance weights of individual retrieval systems as parameters.

1. Score-based

– CombMIN: Minimum relevance score

– CombMAX: Maximum relevance score

– CombSUM: Aggregation of relevance scores

– CombMNZ: CombSUM × number of non-zero scores
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– CombANZ: CombSUM / number of non-zero scores

2. Rank-based

– Borda Count

– Condorcet

The first three methods in the score-based approach use basic operators to find rank

scores. CombMNZ [82] represents the combined similarity for the overlapped doc-

uments, multiplied by the number of the appearance of results with a non-zero sim-

ilarity score. CombANZ is like the previous method but uses division instead of

multiplication.

CombMNZ(d) =| {∀i | d ∈ Ranki} | ×
∑
i

si(d) (3.7)

Borda Count [83] denotes a voting method based on candidates’ positions in the rank-

based approach. It assigns a weight based on the positions at which a candidate

appears within the ranked lists of voters. The document receives a weight linked to

its inverse position in the ranked list. Condorcet [83] is a voting algorithm based

on the majoritarian approach that selects the best candidate in an election. It uses

a pairwise comparison of two results r(s1) > r(s2), then for each pair (s1, s2), it

compares the number of times s1 beats s2. Finally, the best candidate is identified

through pairwise comparison.

3.9 OWA Operator

The Ordered Weighted Averaging (OWA) of degree d is a non-linear aggregation op-

erator with this mapping: [0, 1]d → [0, 1] and a weight vector W = [w1, w2, w3, . . . , wd]

such that
∑d

j=1 wj = 1 and wj ∈ [0, 1]. This operator is defined as follows.

OWA(a1, a2, . . . , ad) =
d∑

j=1

wjbj where bj is jth largest ai (3.8)

where A = [a1, a2, . . . , ad] is the argument vector to be aggregated. In our study,

the weights used for aggregation are produced by a learning mechanism. A compre-

hensive framework to fuse results based on OWA is presented in [84]. To consider
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retrieval systems’ weights, we interpret the meta-search task as a Multi-Expert De-

cision Making (MEDM) problem and solve this task using the OWA operator. From

the decision-making standpoint, each retrieval system is considered an expert.

3.10 Siamese Network

The Siamese network [85] is a neural network architecture designed for tasks in-

volving similarity or distance measurements between inputs. They are often used for

image similarity, verification, and ranking tasks. Siamese networks consist of two or

more identical subnetworks that share weights and are used to process pairs of inputs.

These networks are commonly used in applications that aim to determine whether

two inputs are similar or dissimilar. Siamese networks are used for pairwise rank-

ing tasks, where we have a set of items and want to decide on their relative order of

preference or relevance. Siamese networks can learn to map items into an embedding

space where their representations reflect their characteristics.

A Siamese network comprises two parallel branches (subnetworks) that share weights.

Each branch processes one of the input items. The network learns to produce embed-

dings for each input so that similar inputs have embeddings closer in the embedding

space, while dissimilar inputs are farther apart. During training, the network is fed

pairs of inputs along with their labels indicating whether they are similar or dissim-

ilar. The loss function is designed to minimize the distance between embeddings of

similar pairs and maximize the distance between embeddings of dissimilar pairs. The

learned embeddings can be used to calculate distances or similarities between items.

Items with smaller distances in the embedding space are considered more similar, and

those with larger distances are considered less similar.

The mathematical definition of a Siamese network involves the following compo-

nents:

1. Input: The Siamese network takes pairs of input items, such as images or text

representations, as input. Let x1 and x2 denote the input items.

2. Subnetworks: The network architecture includes two identical subnetworks
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(often implemented as convolutional neural networks (CNNs) for image data

or recurrent neural networks (RNNs) for sequential data), which process each

input item independently. Let f(x1) and f(x2) represent the outputs (embed-

dings) of the two subnetworks for the input items x1 and x2, respectively.

3. Feature Extraction Layers: Each subnetwork typically consists of multiple

layers for feature extraction. For image data, these layers may include convo-

lutional layers and pooling layers for spatial abstraction. For sequential data

like text, recurrent layers or attention mechanisms may be used for capturing

sequential dependencies.

4. Embeddings: The output of each subnetwork is an embedding vector repre-

senting the input item in a high-dimensional feature space. These embeddings

are learned during the training process and capture the important characteristics

of the input data.

5. Similarity Metric: After obtaining the embeddings f(x1) and f(x2), a simi-

larity metric is applied to measure the similarity between the two embeddings.

Standard similarity metrics include Euclidean distance, cosine similarity, or

other distance functions.

6. Loss Function: The Siamese network is trained using a loss function that

compares the similarity between the embeddings of pairs of input items with

their ground truth labels (indicating whether the items are similar or dissimi-

lar). Contrastive or triplet loss are commonly used loss functions for training

Siamese networks.

7. Training Strategy: During training, pairs of input items, along with their la-

bels, are fed into the network. The network parameters (weights) are updated

using backpropagation and gradient descent to minimize the loss function, ef-

fectively learning to generate embeddings that place similar items closer to-

gether in the embedding space while pushing dissimilar items farther apart.

In Siamese networks, the choice of loss function plays an essential role in training the

network to learn embeddings that effectively measure similarity or dissimilarity be-

tween pairs of inputs. The goal is to minimize the loss when processing similar pairs
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of inputs and maximize it for dissimilar pairs. Contrastive loss and triplet loss are

particularly common due to their effectiveness in learning embeddings representing

similar relationships. In this study, we utilized both of these loss functions.

3.10.1 Contrastive Loss

Contrastive loss is a function commonly used in Siamese networks, a type of neural

network architecture designed for tasks related to similarity learning. It encourages

similar pairs of items to be closer to each other in the embedding space while pushing

dissimilar pairs farther apart. In the context of Siamese networks, contrastive loss

is typically used to train the network by comparing pairs of inputs and adjusting the

model’s parameters to minimize the loss. The loss function penalizes the model when

the distance between embeddings of similar items is large and encourages the distance

between embeddings of dissimilar items to exceed a certain margin. Mathematically,

the contrastive loss function can be defined as follows:

L(a, b, y) = (1− y)
1

2
distance(a, b)2 + y

1

2
max(0,margin− distance(a, b))2 (3.9)

In this formula:

• a and b are the embeddings of the two input items.

• y is the label indicating whether the pair is similar (y = 1) or dissimilar (y = 0).

• distance(a, b) represents the distance metric (e.g., Euclidean distance or cosine

similarity) between the embeddings a and b.

• margin is a hyperparameter that specifies the desired minimum separation be-

tween similar and dissimilar pairs.

The contrastive loss function consists of two terms:

1. The first term penalizes the model when the distance between embeddings of

similar items (y = 1) is large.

2. The second term penalizes the model when the distance between embeddings

of dissimilar items (y = 0) is small, but only if this distance falls below the
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margin. This term contributes zero to the loss if the distance exceeds the mar-

gin.

By minimizing this contrastive loss, the model learns to map similar items closer to-

gether in the embedding space while pushing dissimilar items farther apart, effectively

learning to discriminate between them.

3.10.2 Triplet Loss

Triplet loss is a loss function used in machine learning for tasks related to similar-

ity learning, often in the context of tasks like image retrieval, face recognition, or

recommendation systems. The goal of triplet loss is to learn embeddings (vector rep-

resentations) of items so that similar items are closer to each other in the embedding

space while dissimilar items are farther apart. In triplet loss, training data is organized

into triplets, each consisting of an anchor item, a positive item, and a negative item.

The anchor item is a reference point, the positive item is similar to the anchor, and the

negative item is dissimilar. The loss function encourages the network to reduce the

distance between the anchor and positive items while increasing the distance between

the anchor and negative items by a specified margin.

Formally, let a, p, and n denote the embeddings of the anchor, positive, and negative

items, respectively. Triplet loss is computed for each triplet as follows:

Triplet Loss = max(0, distance(a, p)− distance(a, n) + margin) (3.10)

where:

• a represents the embedding of the anchor item.

• b represents the embedding of the positive item (similar to the anchor).

• n represents the embedding of the negative item (dissimilar to the anchor).

• distance(a, b) represents the distance metric (e.g., Euclidean distance or cosine

similarity) between the embeddings a and b.
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• margin is a hyperparameter that specifies the minimum desired difference be-

tween the distances of positive and negative pairs. It prevents the network from

pushing similar items too close together or dissimilar items too far apart.

The loss function penalizes the model if the distance between the anchor and the

positive item is less than the distance between the anchor and the negative item by an

amount less than the margin. Otherwise, if the difference exceeds the margin, the loss

is zero. This encourages the embeddings to be closer for similar items and farther

apart for dissimilar items, with a desired separation specified by the margin. By

optimizing the network with triplet loss, it learns to map similar items closer together

and dissimilar items farther apart in the embedding space, thus improving its ability

to capture similarities and differences between items.
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CHAPTER 4

METHODOLOGY

We propose a scalable and flexible end-to-end architecture designed for multimodal

and multimedia information retrieval. The proposed architecture comprises four pri-

mary modules: video processing, semantic content annotation, template vector gen-

eration, and a multimodal and multimedia information retrieval system with ranking

method and fusion technique. The overall architecture is illustrated in Fig. 4.1. We

Figure 4.1: The overall architectural design of the proposed approach.

also implement five algorithms associated with these components. Algorithm 1 and

Algorithm 2 demonstrate the working logic of template vector generation. Algorithm

3 explains how similar vectors (shots) are retrieved from the clustered space. Algo-

rithm 4 and Algorithm 5 are linked to the fusion component. In Algorithm 4, we

illustrate the process of calculating importance scores for multiple retrieval systems,

and Algorithm 5 presents the OWA-based fusion strategy.
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4.1 Video Processing

In this module, the processing of each multimedia data involves four key steps. Ini-

tially, each multimedia file’s video, audio, and text parts are separated and subse-

quently transcoded and stored in distinct files. Identifying shot boundaries or tran-

sitions is a crucial aspect of video content analysis. This procedure aims to auto-

matically locate the transitions between shots in a digital video, which allows for the

temporal segmentation of the video. This process breaks a video down into primary

time units known as shots. A shot comprises consecutive frames recorded by a sin-

gle camera, representing a coherent and uninterrupted activity in both temporal and

spatial domains. This step is crucial for content-based video retrieval applications,

facilitating access to large video archives. Numerous studies are focusing on shot

boundary detection. The proposed study utilizes the TransNet-V2 neural network

model [69], which achieves state-of-the-art results on established benchmarks.

Keyframe extraction is selecting individual or sets of frames that effectively represent

a shot. This process aims to retain the most salient features of the shot while filtering

out redundant frames. During this process, frames that capture the maximum infor-

mation from among all the similar and consecutive frames are identified and labeled.

These keyframes give an overview of the video shot content. Keyframes provide more

flexibility in video content analysis since they facilitate learning the visual concepts

without fully processing all frames in the shot. Various studies are proposed to ex-

tract candidate keyframes. In our study, we utilize Katana [70], which automatically

discovers which frames are concise representations of the shot. The audio is split into

segments in the final steps aligned with a shot’s start and stop time.

4.2 Semantic Content Annotation

In the current architecture, the semantic content extraction module automatically an-

notates the semantic concepts of multimedia data using three distinct modalities. Ef-

ficientNet [71] is a convolutional neural network used to extract image embedding

vectors and image classification. Various versions of the EfficientNet model, such

as EfficientNetB7, the latest version, reached the highest performance. EfficientNet
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models outperform previous models on many datasets while using fewer resources.

We adopt and fine-tune the EfficientNet model to extract features from keyframes by

excluding the final dense layer in the model. Therefore, the model creates a 512-

dimensional feature vector for an input image size of 224x224. By employing a Soft-

max layer, we labeled all keyframes with multiple classes followed by their scores.

YAMNet [72] is a pre-trained Convolutional Neural Network that processes an audio

waveform to predict 521 different audio events. It can also generate 1024-D feature

embeddings for transfer learning. These embeddings can then be fed into another

shallow network to predict new audio events, allowing for the rapid development

of specialized audio classifiers. The model works by dividing the audio signal into

frames and processing them in batches. It takes in a waveform as single-channel

16 kHz samples, frames it into windows of 0.96 seconds with a 0.48-second hop, and

produces embeddings from these frames. The scores generated can be used to identify

audio events by aggregating the per-class scores across the shot. In the proposed

study, the acoustic classifications that aligned with the shot’s length are evaluated as

audio concepts.

Within the proposed system, subtitles, tags, and textual content associated with a

video represent the textual modality. Furthermore, the textual semantic extraction

module incorporates a method for identifying named entities such as individuals, lo-

cations, and organizations within the video’s tags and subtitles. This study employs

a rule-based hybrid named entity recognizer that learns from annotated data [32].

Consequently, the extracted named entities, tags, and specific keywords are consid-

ered part of the textual modality. The concepts identified by the semantic context

extraction module are encoded as one-hot vectors representing a multimedia shot, as

depicted in Fig. 4.2.

4.3 Distributed Representation

In various studies [33, 34], one-hot modeling is adapted to present visual, audio, and

textual modalities as a vector. Each index in this vector is a decimal in the [0,1] range,

indicating the weight of that particular concept. The one-hot vector representation is
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Figure 4.2: Automatic semantic content detection.

human-readable but sparse and inefficient for neural networks. Since we use DNNs

to train our model, we should convert one-hot representation into enhanced numerical

vectors. In this study, two different embedding models are leveraged to transform one-

hot vectors into real-valued vectors, subsequently used as inputs for neural networks.

Word2Vec [73] is an unsupervised model. The basic idea behind word2vec is to use

neural networks to learn a high-dimensional representation of words based on their

context, i.e., the words that appear near them in a corpus of text. These embeddings

can be used as input to other models, such as text classification, information retrieval,

and machine learning. With sufficient data and context, word2vec can accurately infer

a word’s meaning based on its past usage.

ELMo (Embedding from Language Model) is a deep contextualized word representa-

tion technique that has achieved state-of-the-art word embedding performance [74].

It represents each word in a given text as a high-dimensional vector incorporating

information from the surrounding context, allowing for a more nuanced and com-

prehensive understanding of its meaning. In addition, The model can represent the

unknown or out-of-vocabulary words into vectors as the ELMo is character-based.

ELMo embeddings are computed from a deep bidirectional language model trained

on a large corpus of text data. These embeddings have been shown to perform well

in various tasks, such as information retrieval, named entity recognition, and text
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classification.

This study uses word2vec and ELMo methods as a global word embedding model

trained across all modalities. The study adopts these methods for generating word

embeddings from one-hot vectors. We introduce two approaches for transforming

one-hot vectors into the word embedding in the proposed framework by employing

these methods. In the first approach, distinct word embedding models are trained

for each modality, resulting in vectors that locally represent concepts within a spe-

cific modality. This approach, denoted "Intra-modal", enables the model to capture

contextual relationships between concepts within the same modality.

Conversely, the second approach involves training a global word embedding model

that simultaneously leverages information from all modalities. Referred to as "Inter-

modal," this model exploits the correlations between modalities for conceptual associ-

ation. By considering the contextual relations among various concepts from different

modalities, this approach aims to benefit from the shared context influencing every

concept across modalities. Consequently, it effectively captures semantic relations

among concepts from diverse modalities. Following the training of word embedding

models, each concept is represented by a d-dimensional vector, with the parameter d

determining the dimensionality of the vectors. This parameter can be defined heuristi-

cally using best practices or fine-tuned through cross-validation, ensuring an optimal

representation of concepts in the vector space. We depict both approaches explained

above in Fig. 4.3.

Figure 4.3: Word embedding learning.

29



After learning the word embedding (we) presentation, we display modalities with

visualwe(v) = [. . .]1×p, audiowe(a) = [. . .]1×q and textwe(t) = [. . .]1×r notations. To

present a shot, word-embedded vectors of concepts are averaged over the number of

concepts as:

SV
we =

m∑
k=i

visual_we(tk)
/
m (4.1a)

SA
we =

n∑
k=i

audio_we(tk)
/
n (4.1b)

ST
we =

o∑
k=i

text_we(tk)
/
o (4.1c)

where tk denotes the terms (concepts) contained in the shot. Accordingly, m, n, and

o are the number of concepts with scores greater than zero in each modality. Further-

more, the final shot vector is obtained by merging the word embedding representation

of modalities as:

Swe = [SV
we, S

A
we, S

T
we](1×(p+q+r)) (4.2)

So, if we present a sample shot with a one-hot vector as:

Shot = [0, 0, 1, 0, 1, 1, 1, 0, 1, 0, . . . , 1, 0] =⇒ S = (SV , SA, ST ) (4.3)

and considering the number of vocabularies in our dataset, visual modality is repre-

sented in the word embedding models with:

SV = [0, 0, 1, . . . , 0] 1×i =⇒ SV
we =

m′∑
k=i

visualwe(tk)
/
m′ (4.4)

In the same way, we convert queries to numerical vectors according to the terms

(concepts) in the query. If a one-hot vector represents a query:

(QV , QA, QT ) =⇒ Q = [0, 1, 1, 0, 1, 0, 1, 0, 1, 0, . . . , 1, 1]1×(i+j+k) (4.5)

Then, for a sample query, each modality is described by the following equations so

that m′, n′, and o′ represent the number of query terms in each modality.

QV = [0, 0, 1, . . . , 0]1×i =⇒ QV
we =

m′∑
k=i

visualwe(tk)
/
m′ (4.6a)

QA = [0, 0, 1, . . . , 0]1×j =⇒ QA
we =

n′∑
k=i

audiowe(tk)
/
n′ (4.6b)

QT = [0, 0, 1, . . . , 0]1×k =⇒ QT
we =

o′∑
k=i

textwe(tk)
/
o′ (4.6c)
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and the final query vector representation is as follows:

Qwe = [QV
we, Q

A
we, Q

T
we]1×(p+q+r) (4.7)

In the global word embedding model, we leverage all modalities together and at the

same time. In this case, every query and every shot are transformed directly into

numerical vectors without being separated into specific modalities:

QG
we =

x∑
k=0

Global_we(tk)
/
n (4.8)

where tk denotes the query terms (keywords) within the query, and n is the total

number of these terms. In this case, we aim to benefit from the contextual relations

among various concepts from different modalities. We employ this approach since the

context of all modalities affects every concept. As a result, semantic relations among

concepts from various modalities are captured. In the latter case, every query and

every shot are transformed directly into numerical vectors without being separated

into specific modalities.

4.4 Template Vector Generation

Deep Neural Networks can uncover complex correlations and associations within in-

put data. We use historical log data in the training dataset to output the queries and

their corresponding shots (Q,S)training to define a model that generates any potential

shot for a given query. Consequently, we use these data to train a deep neural network.

All queries and shots inside the training dataset are transformed into word-embedded

forms using learned models. In the network training step, an input for DNN is a query,

and the output layer is a shot related to the query. There are multiple shots as a result

of each query in the training set. Therefore, all of these shots should be fed into DNN

sequentially. A DNN is trained using combinations of all queries and shots. We aim

to learn a template vector (T ) by utilizing different combinations of queries and logs

of their result sets from the training dataset. Fig. 4.4 presents how we train models.

We train a deep neural network that generates a representative template for a hypo-

thetical shot according to the given query. In addition to the query/shots pairs in the
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Figure 4.4: Models training steps.

training set, different query and result pairs are prepared for training the network ac-

cording to the following procedures. There are queries that a shot can be a candidate

result for each shot. One candidate is the query that contains all the concepts of the

shot based on the ground truth (the representation of the query is the same as the rep-

resentation of the shot). This specific shot is also expected to be a candidate result

for any subset of this query. Consider an arbitrary shot S1 from the ground truth data

with the following concepts:

S1=(football_player, football_ball, greenery, applause, crowd, Juventus, Italy, league)

If we compose sample queries with any combination of these concepts:

q1=(football_player, football_ball, greenery, applause, crowd, Juventus, Italy, Euro

league)

q2=(football_player, greenery, crowd, Juventus)

q3=(greenery, crowd, Juventus, Euro league)

q4=(Juventus, league)

When these queries are submitted to a retrieval system, it is expected that S1 to be in

the list of result sets. We compose a set of queries for each shot in the ground truth

by randomly selecting different concepts from that shot. For each shot in the training

data, combinations of 1, 5, 10, and 15 concepts are randomly chosen to generate

1-term, 5-term, 10-term, and 15-term queries. This process is repeated five times

to prepare more data for training. Then, we prepare a training dataset with query

and shot pairs used to train a deep neural network model. Generating more training
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examples improves the model performance by providing more extensive data and

preventing overfitting.

Each query is segmented into three parts to provide inputs for the DNN, comprising

concepts of a single modality. Similarly, the same segmentation is applied to the shot

to divide each into three parts. For each part, an associated word-embedding model

is used to convert the concepts into real value vectors by averaging vectors’ concepts

over the number of concepts. After creating a vector for each part, these vectors are

concatenated side-by-side to create a single query vector and a single shot vector.

Now, these vectors are used to train the deep network model. The query vectors

are fed into the input layer, and the shot vectors are considered outputs to train the

network.

The DNN model in this study is similar to a variational autoencoder. However, in-

stead of training against the same output through reconstruction, it trains query vec-

tors against matching documents (shots) by minimizing the Cosine loss function [86].

We tried the Least Square Error (LSE) and Cosine loss and observed that the Co-

sine loss outperformed the LSE loss function. Therefore, we use Cosine loss. This

model attempts to find the matching document for a given query based on the contexts

learned with enough data, usage, and contexts. The network architecture we use in

this research is elaborated on in the experimental section.

In the test stage, queries and shots in the test set are similarly represented as vectors

using the learned word embedding models. A hypothetical vector (template) is gen-

erated in the output for any test query as an input. This vector represents a possible

result when the test query is fed into the trained deep neural network. Suppose we

create such a vector model; if this vector depicts the semantic meaning of terms in

the query and the correlation between the terms, we can use this model to discover

similar vectors in the space of the shots. To achieve this, we can retrieve the most

similar shots by utilizing the Cosine similarities between the model vector and shot

vectors.

After we trained the network, we tested the networks as follows. For any test query,

we convert it to a word embedding model and then generate an output vector for

that. We refer to the output vector as a shot template. This template is a vector
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representation of a potential shot resulting from the submitted test query. Suppose

we represent all shots in the word embedding space. In that case, we search for

vectors more similar to the template vector (according to the Cosine similarity) while

retrieving the results.

For both approaches in word embedding models, separate networks are trained (A

and B). The sole variation in their design lies in the size of each layer’s neurons and

the input configuration. A general overview of the testing steps is shown in Fig. 4.5.

Figure 4.5: Overall testing steps.

To retrieve results for the following sample query:

Q = (QV , QA, QT ) =⇒ Q = [0, 0, 1, 0, 1, 1, 1, 0, 1, 0, . . . , 1, 0]1×(i+j+k) (4.9)

According to Equation 4.6, vectors are calculated according to the learned models.

The result is the following vector which is used as an input to the neural network that

generates the template.

Qwe = [QV
we, Q

A
we, Q

T
we]1×(p+q+r) (4.10)

Then, the generated template is used to retrieve results from the vector space (video

shot space). Two different clustering methods are used while retrieving results from

video shot space. In the next section, more details about these clustering approaches

are given. Algorithms 1 and 2 present two retrieval systems (A and B) depicted in

Fig. 4.5. In Algorithm 1, the retrieval system A is presented. In this algorithm,

modalities are presented in separate word embedding models. Correspondingly, the

retrieval system B is shown in Algorithm 2, where the modalities are combined and

presented in the global (G) word embedding model.
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Algorithm 1 Retrieval system A using multiple embedding models

Input: Q = (QV , QA, QT ) ▷ Input query

output: lA ▷ Ranked result

1: Initialize:

templateA ← 0 ▷ templateA: Template vector from

retrieval system A

lA ← ϕ
2: for i = 1 to m do

3: for ti ∈ QV do ▷ ti: Query terms

4: QV
we ←

∑m
i=1 visualwe(ti)

/
m ▷ QV

we: Visual modality word

embedding

5: end for

6: end for

7: for j = 1 to n do

8: for tj ∈ QA do

9: QA
we ←

∑n
j=1 audiowe(tj)

/
n ▷ QA

we: Audio modality word

embedding

10: end for

11: end for

12: for k = 1 to o do

13: for tk ∈ QT do

14: QT
we ←

∑o
k=1 visualwe(tk)

/
o ▷ QT

we: Visual modality word

embedding

15: end for

16: end for

17: Qwe ← [QV
we, Q

A
we, Q

T
we]

18: templateA ← DNNA(Qwe) ▷ DNNA Deep neural network

19: lA ← RA(templateA) ▷RA: See cluster-based retrieval in Algorithm 3

20: return lA
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Algorithm 2 Retrieval system B using a global embedding model

Input: Q = (QV , QA, QT ) ▷ Input query

output: lB ▷ Ranked result

1: Initialize:

templateB ← 0 ▷ templateB: Template vector from retrieval

system B

lB ← ϕ
2: for i = 1 to n do

3: for ti ∈ Q do ▷ ti: Query terms

4: QG
we ←

∑n
i=1 globalwe(ti)

/
n ▷ QG

we: Global word embedding

5: end for

6: end for

7: templateB ← DNNB(QG
we) ▷ DNNB Deep neural network

8: lB ← RB(templateB) ▷RB: See cluster-based retrieval in Algorithm 3

9: return lB

4.5 Cluster-Based Retrieval

There are various advantages to using clusters in multimedia data retrieval. Based

on the clustering approach of the whole multimedia collection, clustering can utilize

the cluster hypothesis to improve search results. When a query matches a docu-

ment (video shot), we return similar shots in the cluster containing the matched one.

Typically, two types of clusters are used in cluster-based retrieval. Each document

(i.e., a video shot) belongs to a single cluster (i.e., a video collection) in hard clus-

tering approaches. Alternatively, a document can belong to multiple clusters (video

collections) in soft clustering approaches. We demonstrated that the soft clustering

approach is more suitable for multimedia content retrieval applications. This idea is

beneficial if search terms have different senses within various modalities. If we clus-

ter videos so that similar videos appear together, inspecting a few consistent groups

is often simpler than many individual videos. Within smaller clusters, we can fully

compute similarities and rank videos in a standard way. Finding the nearest cluster is

much faster since fewer clusters exist than videos.

In the K-means approach, we use Cosine similarity as an objective function instead of
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the Euclidean distance in the cluster-based retrieval. Spherical K-means is this algo-

rithm’s name, a prevalent clustering technique for high-dimensional text data. After

clustering documents’ space to n clusters (appropriate n is found using cluster valida-

tion), a vector, which is the output of the DNN, is compared to the clusters’ centroid,

and the vector is assigned to a cluster. Then, in this cluster, the top 20 vectors similar

to the current vector are fetched (using Cosine similarity) and ranked according to the

similarity degrees. This process is applied to the two retrieval systems presented in

Fig. 4.1. Finally, two ranked lists are fused, and the top 10 results are used in the eval-

uation. In this work, the number of clusters (n), determined by the cluster validation,

is 15 when using a global word2vec and 13 for multiple word2vec models.

Traditional clustering methods face obstacles when handling natural data that is fre-

quently ambiguous and uncertain. For instance, the content of a video shot can be

associated with different domains. Fuzzy clustering methods can manage such situ-

ations more effectively than conventional clustering algorithms. In both approaches,

we compare the template vector, which is the output of the DNN model, with all cen-

troids in C according to the Cosine similarity, then appoint the template vector to the

nearest cluster. Within the cluster, the template vector is compared with all elements

members of the cluster by employing Cosine similarity. Then the most similar data

point is selected. Next, this data point is associated with three clusters according to

the maximum membership degree. Then, the top 20 vectors are selected from each

cluster according to its membership degree. In each cluster, results are ranked by

membership degree, and finally, the top 20 are chosen from the list. Like the first

approach (using K-means), the results of two retrieval systems are fed into the fusion

module to get a final ranked list as an output of a query.

Algorithm 3 outlines the overall process, which includes the steps for retrieving a

similar vector from clustered instances. In this study, we set the number of clusters

cj using a validation approach. Based on the results presented in Chapter 5, cluster-

based retrieval significantly improves the overall performance of multimedia retrieval.
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Algorithm 3R: Getting similar vectors from the clustered space
Input: T : Template vector, C: Clusters Centroids list, U : Fuzzy membership

matrix

output: lc ▷ Ranked result

1: Initialize:

lc ← ϕ

ltmp ← ϕ

C l[]← 0

k ← 10 ▷ k: Top k result
2: for j = 1 to m do

3: for cj ∈ C do ▷ cj: The centroid of a cluster

4: cr ← xi where, Cosine(cj, T ) is maximum

5: end for

6: end for

7: for i = 1 to n do

8: for xi ∈ cj do

9: xr ← xi where, Cosine(xi, T ) is maximum ▷ xr: Any member of a

cluster

10: end for

11: end for

12: C l[]← cj according to top-3 s where sj ∈ urj(j = 1, . . . , c) ▷ uij: Any element

of the matrix U

13: for cj ∈ C l do

14: ltmp ← ltmp ∪ top-20(xm) where, Cosine(cj, xm) is maximum

15: end for

16: lc ← {sort(ltmp) then, fetch top-k(xm) result}

17: return lc
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4.6 Ranked Lists Fusion

Previous fusion approaches described in Section 3 only considered ranking or rele-

vance scores of documents while fusing ranked lists retrieved from distinct retrieval

systems (engines). In this study, we proposed a novel method that treats fusion as a

meta-search problem aimed at aggregating ranked lists from diverse retrieval (search)

systems. In the proposed (OWA)-based fusion method, we consider multiple pa-

rameters, including document ranking, relevance scores, and the importance weights

assigned to multiple retrieval systems. Each pathway denoted as A and B in Fig. 4.1

is considered as an independent retrieval system.

Given a set of separate ranked lists of video shots provided by each DNN, we first

consider the performance scores of each video shot with respect to a retrieval system.

Performance scores can be computed based on relevance scores computed as Cosine

similarity by each retrieval system or the rank of each video shot in the ranked lists.

The performance score of the video shots evaluated by each retrieval system is de-

fined based on the ranks of the retrieved videos in the lists and their corresponding

relevance scores. Since the relevance scores calculated by different retrieval systems

are generally incomparable, we first apply the following normalization scores [87] on

each list.

wl(i) =
sl(i)−min(j∈l) s

l(j)

max(j∈l) sl(j)−min(j∈l) sl(j)
(4.11)

Suppose sl(i) denotes a real-valued relevance score assigned to video shot i in the

ranked list l, then wl(i) indicates the normalized weight of video shot i in ranked list

l and is calculated with Equation 4.11. In this study, we generate weights through

a learning mechanism. We can deduce W with respect to the weight of normalized

importance of the multimedia data retrieval systems. Algorithm 4 shows how the

weights of retrieval systems are computed. Fagin et al. [88] proposed several tech-

niques to compare two top-k ranked lists. Kendall’s tau is a well-known method used

for comparing two lists. This technique imposes a cost, denoted as S(i, j) = 1, for

each pair (i, j) of distinct items where i ranked before j in one combination, and j is

ranked before i in the other combination.

Since the ranked lists obtained from retrieval engines are not a permutation of all
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video shots, some videos may not be listed in the top-k results associated with some

retrieval engines. This study uses a modified version of Kendall’s tau proposed in

[89]. This variant of Kendall’s tau is appropriate when we are interested in comparing

the top-k in one list to the top-k in another so that each pair i, j of different items are

not necessarily present in the top-k results of one or both lists. The score of one (1) is

attained when the top-k items of both lists are identical and in the same order, while

the score of zero (0) is obtained when the top-k items of the two ranked lists have no

common elements.

We use queries and the ordered list of the results provided by the ground truth for

training data. To find a weight of importance for a retrieval system, we compare the

ordered list obtained from each retrieval system with the ranked list provided by the

ground truth data. We compute the average Kendall’s tau score for each retrieval

engine for all training data in the ground truth (query/video shot pairs). For a finite

number of retrieval systems (d), we obtain the normalized weight wi for the retrieval

system i with:

wi =
τ i∑d
k=1 τ

k
(4.12)

where τ i denotes the averaged Kendall’s tau score of the ith retrieval system and∑d
i=1wi = 1.

To exploit both the rank rm(j) and relevance score sm(j) of the video shot j, which

is obtained from the retrieval system m, we define a local score for each video shot

with respect to the retrieval system m in the top-k ranked result. We denote this score

with Hm
j and calculate it as:

Hm
j =


sm(j)
rm(j)

, if j ⩽ k.

0, if j > k.
(4.13)

The score assigned to a video shot decreases locally as its ranking moves down in the

list. To determine a global score for a video shot j with respect to all retrieval systems

(m), we define an OWA operator G for video shot j within m retrieval systems as

follows:

G(dj) =
d∑

m=1

wmH
m
j (4.14)
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Algorithm 4 Normalized weight calculation
Input: M : Retrieval systems, GT : Training data

output: W =[w1, w2, . . . , wm] ▷ W : Weight vector of retrieval systems

1: Initialize:

W ← 0

τtmp[]← 0
2: for i = 1 to m do

3: for mi ∈M do ▷ cj: The centroid of a cluster

4: for j = 1 to n do

5: for (qj, lj) ∈ GT do ▷ qj: A query from GT , lj: List of the relevant

results for qj

6: l′i,j ← retrivemi(qj) ▷ retrivemi(qj): See Algorithms 1 & 2

7: τtmp[j]← τ(l′i,j, lj) ▷ l′i,j: List of the results returned by ith

retrieval system

8: end for ▷ τ(l1, l2): Similarity of two ordered list using Kendall’s tau

9: end for

10: τ i ← 1
n

∑n
j=1 τtmp[j] ▷ τ i: Average Kendall’s tau Similarity

11: wi ← τ i
/∑m

k=1 τ
k ▷ wi: Weight of ith retrieval system

12: W ← W ∪ wi

13: τtmp[]← 0

14: end for

15: end for

16: return W
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The operator G is applied to all retrieval systems’ top-k video shots to get the final

ranking. Then the videos are arranged according to the global scores in descending

order. Algorithm 5 outlines the steps to get the final ranked results. Table 4.1 shows

an example run for fusing two ranked lists where each list contains ten video shots.

Each d is input for Algorithm 5 in this table. After computing the global scores for

each video shot, the list displayed in Table 4.2 presents the final ranked results.

Algorithm 5 Calculating the final ranked list (lfinal) using OWA fusion

Input: L = [l1, l2, . . . , lm]: Ranked lists, W : Importance score of retrieval sys-

tems

output: lfinal ▷ lfinal: Final ranked list

1: Initialize:

H ← 0

k ← 10 ▷ k: Top k result
2: for i = 1 to m do

3: for dj ∈ li do ▷ d: Document (video shot) in the list

4: wli(dj) ▷ wli: Relevance score normalization

5: if ri(dj) ⩽ k then

6: H i
j ←

si(j)
ri(j)

▷ s: Relevance score of d, r: Rank of d

7: else

8: H i
j ← 0 ▷ H: local score of dj in li

9: end if

10: end for

11: end for

12: for dj ∈ li do

13: G(dj)←
∑m

u=1 wuH
u
j ▷ G(dj): Global score of d

14: end for

15: lfinal ← sort(dj) according to G(dj)

16: return lfinal
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4.7 Ranking With Siamese Network

Ranking in multimedia information retrieval is an essential technique to enhance the

effectiveness and precision of search results in multimedia content. The initial rank-

ing produced by search algorithms may not always meet the user’s needs, often re-

quiring further refinement, and this is where re-ranking steps in. Re-ranking involves

accurately re-evaluating and revising the order of retrieved multimedia items to align

them with the query better. One of the primary objectives of re-ranking is to elevate

the most relevant multimedia content to the top of the search results. This involves

considering various factors, such as content similarity and contextual relevance. Ma-

chine learning models, like Siamese networks, can assess the similarity between mul-

timedia items, ensuring they are closely aligned with the query.

Siamese networks are well-suited for ranking applications because they explicitly

learn to measure similarity or dissimilarity between pairs of data points. These net-

works are versatile tools that can be adapted to various tasks where learning the sim-

ilarity or dissimilarity between data pairs is crucial. Their ability to learn meaningful

embeddings makes them valuable in tasks that require understanding the relationships

between data points, like ranking. The choice of the loss function in Siamese net-

works depends on the specific application and the problem at hand. Contrastive loss

and triplet loss are particularly common choices due to their effectiveness in learning

embeddings that represent similarity. As a result, we employed these loss functions

to re-rank the results.

Figure 4.6: The overall architectural design of the proposed approach with the

Siamese re-ranking layer.
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This study ranks the results according to the sorted list returned by clustered space.

In addition to this approach, we aim to leverage a supplementary ranking algorithm to

re-rank the results through a learning mechanism. In this setup, first, we replace the

clustered retrieval approach with a trained Siamese network. Secondly, we use both

clustering-based and Siamese ranking methods. Therefore, the results pass through

two ranking algorithms, and the final sorted list is fed to the fusion algorithm as

depicted in Fig. 4.6. We employ queries and relevant items (positive samples) from

the ground truth dataset to train the Siamese network. To prepare irrelevant items

(negative samples), we select random items from the remaining non-relevant list. We

choose a similar number of positive and negative samples for each query to provide

balanced data. The query itself is used as an anchor in the training steps. Since

Contrastive loss and Triplet loss outperform in ranking tasks, we leverage them in the

Siamese network.
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CHAPTER 5

EXPERIMENTS

In this section, we demonstrate the effectiveness of the proposed system for retriev-

ing multimodal multimedia data. First, we introduce datasets and define performance

metrics. Next, we describe the parameter selection methods and the network archi-

tecture. After that, we present the experimental results for different configurations

using our approach. After that, we demonstrate the proposed system’s effectiveness

using some statistical tests. Ultimately, we evaluate our approach by comparing it

with state-of-the-art studies.

5.1 Datasets

To verify the proposed method’s effectiveness, we use three data sets: the NTV News

Archive dataset [33] [90], a subset of the Flickr YFCC100m dataset [91], and the

complete version of Flickr, which we referred to as YFCC100m*. Furthermore,

we conduct experiments on six widely-used benchmark multimodal datasets: NUS-

WIDE [92], XMediaNet [93], Flickr (YFCC100m) [91], Pascal [94], Wikipedia [95],

and MS COCO [96]. Each dataset is randomly separated into three parts: 80% of

the data is used for training, 10% for validation, and 10% for testing. We summarize

some specifications of the smallest and largest datasets in Table 5.1.

5.2 Implementation

In this study, we use Deeplearning4j, TensorFlow, HDFS, and Spark engine. All

training and testing are carried out in a big data cluster. Source codes are written in
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Table 5.1: Datasets specifications.

Specifications NTV-News YFCC100m YFCC100m*

Number of videos 1500 7750 470479

Length (hour) 6 103 6081

Number of visual concepts 49 94 1261

Number of audial concepts 17 28 369

Number of textual concepts 100 151 1414

Total number of concepts 166 273 3034

Java and Python.

5.3 Evaluation Metrics

To assess the results, we employ two metrics. The Mean Average Precision (mAP) is

a commonly used metric for evaluating the relevancy quality in a ranked list. Preci-

sion@k or P@k computes the relevant percent (%) in the top-k results for a given rank

position. This computation ignores the video shots ranked lower than k and max-k.

To calculate this metric:

1. Consider the rank position of each relevant video shots d1, d2, . . . , dr

2. Compute P@k for each d1, d2, . . . , dr

3. Average Precision (AP) is the average of P@k

4. Take the average of AP across multiple queries as follows.

mAP =
1

q

q∑
j=1

1

nj

nj∑
i=1

P (di) (5.1)

Where nj is the number of relevant video shots for query j, q specifies the number of

queries, and P (di) represents the precision at the ith relevant video shot.

The second metric we employ to evaluate the quality of rankings is Normalized Dis-

counted Cumulative Gain (NDCG). This metric is mainly used in information re-
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trieval problems, such as measuring the effectiveness of the search engine by ranking

the documents it displays according to their relevance to search keywords. To cal-

culate this metric, we need to compute some intermediate values. Cumulative Gain

(CG) is a middle value that does not include the result’s position (rank) in the effec-

tiveness of a result list. We calculate GC by summing up the relevance values of

video shots in the result set.

GC =
n∑

pos=1

relevancepos (5.2)

Since GC does not reward relevant results that appear higher in the ranked list, we

must discount results that appear in low ranks using Discounted Cumulative Gain

(DCG). A common method for doing this is:

DCG =
n∑

pos=1

relevancepos
ln(pos+ 1)

(5.3)

The final stage is normalized for different queries to scale the results based on the

best (ideal DCG or iDCG).

NDCGpos =
DCGpos

iDCG
(5.4)

5.4 Network Architecture and Parameter Selection

The generative deep neural network architectures proposed in this study consist of 3

hidden layers. The number of units in the output layer is selected to match the out-

put of the word embedding models. We use ReLU as an activation function and the

Cosine loss function as an objective function to minimize the dot product between

the output vectors (document) and the ground truth vector (query). We start with

0.01 as a learning rate and use the Adaptive Moment Estimation (Adam) optimizer

for weight updates and L2 regularization. Additionally, we leverage dropout to re-

duce overfitting. We use model accuracy and loss to get appropriate epoch numbers

12 for NTV-News and 68 for the YFCCM100M dataset. We deduce these values

according to the observations presented in Fig. 5.1. Table 5.2 presents a comprehen-

sive overview of the layers and parameters associated with the proposed models for

retrieval systems A and B.
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(a) (b)

Figure 5.1: The epoch vs model accuracy and loss on train and validation datasets

using (a) NTV, (b) YFCC100M (Flickr).

Table 5.2: Layers and parameters of the proposed models.

Parameters Retrieval system A Retrieval system B

Input Layer size 3072 1024

Hidden unites 3 3

Hidden-1 size 6144 2048

Hidden-2 size 12288 4096

Hidden-3 size 6144 2048

Output Layer size 3072 1024

Activation function ReLU ReLU

Optimizer Adam Adam

Weights initialization He-et-al He-et-al

Lost function Cosine loss Cosine loss

Regularization L2, Dropout L2, Dropout

Dropout rate 0.2 0.2

Learning rate 0.01 0.01

Batch Size 128 128

Epochs 68 59
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5.5 Analysis of Clusters

To determine an appropriate number of clusters for each configuration, we calculate

mAP@10 across various cluster sizes. We identify the optimal number of clusters

through cluster validation and Silhouette analysis, which results in the highest mAP.

In the most effective setup that utilizes AAFCM, the number of clusters is 14, 129,

6231 for NTV-News, YFCC100m*, and YFCC100m datasets.

5.6 Analysis of Missing Modality

Supervised methods achieve the highest performance by leveraging semantic meaning

among the numerous multimodal multimedia retrieval techniques. However, in prac-

tical scenarios, data is not always complete with labels and full multimodal informa-

tion, making applying these techniques challenging. We encounter situations where

specific modalities are missing or incomplete in real-world use cases. Researchers in

[97] proposed a knowledge distillation framework for alleviating this issue. The ap-

proach leveraged additional information from all modalities while avoiding any noise

associated with the extra data. Another study [98] proposed a cross-partial multi-view

network to handle missing or incomplete modalities and views. To address the same

issue, [99] proposed an iterative data augmentation approach for emotion recognition.

The architecture proposed in this research can address multimodal multimedia re-

trieval tasks, even when dealing with missing labels (concepts) and modalities. Our

study employs two distinct embedding models to establish correlations among con-

cepts within and across different modalities. To elaborate, the data in each modality

is embedded into a shared feature space, and their correlations are maximized col-

lectively. Even in cases where labels or concepts are absent in specific modalities,

the proposed method can still maximize the correlation between the available data

or labels. In specific scenarios, the absence of modalities can be addressed by in-

corporating information from other modalities through fusion. For instance, if the

visual modality is missing, textual information can be leveraged to provide context

and enhance the dataset. Our architecture employs two trained models to capture

inter-modal and intra-modal correlations and a common subspace. This design en-
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ables adaptability to missing modalities by integrating complementary information

from other modalities. Lastly, the clustering strategy in multimodal retrieval can be

utilized for alleviating outliers. Nonetheless, our solution may generate uncertain

concepts for the missing modalities in incomplete multiple modalities.

5.7 Results and Discussions

This study focuses on two main methods to test the effectiveness of the proposed

architecture. First, we presented various techniques to improve the performance of

the baseline study [33] and illustrated the results in Fig 5.2. Later, we chose the best

setup from the first test method, ELMo+DNN+AAFCM+OWA, and carried out tests

on various well-known multimodal datasets. After that, we compared the retrieval

performance of our approach with different state-of-the-art studies and presented the

results in Table 11. Additionally, we conducted a query performance test on various

datasets and presented the results in Table 10. We select the top 10 results in all test

setups and compute the mAP and NDCG to evaluate the performance.

We use different configurations in the experimental tests. To represent a video as

a vector, we denote one-hot encoding by ‘one-hot‘, single word embedding model

(word2vec or ELMo) by ’Single w2v’, used in retrieval system B. When we train

different word embedding models (word2vec or ELMo) for each modality, we de-

note this setup by ‘Multi w2v‘, used in retrieval system A. We utilize the proposed

DNN model and Canonical Correlation Analysis (CCA) to learn contextual associa-

tion among modalities. In the cluster-based retrieval, we denoted different approaches

by K-means (KM), Fuzzy C-Means (FCM), DBSCAN, and AAFCM. This study uti-

lizes different fusion techniques for A and B retrieval systems. We define these meth-

ods by ComboMax, Condorcet, and OWA. Consequently, when we employ a fusion

approach in test setups, it implies that we use both ‘Single w2v‘ and ‘Multi w2v‘,

which we refer to as ‘W2V‘. This study’s baseline is the experimental result presented

in [16]. This result is shown with the ‘CCA+FCM‘, which indicates an approach us-

ing Canonical Correlation Analysis and FCM. We show the experimental results for

various test setups in Fig. 5.2.
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Figure 5.2: NDCG@10 for three datasets.

We initially prepared a test configuration with one-hot encoding to train deep neural

networks. In this configuration, we train a single DNN so that the values of the input

and output layers are one-hot vectors representing queries and shots. This configu-

ration aims to investigate the impact of word embedding and one-hot encoding on

the performance of the proposed system. The result of this configuration is displayed

with the ‘DNN+one-hot encoding‘ label. We observe that the single w2v model out-

performs the one-hot encoding approach. The results of the remaining test configura-

tions are compared to the baseline. The revised configuration, labeled as ‘Multi w2v

model‘, is associated with a setup where separate word embedding models are trained

for each modality. A comparison with the initial ‘Single w2v model‘ configuration

underscores the significance of employing distinct embedding models for each modal-

ity. Another configuration that fuses the result of two previous setups using Combo-

MAX is presented with ‘Fusion(ComboMax)‘. This configuration suggests that incor-

porating fusion enhances the overall mAP value in each scenario. In the subsequent

configurations, we explore different clustering methods. Our findings indicate that

FCM clustering not only raises the MAP value but also surpasses the performance of

K-means clustering. Upon consideration of the Condorcet method and the OWA fu-

sion approach proposed in this study, the latter demonstrates superior performance in

scenarios denoted by ‘Fusion(Condorcet)+FCM‘ and ‘Fusion(OWA)+FCM‘. In the

prior configurations, the word2vec (w2v) approach is employed as the word embed-

ding method. However, in the scenario denoted by ‘OWA+ELMo+FCM‘, it is evident
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that substituting ELMo for w2v has a positive impact on the overall performance.

To assess the efficacy of the template generation layer, we exclude the DNN compo-

nent and develop a new test setup. In this configuration, we utilize ELMo for word

embedding, AAFCM as the clustering methodology, and OWA for fusion. This par-

ticular setup is denoted by "ELMO+AAFCM+OWA".

In conclusion, it is observed that employing AAFCM surpasses the performance of

FCM. Specifically, the configuration that utilizes ‘OWA+ELMo+AAFCM‘ outper-

forms all other setup configurations.

In addition to the NDCG@10 metric, the precision-recall curve is plotted in Fig.

5.3 for the Flickr YFCC100m dataset. The area under the curve shows the perfor-

mance of different configuration setups. The rightmost curve illustrates the optimal

outcome achieved by employing ELMo word embedding, AAFCM clustering, and

OWA fusion. These results are consistent with the NDCG@10 values reported in Fig.

5.2. Table 5.3 presents an ablation study by removing each component from the pro-

Figure 5.3: The Precision-Recall curve per test configuration on YFCC100m dataset.

PR is maximized in the upper right corner.

posed architecture and showing the overall system performance. Eliminating specific

components such as distributed word representation, clustering, and fusion aims to
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understand each component’s contribution to the overall system. Bold results are the

best ones, indicating the ablated strategy is the most important. The current study

Table 5.3: Ablation study on each component proposed in our work, with NDCG@10

employed as the evaluation metric.

Test Setup NTV-News YFCC100m YFCC100m*

CCA+FCM (baseline) 0.632 0.609 0.618

One-hot+DNN 0.661 0.643 0.649

Single w2v+DNN 0.704 0.696 0.689

Multi w2v+DNN 0.693 0.702 0.709

W2V+DNN+ComboMax 0.718 0.729 0.726

W2V+DNN+KM+ComboMax 0.731 0.705 0.738

W2V+DNN+DBSCAN+ComboMax 0.726 0.719 0.730

W2V+DNN+FCM+ComboMax 0.760 0.748 0.764

W2V+DNN+FCM+Condorcet 0.791 0.758 0.798

W2V+DNN+FCM+OWA 0.813 0.798 0.817

ELMo+DNN+FCM+OWA 0.819 0.803 0.829

ELMo+DNN+AAFCM+OWA 0.823 0.811 0.850

leveraged various score-based and rank-based fusion methods to find the best strategy.

Additionally, We propose an OWA-based method to fuse the ranked lists according to

the performance scores of the retrieval systems. The retrieval performance of differ-

ent ranked lists fusion methods is given in Table 5.4. We compute mAP and NDCG

metrics for each fusion method. As presented in this table, the proposed OWA-based

fusion obtains the best results compared to other approaches considering both met-

rics. Since the proposed method combines score-based, rank-based, and performance

scores of the retrieval systems, it outperforms other techniques by 3.7%. The most

similar works to this study are selected to compare the results with state-of-the-art.

Precisely, we assess the effectiveness of the proposed approach by comparing it with

the nine most similar methods. However, minor variations in architecture and test se-

tups may exist. Table 5.5 presents various features each study supports. We consider

the following features: Supported modalities, Fusion, Clustering, Scalability, Han-
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Table 5.4: MAP and NDCG @10 for different ranked list fusion (NTV-News).

Test Setup mAP (%) NDCG

CombMAX 77.03 0.71

CombMIN 76.72 0.73

CombSUM 78.81 0.75

CombMNZ 80.24 0.78

CombANZ 78.12 0.75

Borda count 77.48 0.76

Condorcet 81.07 0.79

OWA 84.11 0.81

dling noisy modalities, Using big data technologies, and leveraging deep learning.

The proposed study supports three modalities and utilizes all other features. We

use well-known multimodal datasets in table 5.6 and compare the mAP@10 result

with state-of-the-art studies. The best mAP scores are illustrated in bold, and the

second best scores are presented with underline. Some studies have not conducted

tests on specific datasets that We mark with the "×" symbol. The mAP values in

Table 5.6 indicate that our approach outperforms other methods in most datasets.

The proposed study (ELMo+DNN+AAFCM+OWA) gets the second and third largest

mAP@10 in the remaining datasets. In this study, effectiveness is directly associated

with the size of the datasets. Considering this fact, mAP@10 got weaker performance

in Wikipedia and MS COCO datasets. We illustrate frames of retried videos for some

search queries in Fig. 5.4.

This study ranks the results according to the sorted list returned by clustered space.

In addition to this approach, we utilized an extra ranking algorithm to re-rank the

results through a learning mechanism. In this setup, first, we replace the clustered

retrieval approach with a Siamese network trained using Contrastive and Triplet loss.

Secondly, we use clustering-based retrieval to rank the results and Siamese network

methods to re-rank the initial list. Using four methods, we use various multimodal

datasets, compare the mAP@10 value, and present the results in Table 5.7. The high-
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Table 5.5: Qualitative features comparison. We use ✓to denote that the specific study

supports the selected feature. Unsupported features are marked with ×.

Methods V
is
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N
oi

sy
M

od
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B
ig

D
at
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ch
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D
ee

p
M

od
el

s

H
an

dl
in

g
U

nc
er

ta
in

ty

R
el

ev
an

ce
Fe

ed
ba

ck

CCA [33] ✓ ✓ ✓ × ✓ × × × × × ×
DCCA [41] ✓ ✓ × × × × ✓ × ✓ × ×
SDML [23] ✓ ✓ ✓ × × ✓ × ✓ ✓ × ×
MMSAE [28] ✓ × ✓ × × ✓ × × ✓ × ×
SML-CCA [42] ✓ × ✓ × × × ✓ × ✓ × ×
MCCN [43] ✓ × ✓ × ✓ × × × ✓ × ×
CM-GANs [39] ✓ × ✓ ✓ × ✓ ✓ × ✓ ✓ ×
DMTL [44] ✓ × ✓ ✓ × × × × ✓ × ×
MAN [45] ✓ ✓ ✓ ✓ × ✓ ✓ × ✓ × ✓

Our study ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ×

(a) Goal Shots In Euroleague (b) Women Tennis Tournament

(c) F1 Car Accident (d) NBA Slam Dunk

Figure 5.4: Illustration of frames extracted from retried shots for specific search

queries.
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Table 5.6: Performance comparison with other studies. The best mAP scores are

illustrated in bold, and the second best scores are presented with underline. The "×"

symbol indicates that the study has not conducted any experiments on the selected

dataset.

Methods N
T

V-
N

ew
s

N
U

S-
W

ID
E

X
M

ed
ia

N
e

Fl
ic

kr

Pa
sc

al

W
ik

ip
ed

ia

M
S

C
O

C
O

CCA[33] 0.614 0.531 0.548 × × 0.465 0.403

DCCA [41] × 0.717 0.656 0.645 0.406 0.486 0.415

SDML [23] × 0.697 0.609 × 0.680 0.505 0.823

MMSAE [28] × 0.826 × 0.751 0.449 0.535 ×
SML-CCA [42] × 0.830 × 0.709 0.489 × ×
MCCN [43] × × 0.742 × 0.707 0.520 ×
CM-GANs [39] × 0.685 0.586 × 0.641 0.548 ×
DMTL [44] × 0.645 0.718 × 0.634 0.552 ×
MAN [45] × × 0.571 × 0.696 0.586 ×
Our study 0.790 0.873 0.805 0.879 0.730 0.647 0.739
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est mAP score is shown in bold, and the lowest is presented with underline. The

baseline method refers to ELMo+DNN+AAFCM+OWA in Table 5.3, which employs

clustering-based ranking. We replaced the cluster-based retrieval with a Siamese net-

work in the following two approaches. In each iteration, we leverage different loss

functions for ranking the results. In the last approach, initial results are ranked using

cluster-based retrieval. Subsequently, the initial outcomes undergo further refinement

via a Siamese network utilizing the Triplet loss. This network aims to re-rank the

list and generate input data suitable for the fusion algorithm. As we analyze the

outcomes, it becomes evident that the most optimal performance is achieved by com-

bining clustering-based ranking with a Siamese (Triplet loss) for re-ranking. Notably,

this re-ranking process has led to a significant enhancement in overall precision. The

results suggest that employing the Contrastive loss yields suboptimal performance.

Table 5.7: Retrieval performance comparison according to the ranking method.

mAP@10 for different Datasets

Methods N
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AAFCM 0.773 0.841 0.781 0.862 0.724 0.545 0.730

Triplet 0.760 0.830 0.790 0.846 0.705 0.611 0.713

Contrastive 0.697 0.790 0.697 0.792 0.681 0.567 0.674

AAFCM+Contrastive 0.784 0.812 0.704 0.770 0.719 0.623 0.741

AAFCM+Triplet 0.790 0.873 0.805 0.879 0.730 0.647 0.739

5.8 Model Simplification

In multimedia information retrieval, the effectiveness of retrieval systems heavily re-

lies on integrating various components and techniques to optimize performance. This

study undertakes a comprehensive stepwise ablation analysis to simplify the model

and systematically assess the impact of individual components on the effectiveness

of a proposed multimodal multimedia retrieval architecture. The architecture pro-
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posed in this study presents an overall approach with multiple components. We aim

to evaluate each component’s contribution to the retrieval system’s overall perfor-

mance through experiments and evaluations. The baseline architecture is initially

introduced, highlighting its foundational components. Subsequently, the stepwise ab-

lation process is defined, wherein specific components are systematically removed

or replaced to assess their individual impact on retrieval performance. These com-

ponents include word embedding methods, clustering algorithms, fusion techniques,

and template generation layers.

The study employs three distinct word embedding approaches: one-hot encoding,

word2vec (w2v), and ELMo. Clustering is performed using K-means (KM), Fuzzy C-

Means (FCM), DBSCAN, and Alternative Adaptive Fuzzy C-Means (AAFCM). Var-

ious fusion techniques are employed, including ComboMax, Condorcet, and OWA.

When fusion approaches are utilized in test setups denoted by A and B in Fig. 4.1, it

indicates the presence of two retrieval systems.

When employing the "Multi w2v" configuration, distinct embedding models are trained

for each modality, denoted as the "Local" model. Conversely, when modalities are

stacked together as a single vector, referred to as the "Single w2v" configuration,

only one embedding model, known as the "Global" model, is trained. Moreover, con-

figurations incorporating template generation are designated with DNN. The base-

line study presented in [33] employs CCA for finding the correlation between two

modalities and leverages FCM for retrieval and ranking. We denote this setup with

"CCA+FCM"

In "One-hot+Cosine", we leverage One-hot encoding and use Cosine similarity to re-

trieve and rank the results. Fig. 5.5 presents the simplified diagram of this setup. In

Figure 5.5: One-hot+Cosine.

"One-hot+DNN+Cosine", we leverage one-hot encoding and use the template vector

generation layer. Additionally, we employ Cosine similarity for ranking the results.

Fig. 5.6 presents the simplified diagram of this setup. In "Single w2v+DNN+Cosine",
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Figure 5.6: One-hot+DNN+Cosine.

we employ global w2v embedding and use the template vector generation layer. Ad-

ditionally, we employ Cosine similarity for ranking the results. Fig. 5.7 presents

the simplified diagram of this setup. In "Multi w2v+Cosine", we employ lo-

Figure 5.7: Single w2v+DNN+Cosine.

cal w2v embedding and use the template vector generation layer. Additionally, we

employ Cosine similarity for ranking the results. Fig. 5.8 presents the simplified

diagram of this setup. In "W2V+DNN+ComboMax+Cosine", we employ w2v

Figure 5.8: Multi w2v+Cosine.

embedding and use the template vector generation layer. Additionally, we employ

Cosine similarity for ranking and ComboMax to fuse the results. Fig. 5.9 presents

the simplified diagram of this setup. In "W2V+DNN+KM+ComboMax", we em-

ploy w2v embedding and use the template vector generation layer. Additionally, we

leverage KM clustering for retrieval and ranking. The comboMax technique is used

to fuse the results. Fig. 5.10 presents the simplified diagram of this setup. In

"W2V+DNN+DBSCAN+ComboMax", we employ w2v embedding and use the tem-

plate vector generation layer. Additionally, we leverage DBSCAN clustering for re-

trieval and ranking. The comboMax technique is used to fuse the results. Fig. 5.11

presents the simplified diagram of this setup. In "W2V+DNN+FCM+ComboMax",

we employ w2v embedding and use the template vector generation layer. Addition-

ally, we leverage FCM clustering for retrieval and ranking. The comboMax tech-

nique is used to fuse the results. Fig. 5.12 presents the simplified diagram of this
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Figure 5.9: W2V+DNN+ComboMax+Cosine.

Figure 5.10: W2V+DNN+KM+ComboMax.

setup. In "W2V+DNN+FCM+Condorcet", we employ w2v embedding and use

the template vector generation layer. Additionally, we leverage FCM clustering for

retrieval and ranking. The Condorcet technique is used to fuse the results. Fig. 5.13

presents the simplified diagram of this setup. In "W2V+DNN+FCM+OWA", we

employ w2v embedding and use the template vector generation layer. Additionally,

we leverage FCM clustering for retrieval and ranking. The OWA technique is used

to fuse the results. Fig. 5.14 presents the simplified diagram of this setup. In

"ELMo+DNN+FCM+OWA", we employ ELMo embedding and use the template

vector generation layer. Additionally, we leverage FCM clustering for retrieval and

ranking. The OWA technique is used to fuse the results. Fig. 5.15 presents the

simplified diagram of this setup. In "ELMo+DNN+AAFCM+OWA", we employ

ELMo embedding and use the template vector generation layer. Additionally, we

leverage AAFCM clustering for retrieval and ranking. The OWA technique is used

to fuse the results. Fig. 5.16 presents the simplified diagram of this setup. In

"ELMo+AAFCM+OWA", we employ ELMo embedding and leverage AAFCM clus-

tering for retrieval and ranking. The OWA technique is used to fuse the results. Fig.

5.17 presents the simplified diagram of this setup. In "ELMo+DNN+Triplet+OWA",

we employ ELMo embedding and use the template vector generation layer. Addi-

tionally, we leverage the Siamese network with Triplet loss for ranking the results.

The OWA technique is used to fuse the results. Fig. 5.18 presents the simplified

diagram of this setup. In "ELMo+DNN+Contrastive+OWA", we employ ELMo

embedding and use the template vector generation layer. Additionally, we lever-
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Figure 5.11: W2V+DNN+DBSCAN+ComboMax.

Figure 5.12: W2V+DNN+FCM+ComboMax.

age the Siamese network with Contrastive loss for ranking the results. The OWA

technique is used to fuse the results. Fig. 5.19 presents the simplified diagram of

this setup. In "ELMo+DNN+AAFCM+Contrastive+OWA", we employ ELMo

embedding and use the template vector generation layer. For retrieving and initial

ranking, AAFCM clustering is used. Additionally, we leverage the Siamese net-

work with Contrastive loss for re-ranking the results. The OWA technique is used

to fuse the results. Fig. 5.20 presents the simplified diagram of this setup. In

"ELMo+DNN+AAFCM+Triplet+OWA", we employ ELMo embedding and use the

template vector generation layer. For retrieving and initial ranking, AAFCM clus-

tering is used. Additionally, we leverage the Siamese network with Triplet loss for

re-ranking the results. The OWA technique is used to fuse the results. Fig. 5.21

presents the simplified diagram of this setup. The following table 5.8 outlines the

results of the stepwise ablation study. Each step is compared with the preceding one,

and the percentage change in NDCG@10 is indicated. An upward arrow denotes an

increase, while a downward arrow signifies a decrease.
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Table 5.8: Stepwise ablation study on each component using YFCC100m dataset.

Each step is compared with the preceding one, indicating the percentage change in

NDCG@10 value.

Test Setup NDCG@10 Impact(%)

CCA+FCM (baseline) 0.618 -

One-hot+Cosine 0.503 18.6 ↓
One-hot+DNN+Cosine 0.649 5.0 ↑
Single w2v+DNN+Cosine 0.689 11.5 ↑
Multi w2v+DNN+Cosine 0.709 14.7 ↑
W2V+DNN+ComboMax 0.726 17.5 ↑
W2V+DNN+KM+ComboMax 0.738 19.4 ↑
W2V+DNN+DBSCAN+ComboMax 0.730 18.1 ↑
W2V+DNN+FCM+ComboMax 0.764 23.6 ↑
W2V+DNN+FCM+Condorcet 0.798 29.1 ↑
W2V+DNN+FCM+OWA 0.817 32.2 ↑
ELMo+DNN+FCM+OWA 0.829 34.1 ↑
ELMo+DNN+AAFCM+OWA 0.850 37.5 ↑
ELMo+AAFCM+OWA 0.683 10.5 ↑
ELMo+DNN+Triplet+OWA 0.812 31.4 ↑
ELMo+DNN+Contrastive+OWA 0.779 26.0 ↑
ELMo+DNN+AAFCM+Contrastive+OWA 0.857 38.7 ↑
ELMo+DNN+AAFCM+Triplet+OWA 0.863 39.6 ↑
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Figure 5.13: W2V+DNN+FCM+Condorcet.

Figure 5.14: W2V+DNN+FCM+OWA.

Figure 5.15: ELMo+DNN+FCM+OWA.

Figure 5.16: ELMo+DNN+AAFCM+OWA.

Figure 5.17: ELMo+AAFCM+OWA.

Figure 5.18: ELMo+DNN+Triplet+OWA.
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Figure 5.19: ELMo+DNN+Contrastive+OWA.

Figure 5.20: ELMo+DNN+AAFCM+Contrastive+OWA.

Figure 5.21: ELMo+DNN+AAFCM+Triplet+OWA.
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5.9 Statistical Analysis

To check if the results in Table 5.3 are statistically significant, we use one-tailed t-

value test statistics. We want to answer with significance tests whether a precision

difference between two algorithms is statistically significant. We compare the test

results with the baseline results in the first step. After computing the t-statistics, we

find a corresponding p-value for this test. The results show that the p-value=0.007

is less than the significance level (α = 0.05), so the first test configuration results are

significant compared to the previous results.

Since we use different test configurations in this study, we also use another statistical

test among the groups. We can technically perform a series of t-value tests based

on our results. However, as the number of groups increases, we may end up with

many comparisons of pairs. To find the best result among all the results obtained in

our study, we must show that our impact is significant. Therefore, we use a one-way

variance analysis to determine whether the results are statistically significant. The

statistics show a strong p-value, and there are effective results among the results we

get in this study. To determine the specific result, we use a post-hoc test. We use

the well-known post-hoc test called Scheffe’s test. The test results indicate that the

configuration using AAFCM, ELMo, and the OWA fusion gives the best result among

all the other alternatives.

5.10 Accuracy Improvement Factors Analysis

The improved accuracy in the proposed method can be attributed to several key fac-

tors:

1. Contextual Semantics Learning: The introduction of a novel approach to con-

textual semantics learning is a significant factor. The method captures rich

contextual relationships by leveraging query logs and employing deep learning

models to generate a "template shot" that integrates concepts from all modali-

ties. This enables a more accurate and nuanced understanding of the semantic

associations within and between different modalities, leading to improved ac-
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curacy in retrieval.

2. Efficient Clustering Techniques: Integrating various clustering approaches, par-

ticularly fuzzy clustering, improves accuracy. Fuzzy clustering is adept at han-

dling uncertainty in video data, allowing the system to better adapt to the in-

herent complexities of multimedia information. The more nuanced clustering

helps refine the retrieval results and enhances accuracy.

3. Fusion Methodology: The proposed fusion method based on the Ordered Weighted

Average (OWA) operator is crucial in enhancing accuracy. By intelligently

combining ranked lists from multiple retrieval systems, the fusion method mit-

igates the limitations of individual systems. This collaborative approach results

in more accurate and comprehensive retrieval outcomes.

4. Parallel Processing and Scalability: The use of parallel processing capabilities,

facilitated by the Apache Spark engine, contributes to the scalability and ef-

ficiency of the method. This ensures that the system can handle large-scale

multimedia datasets without compromising accuracy. The scalable nature of

the architecture allows for the extraction of features from multiple modalities,

contributing to improved accuracy.

5. Deep Learning Models: Incorporating deep learning models in generating shot

templates enhances the system’s ability to understand complex patterns and

relationships within the data. The end-to-end deep learning approach enables

the extraction of high-level features, leading to more accurate representations

and, consequently, improved accuracy in retrieval.

6. Re-ranking Technique: The study integrates clustering-based and Siamese rank-

ing methods, allowing the search results to undergo two ranking algorithms.

This comprehensive approach enhances the precision and effectiveness of mul-

timedia information retrieval by leveraging the strengths of both methods and

mitigating their respective limitations.

7. Utilization of Siamese Networks: Siamese networks are leveraged to measure

the similarity between multimedia items accurately. These networks are adapt-

able and capable of learning meaningful embeddings, which is essential for
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understanding the relationships between data points. By employing Siamese

networks in the re-ranking process, the study benefits from their effectiveness

in assessing similarity, thereby enhancing the accuracy of search results.

8. Choice of Loss Functions: Contrastive and triplet loss functions are chosen for

their effectiveness in learning embeddings accurately representing similarity.

These loss functions are tailored to the requirements of ranking tasks, ensuring

that the Siamese network can effectively measure similarity between multime-

dia items and produce accurate re-ranking results.

The method’s improved accuracy results from a comprehensive approach encompass-

ing contextual semantics learning, efficient clustering, intelligent fusion techniques,

scalability through parallel processing, and utilizing deep learning models. Each of

these elements contributes collaboratively to the overall accuracy of the proposed

multimodal information retrieval system.

5.11 Implications and Limitations

This study significantly advances multimodal multimedia retrieval systems, highlight-

ing the proposed system’s scalability and adaptability for broad applications. Our

proposed end-to-end retrieval framework offers a practical solution for extracting rel-

evant information from diverse multimedia data sources. Its effectiveness in decipher-

ing complex contextual relations across and within modalities demonstrates its capa-

bility to understand accurate and precise information. The study’s focus on selecting

optimal word embedding methods, particularly the superiority of ELMo, offers key

insights for enhancing semantic interpretation in multimedia data. The superiority

of the AAFCM clustering algorithm in query matching over other methods enhances

retrieval performance. Integrating cluster-based and Siamese-based ranking methods

into a two-stage approach enhances the effectiveness of the system’s performance.

An innovative OWA-based fusion method introduced for merging ranked lists further

enriches the field. The system’s resilience in handling noisy labels and flexibility in

combining multiple retrieval systems showcase its robustness and adaptability. The

system achieves scalability and responsiveness for real-world scenarios by utilizing
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transfer learning and parallel processing. Comprehensive testing on six popular mul-

timodal datasets, backed by statistical validation, confirms the effectiveness of the

proposed approach in ranking retrieval results for complex queries. Remarkably, our

method outperforms five of the datasets compared to other studies. The study’s find-

ings hold practical significance, paving the way for future implementations in various

fields.

While this study introduces a promising multimodal multimedia feature extraction

and retrieval system with strengths in deep learning and clustering techniques, sev-

eral limitations should be acknowledged. Firstly, the generalization of the proposed

system to diverse application domains remains an area of exploration, as the effective-

ness demonstrated in benchmark datasets might not necessarily translate seamlessly

to other contexts. The reliance on deep neural networks and the choice of specific

clustering algorithms might introduce biases, limiting the system’s adaptability to

some data characteristics. Additionally, the experimental validation, while extensive,

primarily focuses on benchmark datasets, raising questions about the system’s robust-

ness in real-world dynamic scenarios. Furthermore, the dynamic nature of multimedia

content, wherein context and relevance can evolve, adds a layer of complexity. Ad-

dressing this issue requires advancements in multimodal semantic understanding and

the development of robust algorithms. Lastly, the adaptability to evolving multimedia

data formats and the generalizability of the proposed transfer learning approach to

diverse modalities warrant further investigation. Despite these limitations, the study

is a strong foundation for future developments in multimodal multimedia retrieval

systems, emphasizing the need for ongoing research and refinement in this dynamic

field.
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CHAPTER 6

CONCLUSIONS AND FUTURE WORK

This study introduces a scalable and adaptable multimodal multimedia feature extrac-

tion and retrieval system. The system employs deep neural network models to gen-

erate pattern templates. Through experiments with multiple datasets, we showcase

how our deep learning approach effectively learns intricate contextual relationships

and correlations across different modalities and within each modality. Consequently,

we can effectively create a template shot (as a model) for searching contextual as-

sociations. Furthermore, we emphasize the critical role of selecting an appropriate

word embedding method, with ELMo outperforming word2vec and one-hot embed-

ding techniques.

Additionally, we demonstrate the positive impact of clustering algorithms on retrieval

performance in multimedia data applications. Specifically, we highlight the signifi-

cance of the AAFCM fuzzy clustering algorithm within our proposed architecture, as

it enhances query matching for multimedia data compared to approaches like FCM,

DBSCAN, and K-means. We also introduce an OWA-based fusion approach to com-

bine ranked lists generated by multiple retrieval systems. Our experiments illustrate

that employing the OWA operator for list fusion, in conjunction with AAFCM, yields

the most favorable outcomes among all configurations. Combining clustering-based

ranking with a Triplet loss Siamese network for re-ranking also achieved optimal

performance.

Moreover, our approach demonstrates robustness in handling noisy labels, underscor-

ing the resilience of our framework. The flexibility of our system allows for the defini-

tion and integration of multiple retrieval systems within the architecture. Leveraging

transfer learning to extract features from three modalities and parallel processing us-
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ing the Spark engine for computations ensures that adapting to new datasets requires

minimal effort, highlighting the scalability and dynamism of our work.

In the experiments, We validate these findings by conducting experiments with small

and large datasets and subjecting the results to statistical significance tests. We eval-

uate the performance of our method using six widely used benchmark datasets and

compare it against nine state-of-the-art approaches. The results demonstrate the ef-

fectiveness of our proposed method in retrieving multimodal multimedia queries.

Future research directions could focus on (1) Developing adaptive learning systems

that update and refine their models with new data, feedback, or changes in context,

leveraging online, active, and reinforcement learning to ensure continuous improve-

ment. (2) Customizing the framework for sectors like healthcare, education, security,

or entertainment, addressing their specific needs and challenges. (3) Enhancing re-

trieval systems to support semantic search and content creation based on user queries,

incorporating NLP to interpret complex requests and deliver content that matches user

intent.
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