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1 
Introduction 

 
Movies are perhaps the form of art that entertains and influences people more than any 

other art. People typically spend an important part of their free time watching movies in order 

to get pleasure, experiencing situations that challenge their emotions and their logic [1]. 

Nowadays, people have the possibility to watch movies either traditionally on linear TV or on 

demand. The on-demand approach offers a more personalized experience, allowing the 

viewers to watch their favorite movie at the time and the device of their preference.    

In the last years, the popularity of video-on-demand services has been constantly increasing, 

especially for the young audiences who are more adept at using new technologies. Through 

those platforms, the viewers have access to a huge volume of movies at any moment that 

makes the viewing decision for most of them a very challenging task. Surveys show that 

users spend on average 1 hour per day to discover their desired content and in 60% of the 

cases the ease in finding interesting items to watch is very important when they decide on 

which service they will subscribe to [2].   

Recommender systems are employed by video-on-demand providers to address the former 

challenge. Three recommendation models are commonly used in the community of 

recommender systems: the collaborative filtering (CF), the content-based filtering (CBF) and 

the hybrid approach that combines properties from the two former approaches [3].  

CF models are trying to predict the preference of a user by exploiting the feedback of the 

other users in the system. In a CF system, an item is recommended to a user if similar users 

have rated it positively. Similar users are typically considered the ones that have given 

similar ratings for the same set of movies [4].  

On the other hand, CBF systems are trying to predict the user preferences by analyzing the 

content of the items. Critical issue in this approach is the use of a content representation that 

could reflect what a user likes or not in a movie. The more accurate the movie representation 

is, the more capable is the CBF system in recommending to the users items which are 

similar in content with the items they have enjoyed in the past. Available resources for 

generating a movie representation are the textual metadata defined by the movie experts 

(genre, directors, actors, reviews, summaries etc) or users (tags) and the actual movie 

content with respect to its visual, audio and textual modalities [5]. 

One very popular attribute used for movie representation is genre due to its capability to 

reflect important key elements of a movie and its high availability since it is provided by film 

producers to facilitate the movie’s marketing [6]. The genre of a movie is associated with 

movie aspects like the setting, the period, the characters, the plot, the techniques, the audio 

etc that help the user to make an informed guess about the content of the movie and decide 

if she would be interested or not in it. The information related to the genre of a movie is quite 
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rich and it is impossible to express with a textual label. Movies of the same genre can differ 

in the degree that some genre characteristics are involved. Some action movies are 

characterized by scenes of gun violence whereas others are dominated by car chases 

scenes. Moreover, it is quite common nowadays for movies to include elements from many 

genres. Sometimes their presence is so strong that the genre of the movie is provided in a 

multi-valued form. For instance, the genre of the movie ‘Ocean’s Twelve’ in the Movielens [7] 

dataset has 4 values, namely 'Action', 'Comedy', 'Crime' and 'Thriller'. However, in cases that 

elements of various genres are present in a movie but they are not strong enough to be 

included in the genre metadata of the movie, this valuable information is ignored by the 

system.  

As of today, the genre-based movie representation used in recommender systems indicates 

if a genre is present or not without revealing any information about the presence of specific 

genre characteristics in the movie or the degree that the genre in general applies to it. This 

information, if available, could enrich significantly the genre representation, enabling the 

recommender systems to identify movie similarities more accurately. 

The recent years, the rise of deep learning techniques has led to outstanding performance in 

computer vision tasks like object recognition [8]. As the result of the development of powerful 

deep convolutional architectures, which have significantly enhanced the field of video 

understanding, we are provided with a rich genre-aware visual representation that could 

reflect the visual elements of each genre in the movie trailer. The proposed representation 

could capture the necessary information encapsulated in the genre that discriminates the 

movies a user likes from the ones he dislikes outperforming the typical genre-based movie 

CBF recommender systems. 

The need for an effective CBF movie recommendation system is strong since it addresses 

challenges in the recommendation field like the new item problem and the need for 

explainable recommendations [5]. The new item problem refers to the situation that a movie 

enters the system and no user feedback is available for it. A CBF system can recommend 

such a movie to a user if it finds that is similar in content to items that the user has liked. 

That is not possible for a CF system since it requires the user feedback of an item in order to 

include it in the recommendation algorithm. Regarding the explainability issue, the 

recommendations of a CBF are easily understood by the user since they share some 

attributes with the items with which she has interacted in the past. On the other hand, it is 

very hard for a CF system to explain its recommendations since the way the machine 

learning algorithm exploits the historical data to estimate the item and user similarities is too 

complicated, if available, to be presented to the user.  In addition, it should be mentioned 

that the privacy concerns of users about the use of their data along with the new privacy 

protecting possibilities for the users, emerging by the new GDPR European regulation, could 

limit the collection and use of historical data, which are crucial for the success of a 

collaborative system. Content-based systems, not relying on the user community data, could 

offer a valuable alternative approach provided that are supplied with rich item 

representations that can capture what a user likes and what not in a movie.   

Towards this end, we propose a novel movie recommender system that filters movies based 

on the genre-related visual elements of their trailers. The proposed system combines the 

visual content of the trailer and the genre information of the movie into a single 

representation which is then exploited by a pure CBF recommender system. We call the 

system ‘Genre-aware visual CBF movie recommender system”. 

First, we decided to choose the trailer as the source of the visual information since it is 

created to illustrate the most dominant visual elements of a movie and enables a 
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computationally efficient content analysis compared with the use of the full movie. 

Fundamental assumption in our work is that the trailers are visually representative of the full 

movies as it is suggested in [10].  

Our second decision concerns the method used to extract the visual representation of the 

trailer. Recent work in CBF movie recommendation systems uses 2D deep convolutional 

networks to extract the spatial features of the still frames of the trailers capturing the objects 

and the scenes of the movie. However, movies, similarly to every video, are characterized by 

actions that support the narrative of the movie and convey their messages to the audience. 

Furthermore, genres are commonly characterized by particular actions that a genre-aware 

representation should not ignore. Apart from appearance, motion information is quite 

important in capturing actions in a movie. An appearance-based representation could 

capture the presence of a car in a trailer, but it would be difficult to identify a car chase. As a 

result, we decide to overcome this issue by using pre-trained 3D deep convolutional 

networks to extract the spatio-temporal features of the segments of the trailers. Recent 

advancements in their architectures have shown that they can capture both appearance and 

motion of the videos [11].  

Finally inspired by the Deep Bag of Frames (DBoF) approach described in [12], we use a 

feature pooling network that learns a single movie representation, using as input the visual 

features of the segments extracted by the 3D deep ConvNet and as labels the genre of the 

movie. We name our network Deep Bag of Segments (DBoS) and we investigate the use of 

its layers’ activations as the movie representation in a CBF movie recommendation system. 

We investigate how the proposed representations affect the utility of the recommendations 

when they are compared with genre in its typical metadata form and a pure visual 

representation as it derives from statistical aggregation of its 3D deep visual segment 

features. 

Our main research hypothesis is that a recommender system that uses as movie 

representation a continuous genre representation, which reflects genre specific visual 

elements of the movie, performs better than the same recommender system using a binary 

genre representation, which indicates if a genre applies to a movie or not. In contrast to the 

second system, the first system, being more accurate in determining which movies are 

similar to each other, could recognize which movies within a genre are interesting to a user. 

The second hypothesis we make is that the visual features extracted by a pre-trained deep 

network are not capable enough of representing movie specific concepts and the genre 

information could be used to specialize the visual representation to the movie domain. The 

proposed representation could outperform the visual representation by learning, through the 

DBoS network, features that are genre related and not focused on the general objects of the 

frames or the general actions of the clips.  In this regard, we also make the hypothesis that 

the proposed genre-aware descriptor provides better recommendations than the visual 

features extracted by a 3D deep network. By saying better, we are not limited only to the 

accuracy of the recommendations, but we assess the capability of the representation to 

provide novel and diverse recommendations that do not ignore items from the long-tail.    

We articulate our research hypothesis into the following research question: 

RQ1: Can a 3D deep visual genre-aware descriptor built by a DBoS network provide better 

movie recommendations with respect to accuracy and beyond accuracy metric (diversity, 

novelty, and coverage [13]) than genre and visual features extracted by a 3D pre-trained 

deep convolutional neural network? 
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We address our question using the above-mentioned representations to a pure content 

recommender system and we evaluate their performance conducting offline and online 

experiments.  

For the offline evaluation we are using the publicly available dataset MMTF-14K [14] and a 

sample dataset provided by the video-on-demand service Videoland [15].  Conducting an 

online experiment, which involves real users using our proposed system in the streaming 

platform of Videoland (figure 1.1), we pose our second research question:  

RQ2: Can the introduction of a deep visual genre-aware descriptor in a movie recommender 

system provide recommendations of better user perceived utility compared with genre and a 

pure visual representation? 

Our contributions are: 

To the best of our knowledge, our work presents the first recommender system that utilizes a 

continuous genre representation built by a Deep Bag of Segments (DBoS) pooling network 

that exploits the visual content of the movies trailers.  

It is also the first work that examines the use of the spatio-temporal features of the movie 

trailers extracted from pre-trained deep 3D ConvNets in a movie recommender system.  

Last but not least we are conducting an online experiment in a real-world streaming platform 

to evaluate the user perceived utility of the recommendations produced by a pure content-

based recommender system using our proposed genre-aware movie descriptor against the 

same system using genre and visual 3D deep features.    

 

 

Figure 1.1: Videoland platform [15] 
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2 
Background and Related Work 

 

 

2.1. Recommender systems 
 
Recommender systems are utilized in a broad spectrum of applications in order to reduce 
the information overload and help users discover items that suit their needs. Their role is 
getting more and more important since the volume of the available choices constantly 
increases, challenging very often the ability of users to find quickly the items that are 
relevant to them.  
 
They can be seen as a recommender function which takes as input the user and item data in 

the system and either predicts the rating that the user would give to an unseen item or 

generates a recommendation list where the ranking of the items reflects the preferences of 

the user. 

The most common and successful methods, aiming to accomplish the recommendation task, 

are based on the collaborative filtering (CF), the content-based filtering (CBF) and hybrid 

approaches. Their basic difference is related to the data they use as input. The CF approach 

is based on the collective intelligence coming from the interactions between the users and 

the items, whereas the CBF algorithms recommend items exploiting the content of the items. 

The hybrid approach combines properties from the two former approaches [3]. 

2.1.1. Collaborative Filtering 

 
The CF technique tries to predict the preferences of the users using the historical data of the 

user community in the system. A big advantage of that approach is that the system doesn’t 

need any domain knowledge to generate recommendations since it relies exclusively on the 

ratings of users. The main shortcomings of that approach are that it cannot recommend 

items for which no historical data are available (new items), and that it performs poorly with 

very large and sparse datasets. 

The algorithms in this type of recommendation approach are grouped in two categories: the 

memory-based and the model-based [16].  

Memory-based 

The memory-based algorithms take into account all the available ratings of the users in order 

to estimate the similarities in users and items, which are necessary for the system to provide 

recommendations. 
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The main type of memory-based CF approach is neighborhood-based and it is split into two 

categories, the user-based and the item-based, which differ in the way that the historical 

data are used. Both categories focus on the prediction of the user ratings and not on the 

generation of a list with the most interesting to the user items. 

The user-based CF technique relies on the assumption that users with similar ratings share 

similar preferences. This implies that the system recommends to users unseen items that 

other similar users have liked in the past. Recommendations in applications that use this 

kind of algorithms could explain the recommendation of the item B to a user saying, “Similar 

users also liked item B”. 

On the other hand, the item-based CF technique is based on the assumption that the 

similarity between the items can be inferred by the similarity of their ratings by the system 

users [17]. The system considers the items that a user has liked and finds the users that also 

rated those items positively. Finally, the system recommends to the user unseen items that 

those users have enjoyed in the past. Recommendations in applications that use this kind of 

algorithms could explain the recommendation of the item B to a user having consumed item 

A saying, “People who liked item A also liked item B”. 

The memory-based models are easy to implement and integrate new ratings, but their 

performance deteriorates with large and sparse datasets. 

Model-based  

In contrast to the memory-based algorithms, the model-based systems use the ratings 

matrix to learn a model that predicts the rating of a user to an item. The models are 

commonly based on machine learning or data mining techniques and have the capability to 

identify complex patterns in the ratings that are exploited to provide accurate predictions of 

user ratings to unseen items.  

The first works in this kind of algorithms explored techniques like Bayesian networks [18], 

probabilistic models [19], latent semantic analysis [20] etc but most recent works are based 

on the matrix factorization method [21]. In [22], the Probabilistic Matrix Factorization (PMF) 

achieves state-of-the-art accuracy in rating prediction, scaling very well in large datasets and 

performing well in cases where very few ratings are available. The recent years, deep 

learning techniques have been employed to capture non-linear relationships inside the rating 

matrix and have managed to become the state of the art in the explicit ratings prediction task 

[23][24][25][26].  

The model-based systems are effective, fast and scalable, but quite inflexible since it is not 

easy for them to incorporate new historical data, once they are trained.      

2.1.2. Content-based Filtering  

 
In contrast to the CF paradigm, CBF systems recommend to a user items that have similar 

attributes or properties with the items the user has liked in the past. In this type of the 

systems, the ratings of other users are not used to estimate item and user similarities and 

the accurate representation of the items is crucial for the system’s performance.  Content-

based systems analyze the content of the items and produce their representations, based on 

which the user profiles are generated. Each user profile is based on historical data, which 

determine what attributes in the item representations reflect the user’s preferences, and 

finally the system recommends to the user unseen items that match up his/her profile [5].  
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The big strengths of this type of systems are that they are able to integrate new items in their 

recommendation process and that their recommendations are easily explainable. They also 

do not require a large user community in order to provide effective recommendations.  

The greatest shortcoming of this type of systems is known as the limited content analysis 

problem. For many domains, a content analysis, that discriminates the preferred items from 

the items that the user would not be interested, is extremely challenging and difficult. 

Representing the items with meaningful and useful features requires expert knowledge and 

tremendous human effort, making the automatic item representation necessary for the wide 

deployment of CBF systems. The limited content analysis problem requires sophisticated 

and innovating approaches for the item representation learning and our work heads to that 

direction. 

Another important drawback of this approach is the overspecialization problem. A CBF 

system, recommending to a user only items similar to the ones he has already liked, is often 

not able to satisfy users with diverse tastes and it is very hard to adapt to the changes of the 

user’s preferences over time.       

2.1.3. Hybrid Systems  

 
The limitations of the CBF and CF systems can be addressed by combining them into 

another type of systems called hybrid. The most common hybrid systems are model-based 

CF systems, which incorporate content as side information aiming to address the new item 

problem and improve their accuracy for users with few interactions with the system. Future 

work could explore the value of our proposed movie representation as side information in a 

hybrid recommender system. 

2.1.4. Multimedia recommender systems 

 
Multimedia refers to items that comprise one or more modalities, namely the textual, the 

aural and the visual [27]. Typical examples include movies, books, music songs, e-

commerce products and even news articles when they are accompanied by images.  

In the literature, collaborative filtering, content-based filtering and hybrid models have been 

proposed to address the recommendation problem of such items. Generating a 

representation that captures the content of a multimedia item seems quite challenging and it 

might be the reason why collaborative filtering models outperform the content-based ones in 

applications where users’ historical data is available.  

In multimedia CBF systems, two types of features are commonly used for item 

representation, namely the high-level and the low-level features [10]. The high-level features 

express the semantics of the items and either they derive from expert generated metadata or 

they are extracted from textual sources like the item description, reviews and so on. This 

type of features is the most common in the content-based recommendation due to their good 

availability in commercial products and the maturity of the techniques that analyze and 

process textual data. For instance, a movie is represented by expert annotated metadata like 

title, genre, cast, directors, synopsis etc but it is quite questionable if they possess the 

complete information required for an effective content-based filtering model. In this regard, 

low-level features, which are extracted directly by the media content, could generate 

valuable representations, capturing important information for the user preferences 

understanding.  
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2.2. Related work 

2.2.1 Low-level features in movie domain 

 
Our work proposes a movie recommender system that exploits the visual content of the 

movie trailers. In this regard, a presentation of work in the movie domain that exploits low-

level features is important in order to identify gaps and opportunities in the movie 

recommendation task.   

In the movie domain, early work suggested the use of low-level features in order to learn 

semantics of a movie like the genre.  In [28], Rasheed et al process the frames of movie 

trailers in order to compute four features that according to the film literature are associated 

with the high-level semantics of a movie. A shot detection algorithm provides the key frames 

of the trailer and the system combines the extracted features (average shot length, color 

variance, motion content and lighting key) into a feature vector, which is used as input in a 

mean shift clustering model that assigns each trailer to one or more of the four genres 

(horror, action, comedy, drama) present in the movie dataset. The results of their experiment 

suggest that the selected visual low-level features are capable of predicting the genre of a 

movie. Extended work on that direction could be beneficial to the ambitious goal of 

automated film understanding.  

In [29], Jain et al extend the approach by including audio features of the movie clips in the 

movie representation. They created a neural network based movie genre classifier which 

displayed improvements in the classification results.  

A different approach is presented by Zhou et al in [30]. The authors make use of image 

descriptors to extract high-level features from the trailers’ key frames and they build a bag of 

visual words (BOVW) representation for each trailer. Finally, a k-NN classifier is employed to 

assign the trailers to their associated genres.  

In [31], the authors extract 277 visual and audio features from the trailers, and they use a 

feature selection mechanism in order to use the most relevant of them, as the input in a SVM 

genre classifier. It is worth mentioning that the visual features in this work are not selected 

according to the cinematic principles, but they are generated by the MPEG-7 descriptors.   

The most recent work in the movie genre classification task proposes the use of deep 

learning techniques for the feature extraction of the trailers. The authors in [32] suggest the 

use of various ConvNet models to extract features from the trailers frames in order to 

capture different aspects of the media content. Pre-trained 2D ConvNets on ImageNet and 

Places datasets are fine-tuned with the movie trailer dataset and provide features that 

capture the appearance and the context in the trailers frames. Additionally, a 3D ConvNet, 

pre-trained on the Sports-1M dataset, is fine-tuned on the trailers dataset to focus on the 

motion in the trailers and an MLP model using MFCCs audio features explores the audio 

aspect of the trailer. Finally, a 2D ConvNet model trained on the trailer dataset from scratch 

is employed to capture movie-related elements of the trailers. The 2D ConvNets use as input 

the key frames from the trailers whereas the 3D ConvNet and the MLP models use 

segments from the trailers. The predictions of all the networks are combined to a trailer 

representation which is used in an SVM classifier to provide state-of-the-art genre 

classification accuracy.  

The works mentioned above exploit the visual content of the multimedia items using either 

hand-crafted low-level features or features derived from image descriptors. The deep 

learning approach in [32] doesn’t involve a feature extraction stage as the raw content is 
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used directly as input in the classification model. However, in content-based 

recommendation, the items need to be represented according to the vector space model in 

order to be analyzed and to be recommended by the system. Below, pure CBF 

recommender systems and CF systems using movie content as side information are 

presented in detail, as they are the most relevant to our work.  

In [10], Deldjoo et al propose a pure content-based system that uses stylistic visual features 

extracted from movie trailers and full-movies and compare its performance against 

conventional systems that are based on metadata like the movie genre. The proposed 

approach could be of great value when the metadata is not available or possess low 

discriminatory power. The authors claim that the aesthetic visual features of  a movie like the 

lighting, the color and the motion reflect the wish of the movie makers to convey specific 

emotions to the users and it is likely to determine whether a movie is appealing or not to a 

user.  The key frames of the full movies and the trailers are extracted and a feature vector 

with 5 dimensions is computed. The dimensions refer to the average shot length of the 

video, the mean color variance over the key frames, the mean motion average and standard 

deviation across all frames and the mean lightening key over the key frames. For the 

aggregation of the features into a video representation, statistic functions like average are 

explored. The system computes the cosine similarity between the items and employs a “k-

nearest neighbor” (k-NN) content-based algorithm to recommend to the users items that are 

similar to those they have liked in the past. The authors test their approach in a dataset of 

167 full-length movies and trailers, and they evaluate its performance using the precision 

and recall metrics. The work concludes that the stylistic low-level visual features can predict 

the user preferences in a comparable way to the genre and suggests that the trailers could 

be used as alternative to the full movies when visual features need to be extracted for a 

content-based recommendation task.  

In [33], the authors investigate how the stylistic visual features proposed in [10], could 

enhance the performance of a collaborative filtering movie recommender system addressing 

especially its weakness to deal with the new-item problem. The visual features are 

incorporated as side information in a Factorization Machine algorithm, and the model is 

tested on a dataset of 13K movie trailers. This model shows an impressive tenfold 

improvement in prediction accuracy, compared to the same algorithm exploiting the genre of 

the movie. 

The work in [34] doesn’t propose a new approach for exploiting visual content in the 

recommendation field but investigates the contribution of the stylistic visual features on the 

quality of the recommendations in terms of precision, recall, diversity and novelty. The 

authors conduct a user study to evaluate the user perceived quality and they identify a 

disagreement between the online evaluation and offline evaluation findings. The offline 

evaluation shows that stylistic visual features perform better than high-level features with 

respect to diversity and novelty, whereas the online evaluation suggests the opposite.   

The work in [35] extracts features from the trailers frames using MPEG-7 visual descriptors 

and a pre-trained deep learning network. Aggregation functions like intersection, average 

and median are deployed to provide a single feature vector for the whole trailer, which can 

be integrated as side information in a collective SLIM collaborative filtering method. The 

system is evaluated on a trailer dataset of 13K movie trailers and it is compared with 

collaborative filtering systems that use genre and tags as side information. The precision, 

recall and mean average precision metrics of the Top-N recommendation lists show that the 

MPEG-7 descriptors outperform deep learning features implying that style features are more 

powerful than the content appeared in the frames. The MPEG-7 descriptors perform better 
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than the genre and tag features and, not surprisingly, the Canonical Correlation Analysis 

(CCA) based fusion of the MPEG-7 and deep features delivers the best overall results.  

The most recent work in the movie content-based recommendation field suggests the use of 

multiple deep learning models in the task of feature extraction, aiming to capture various 

visual aspects of the trailer that could contribute in a more accurate movie representation. In 

contrast to [32], the authors in [36] do not include audio, motion and trailer-related features in 

the feature extraction process but focus on the content and the context, deploying very deep 

ConvNets pre-trained on ImageNet and Places-365 datasets. The models extract features of 

the key frames of the trailers and data augmentation techniques are applied to enhance the 

descriptive power of the computed feature vectors. The aggregation of the key frames 

features is critical as the recommender systems require a single representation for the whole 

movie. The authors address this issue by combining the extracted key frame features 

through a scene categorization approach. Using k-means clustering, the feature vectors are 

assigned to scene categories and each trailer is represented by a vector where each 

dimension reflects the relevance of the trailer to the corresponding scene category. The final 

representation is utilized by a pure content-based recommender system. The results of their 

experiments suggest that the features extracted by deep ConvNets are more appropriate 

than low-level visual features in [10] for predicting the users’ preferences in the movie 

domain. The work exploits the power of deep leaning networks in learning visual features of 

images but limits itself by not considering the temporal dimension of the trailers. The 

extraction of action-related features could improve further the value of their proposed 

representation.   

Finally in [14], the authors release the MMTF-14K dataset for the evaluation of video 

recommender systems. Besides the opportunities for advanced research that a dataset with 

metadata, audio and visual descriptors of 13,623 trailers brings, the authors provide baseline 

results for recommender systems based on various content modalities that allow the fast 

evaluation of new methods and approaches in the content-based recommendation task.  

2.2.2. Video representation learning 

 
Our work proposes a visual video representation applied to movie trailers in order to benefit 

the movie recommendation task in cases where the collaborative filtering approach is not 

sufficient. In this regard, a presentation of high profile work in video representation learning 

is considered necessary to understand the challenging nature of the field and how our work 

utilizes and evolves the current practices in order to achieve its goal. 

For many decades, the computer vision community applied a tremendous effort to discover 

techniques and methods that could form a visual representation of an image content that 

could address the quite challenging task of the automatic image understanding [37][38][39].  

Not surprisingly, early work in video representation learning tried to extend those techniques 

in 3D space aiming to produce video descriptors that could facilitate the task of action 

recognition [40] [41]. In this category of hand-crafted descriptors, the improve Dense 

Trajectories (iDT) [42] algorithm achieves the best performance in action recognition task by 

identifying dense feature points in video frames and using the optical flow to track them. 

However, iDT is quite computationally expensive to be adopted as a generic video descriptor 

that could be applied to large-scale datasets [11]. Another approach that could deal with a 

massive amount of videos in the new digital world was under demand and again the 

research effort would begin from the image domain. 
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The recent years, the progress in the GPU hardware and the public release of the very large 

ImageNet [43] dataset led the research community to re-examine the use of neural networks 

in computer vision tasks and propose techniques that enabled the development of deep 

convolutional networks, which vastly outperformed the hand-crafted approaches in visual 

recognition [8]. Since the requirement of very large datasets for the training of the deep 

learning networks could limit the wide deployment of this technique in many interesting 

visual tasks, transfer learning strategies were investigated to address that issue. Two 

approaches were proposed, the ConvNet as fixed feature extractor and the fine-tuning 

approach. The former approach suggests the feature extraction from images through the use 

of the convolutional part of the pre-trained on ImageNet deep convolutional networks, and 

then the use of those features in a classifier, which is adjusted to the specific task. According 

to the latter approach, all or some of the network’s layers are fine-tuned on the target dataset 

by continuing the back-propagation method. Commonly the fine-tuning is applied to the last 

layers of the networks, since the first layers are designed to learn more generic and basic 

features of the images like edges, corners etc, whereas the last layers specialize more to the 

labels of the input data. Initializing the model with the weights of the pre-trained model is 

proved to generalize better than using random initialization in many kinds of applications 

[44]. In [45], the authors investigate the capability of a pre-trained on ImageNet deep 

convolutional network to be used as a generic image descriptor for visual tasks that are 

different from image classification task. Their experiments show that the proposed model 

shows competitive performance against sophisticated hand-crafted descriptors in similar 

tasks like scene classification, object detection, fine grained recognition and visual instance 

retrieval. This finding is of great value since it allows the exploitation of deep learning 

architectures in visual tasks where the data availability for their training is limited.  

The tremendous success of convolutional networks in image domain led the researchers to 

explore their capabilities in the more challenging field of video understanding. The new 

architectures, evaluated mostly in the action recognition task, can be classified into 2 groups 

based on the dimensionality of their convolution layers: 2D ConvNet-based video 

representation; 3D ConvNet-based representation.   

2D ConvNets in video representation learning 

Karpathy et al in [46] present the first work that exploits the use of ConvNets in large-scale 

video classification. The authors propose the feature extraction of the video frames using 2D 

ConvNets and they explore various architectures in order to incorporate the temporal aspect 

of the videos and evaluate their contribution in the action recognition task. The proposed 

CNN architectures for the fusion of time information are presented in figure 2.1.  

 

Figure 2.1.: Architectures for time information fusion [47] 
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The single frame architecture doesn’t consider the time dimension of the video and learns to 
classify the videos into actions classes averaging the class predictions of its individual 
frames. It constitutes the baseline model used to identify how the temporal information 
benefits the performance of the classification network. The late fusion architecture applies 
single-frame networks to every 2 frames that are spaced 15 frames apart and combines their 
spatial information in the first fully connected layer of the network. In that way, the network 
aims to detect the presence of global motion in the system. On the other hand, the early 
fusion architecture combines the spatial information of a sequence of 10 frames in the first 
convolutional network aiming at detecting the local motion in the clip. The following layers of 
the network do not use the temporal dimension preventing the model from identifying global 
motion characteristics of the clip. Finally, the slow fusion architecture incorporates the 
temporal evolution of the 10-frame clip in the first 3 convolutional layers of the network, 
improving significantly the capability of the last layers to capture the global spatiotemporal 
characteristics of the clip. The proposed architectures are evaluated in the very large Sports-
1M dataset showing that the slow fusion model outperforms consistently the other 
architectures. The single frame architecture performs better than the early and late fusion 
models showing that the integration of time in a small part of the network has limited impact 
on the system’s performance. It can be inferred that extending the spatial convolutions in 
time across all the layers of the network can provide significant gains in the system’s 
performance. Furthermore, the authors explore the transfer learning capability of the slow 
fusion model to the popular UCF-101 action recognition dataset. The results show that fine-
tuning on the new dataset only the last 3 layers of the pre-trained model improves 
significantly the performance of the system against training the model from scratch or fine-
tuning all the layers of the network. That finding confirms the generalization ability of a pre-
trained ConvNet to small video datasets. 
 
The poor performance of the proposed slow fusion model in [46] against the state-of-the-art 
hand-crafted representation [47] on the UCF-101 benchmark dataset (65.4% vs 87.9% 
classification accuracy) was an indication that a 2D ConvNet architecture with input multiple 
stacked frames was not able to capture effectively the motion aspect in the video. To 
address that issue, the authors in [48] proposed a two-stream ConvNet architecture 
composed by a spatial and temporal stream. The spatial stream takes as input single video 
frames and is responsible to capture the spatial information of the video based on the 
frames’ appearance. The temporal stream processes multiple stacked optical flows and is 
responsible for capturing the motion in the video.  The approach is presented in the figure 
2.2. Both streams are implemented by the same 2D ConvNet and their prediction softmax 
scores are fused either by averaging or by utilizing a linear SVM classifier. In the training of 
the spatial stream, one single frame is randomly selected for each video in the dataset and 
undergoes scaling, cropping and rotating to provide the inputs to the network. The input for 
the temporal network is based on the computation of the optical flows for L consecutive 
frames around the selected frame. In the testing phase, the system selects for a given video 
25 frames and after data augmentation produces 10 testing samples for each one of them. 
The prediction score of each video derives by averaging the scores of its sample frames. 
The approach is evaluated on the UCF-101 and HMDB-51 datasets. The results show that 
the temporal stream outperforms significantly the spatial stream, which indicates the 
importance of motion modelling in the action recognition task. The fusion of the two streams 
is also found to be important. It improves the performance of spatial and temporal streams 
by 14% and 6% respectively, providing state-of-the-art accuracy on the UCF-101 dataset 
(88%). 
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Figure 2.2: Two-stream architecture for video classification [49] 

 
In contrast to the slow fusion model in [46], Ng et al in [49] do not adopt the use of multiple 
frames as input and they do not extend in time any convolution layer in their proposed CNN 
network. Similar to [46], they use 2D ConvNets to process the individual frames of the 
videos, but they deploy feature pooling and LSTM architectures to aggregate the frame 
representations into a single video descriptor. Various feature pooling architectures are 
explored to determine the position of the max-pooling layer which aggregates the video 
frames over time. The proposed architectures are presented in figure 2.3. In the conv 
pooling model, the max pooling layer aggregates over time the spatial features of the frames 
from the last convolution layer, whereas in the late pooling model, it aggregates the high-
level features of the frames from the last fully connected layer. The slow pooling model 
aggregates the convolutional features of a small sequence of frames, combines the 
aggregated spatial information in the first fully connected layer and then aggregates the high 
level features of the sequences in a new max pooling layer before it delivers them in the last 
convolutional layer. The local pooling network aggregates the spatial information in the 
frame sequences but in contrast to the slow pooling model, it uses a larger final softmax 
layer that takes as input the high-level features of each sequence, without employing a 
second pooling layer among the 2 fully connected layers. The last proposed architecture, 
called time-domain convolution, performs a time convolution layer over the spatial features 
of the frames in order to capture local features inside small sequences of frames. Next, it 
performs max-pooling on the output of the time convolution layer and passes the aggregated 
features through the 2 fully connected layers. The feature pooling architectures aggregate 
the frame features over time but they do not take into account the temporal order of the 
frames. In addition to the feature pooling network, the authors propose a LSTM architecture 
to exploit the temporal order of the sequences. They evaluate the performance of the 
proposed architectures on the Sports-1M dataset. Regarding the feature pooling 
architectures, the conv pooling model displays the best performance showing that keeping 
spatial information of frames in the aggregation stage benefits the action classification task. 
The authors also examine the effect of the input size finding that using 120 frames (2 min at 
1 fps) delivers better classification accuracy than using 30 frames. The need for a 
computationally efficient global video descriptor led the users to process frames at a rate of 
1 fps losing, in that way, the motion information of the video. To address that issue, they 
precomputed optical flow frames and they used them as input in the same architectures. 
Fusing the prediction results from both streams, they found that the contribution of optical 
flow in the video classification, on noisy datasets like Sports-1M, is not significant. However, 
evaluating the contribution of the optical flow information on the less noisy UCF-101, the 
results are different. An improvement of 6% on the conv pooling performance is reported, 
which improves slightly the state-of-the-art performance on the dataset (88.2%).  
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Figure 2.3: Feature-pooling architectures [50] 

 

3D ConvNets in video representation learning 

The research community and the industry acknowledge that an effective video descriptor 

could benefit significantly various video analysis tasks. The pre-trained on ImageNet 2D 

deep ConvNets have proved that are capable of capturing the appearance in a video with 

respect to the objects and the scenes in its frames, but their performance in modelling the 

video’s motion is found to be very poor. Two stream architectures address that problem 

providing state-of-the-art results in the action recognition task but their structure does not 

facilitate the generation of a simple, efficient and scalable video descriptor. The 3D 

ConvNets utilize 3D convolution kernels providing spatio-temproral features that capture 

simultaneously the appearance and the motion in the video. In that way, they are able to 

integrate the temporal dimension of their multiple-frame input and provide a representation 

that could be used as a generic video descriptor. The figure 2.4 shows that only 3D 

convolutions on multiple frames retain the temporal information in the system. 2D 

convolutions, performed on a sequence of frames, produce as output an image where the 

time information is eliminated.  

 

Figure 2.4: 2D and 3D convolution operations [11] 

Tran et al in [11] propose the use of a 3D ConvNet (C3D) to extract spatiotemporal features 

from videos. The model trained on the Sports-1M dataset is capable of operating as fixed 

feature extractor for various datasets and tasks. The proposed ConvNet consists of 8 

convolutional layers, 5 max pooling layers, 2 fully-connected layers and a softmax layer that 

provides the prediction scores of the input clip for each one of the available classes in the 

dataset (figure 2.5).  
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Figure 2.5: C3D architecture [11] 

After experiments on the small UCF-101 action recognition dataset, the authors concluded 

that a 3x3x3 kernel for all the convolutional layers is the most effective ConvNet architecture 

for aggregating the temporal dimension on a deep network. The C3D model is trained with 

16-frame clips and each frame is resized and cropped to give a fixed size input with 

16x3x112x112 dimensions. After its training on the very large Sports-1M dataset, the last 

two layers of the model are removed to formulate the first deep learning based video 

descriptor.  

The C3D descriptor of a video is obtained according to the following process: 

Each video is split in 16-frame segments having 8 frames overlap between adjacent 

segments. The network processes each segment of the video and provides the activations of 

the fc6 fully connected layer as the clip representation. The clip representations are 

averaged and normalized to provide the descriptor of the whole video in a vector of 4096 

dimensions.   

The C3D descriptors combined with a linear classifier are evaluated in 6 benchmark 

datasets showing state-of-the-art performance in action similarity, scene classification and 

object recognition tasks. In action recognition task they provide the best results when only 

the RGB frames of the video are used as input of the model. The descriptor’s performance is 

also comparable with architectures that additionally incorporate explicitly the motion 

information through the use of optical flows.  

The performance of C3D descriptors in various tasks shows that the action recognition 

dataset possesses the appropriate information for a 3D deep-learning network to learn 

generic video representations.   

Sports-1M dataset provides a large dataset that makes possible the training of deep 3D 

ConvNet architectures preventing their overfitting. However its weak annotation is very likely 

to limit the effectiveness of the provided features.  A large expert annotated video dataset 

could enable the utilization of much deeper architectures, learning even more powerful video 

representations.   

The Kinetics Human Action Video dataset [50] was developed to provide a large dataset of 

high annotation quality, that could boost the performance of deep ConvNets in human action 

recognition task. It contains over 300000 videos of human actions belonging in 400 classes 

that cover a wide spectrum of human activities. Each video has a duration of around 10s 

containing frames that are relevant to a certain action. Not specializing on sports actions and 

not including noisy frames are two elements that favor it against the biggest Sports-1M 

dataset for the training and evaluation of deep ConvNet architectures on the action 

recognition task.  

The advent of the Kinetics dataset led the authors in [51] to investigate the ability of the new 

dataset to play a role similar to the ImageNet dataset for video analysis tasks. The size and 

the quality of ImageNet dataset were critical in the development of extremely powerful, 

advanced, deep 2D ConvNet architectures in object recognition task. In this regard, the 

utilization of the Kinetics dataset in the training of deep 3D ConvNets for action recognition, 

could provide models that learn more accurate video representations than the shallow C3D 

descriptor (10 layers). The authors select the successful in image classification architecture 
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ResNet [52] in various depths and extend their convolution and pooling operations in the 3D 

space. They also explore extended versions of the ResNet architecture like the pre-

activation ResNet [53], wide ResNet (WRN) [54], ResNeXt [55], and DenseNet [56]. The 

figure 2.6 shows the block for each architecture. They evaluate the proposed models on 4 

action recognition datasets, namely the Kinetics, the UCF-101, the HMDB-51 and the 

ActivityNet. They find out that the Kinetics dataset is large enough to train very deep 3D 

ResNet architectures without overfitting them. The kinetics dataset enables the utilization of 

3D ResNet models with depth of 152 layers (ResNet-152), whereas the smaller datasets 

UCF-101 and HMDB-51 cannot prevent overfitting even for models with 18 layers (ResNet-

18). Similar to the ImageNet case, it is found that increasing the depth of the 3D ResNet 

models from 18 to 152 layers leads to significant improvement in the classification accuracy. 

However, the improvement from ResNet-152 to ResNet-200 is very small indicating that the 

data of the Kinetics dataset is not sufficient to train a model with 200 layers.   

 

 

Figure 2.6: 3D ResNet-based architectures [52] 

The authors compare the performance of the proposed models with the state-of-the-art 2D 

and 3D architectures on the 4 datasets. Among the proposed architectures the best 

performance on Kinetics dataset is achieved by the ResNeXt-101 model which is also 

comparable with the state-of-the-art model I3D [57]. Unlike the ResNeXt-101 model, the I3D 

model is a two-stream 3D architecture and its input is 64 times larger than the one used in 

the ResNeXt-101 model. The dimensions of the input for the ResNeXt-101 model is 

3x16x112x112 whereas the dimensions of the input for the I3D model are 3x64x224x224. 

Keeping only the spatial stream of the I3D model and increasing the duration of the 

ResNext-101 model’s input to 64 frames, the best accuracy in the Kinetics validation and 

test datasets is provided by the modified ResNeXt-101 model. Finally, the authors fine-tuned 

the pre-trained on Kinetics ResNet models on the UCF-101 and HMDB-51 datasets. The 

results are similar to the Kinetics dataset, showing that the ResNeXt-101-64f model 

outperforms all the 2D architectures and the 3D ones that are exploiting only the RGB 

frames of the video. The ResNeXt-101-64f model far outperformed the C3D model on the 

UCF-101 dataset (94.5% vs 82.3%) showing its power in generating accurate video 

representations. 

Our work uses the pre-trained on Kinetics ResNeXt-101-64f model to extract spatiotemporal 

features from the movie trailers segments. 
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3 
Approach 

 

Our approach proposes the extraction of spatiotemporal features of the movie trailers using 

a pre-trained 3D ConvNet and their utilization into a feature pooling network towards the 

generation of a genre-aware movie descriptor, called GenreVis_3D. The contribution of the 

proposed movie descriptor in the recommendation task is evaluated by its use to a pure 

content-based filtering recommender system. Offline and online experiments are conducted 

to evaluate the performance of the proposed representation against pure textual and visual 

representations, namely the genre and the visual features provided by 3D deep-learning 

networks.  The fundamental assumptions in our work are that the trailers are visually 

representative of their full-length movies as is suggested in [10] and that the 3D deep 

learning networks trained in a very large video dataset for the action recognition task can be 

used as fixed visual feature extractors for videos like movie trailers as suggested in [11].  

3.1. GenreVis_3D movie descriptor 
 
The process of generating the GenreVis_3D descriptor consists of two stages: the visual 

feature extraction stage and the Deep Bag of Segments (DBoS) pooling stage.  

3.1.1. Visual feature extraction  

 
One of our main hypotheses is that there is a value in representing a video using spatio-

temporal features instead of considering it as a sequence of static frames where their order 

is not important. We claim that a descriptor that incorporates the temporal aspect of the 

video could provide a rich representation that could address the limited content analysis 

problem of the content-based recommender systems.   

Inspired by the success of deep 2D Convolutional Neural Networks (ConvNets) in the 

generation of generic feature representations for images, we suggest the use of deep 3D 

ConvNets to acquire generic visual features for the segments of the trailers. The use of 3D 

kernels along with the use of consecutive frames as input enables the capture of the 

temporal aspect of the video. The big drawback of the 3D ConvNets is that they have a huge 

number of parameters that makes them hard to train. Training 3D ConvNets with small 

datasets results in their overfitting, limiting their ability to provide a generic visual 

representation. The recent launch of the very large video dataset Kinetics overcomes that 

issue enabling the training of deep 3D CNNs in the task of action recognition and the 

transfer of their learned parameters to other datasets and tasks. In this work, we employ a 

deep 3D ConvNet pre-trained on Kinetics dataset to extract features from the trailers 
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assuming that the network parameters are able to generalize in a movie dataset and provide 

features that could recognize actions in movie trailers.  

We use the deep pre-trained on Kinetics 3D ResNeXt-101-64f network as it achieves the 

highest accuracy in the action recognition task on the Kinetics dataset compared to the 

state-of-the-art methods when the RGB frames of the videos are used as input. It also 

outperforms the other methods when it is used for fine-tuning on the popular but smaller 

video datasets UCF-101 and HMDB-51. This fact supports our hypothesis that this model is 

able to generalize well, learning from trailers features that reflect the motion and the 

appearance of the movie. 

The 3D ResNeXt-101 network is a 101 layers deep network trained on Kinetics dataset to 

classify over 300,000 videos into 400 action classes. It consists of 5 convolution layers, 1 

global average pooling layer and a fully connected layer. The network was trained using 

stochastic gradient descent (SGD) with momentum 0.9, weight decay 0.001 and learning 

rate that starts at 0.1 and is divided by 10 after the validation loss saturates. Spatial and 

temporal data augmentation was performed generating training samples of size 3 channels x 

64 frames x 112 pixels x 112 pixels. Detailed description of the network is available in [52].    

We provide to the pre-trained network, as input, every trailer of the dataset in order to extract 

its visual features. The network is designed to receive, as input, segments of 64 frames with 

size 3x112x112 pixels and consequently the trailers are preprocessed to meet that 

requirement.     

Each trailer of the dataset is divided in segments of 64 frames which are scaled to 

3x112x112 pixels as follows: 

The small dimension of the frame becomes always equal to 112 pixels. A frame with 

dimension w x h (h > w) is converted to a frame with dimensions ((112 * height / width, 112). 

Then the frame is cropped in its center to provide a 112x112 frame.  

No features are extracted from segments with less than 64 frames.   

The network processes the trailer and we obtain, for every segment of the trailer, its visual 

representation through a vector, including the activations of the network’s global average 

pooling layer. With that approach, each 64-frame segment of the videos is represented with 

a feature vector of 2048 dims. 

3.1.2. Deep Bag of Segments (DBoS) pooling 

 
Recommender systems use, in filtering, single item representations in order to discover 

items that fit the user preferences. The feature vectors of the trailer segments are 

preprocessed and then, they are used by a pooling network to provide the GenreVis_3D 

representation of the trailer. PCA is applied to all segments of the trailers and a compact 

representation is obtained that captures 95% of the variance, reducing the number of 

dimensions from 2048 to 128 for each segment.   

Our approach is inspired by the notion of Deep Bag of Frames (DBoF) network [12] and 

extends it to the Deep Bag of Segments (DBoS) network, aiming to aggregate the feature 

vectors of the trailer segments to a single movie representation.  In contrast with the DBoF 

approach we don’t aspire to have a generalized video descriptor and we consider that a 

representation that specializes to the labels of the video, namely the genre, could provide a 

valuable movie representation for the task of movie recommendation. Our work investigates 



       

26 
 

which layer of the proposed DBoS network provides the genre-aware movie representation 

with the best performance in a CBF recommender system.  

Our DBoS network (Figure 3.1) is composed by 2 fully-connected layers with ReLU 

activations, one max pooling layer between them and finally one fully connected layer that 

predicts the genre of the movies based on the 128-dimensional feature vectors of k 

segments of their trailer. The input segments can be selected either from the beginning of 

the trailer or randomly. The input is fed in the first fully connected layer where it is converted 

after ReLU into a sparse representation of 1024 x k dimensions. That representation is 

passed through the max pooling layer and provides the first available single representation 

for the whole movie. We name the representation GenreVis_3D_pool and each one of its 

1024 dimensions represents a discriminatory element of the genre that is learnt by the 

network through back-propagation. Using this approach, we have the possibility to generate 

more movie representations adding fully connected layers between the pooling layer and the 

final fully connected layer that classifies the trailer into its genres. We believe that, such 

representations, which combine the visual information extracted from a 3D ConvNet network 

with the information contained in its genre label, could provide a meaningful and useful 

representation for the movie recommendation task. We add a fully connected layer before 

the output layer, and we name it GenreVis_3D_fc2. It provides a more compact 

representation with 512 dimensions that combines the learned features from the previous 

layer. We explore also how the ReLU activation function affects the performance of the 

representation in the recommendation task, creating the representation GenreVis_3D_fc2-R. 

The GenreVis_3D_fc2-R representation has also 512 dimensions but keeps only the positive 

values of the previous layer. The negative values of the previous layer become zero. Finally, 

we investigate the usefulness of the output of the network as movie representation. The 

output named GenreVis_3D_fc3 provides a very compact descriptor with dimensions equal 

to the number of available genres in the dataset and the value of each dimension reflects the 

extent that a genre applies to the movie.  

 

Figure 3.1: DBoS Pooling Network 

The network is trained using Stochastic Gradient Decent (SGD) with learning rate 0.1 and 

weight decay 0.0001. The loss function of the network optimizes a multi-label one-versus-all 

loss based on max-entropy for each sample in the input batch. The network is trained until 

we achieve training error equal to 0 since we desire for the network to overfit and learn 

patterns that are specific to the movie dataset.  
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Experimentation is required to suggest which variant of the GenreVis_3D representation is 

the most beneficial to the recommendation task. Exploring the effect of the layer (pool, fc2, 

fc2_R, fc3), the number (20, 50, 80) and the order (first or random) of the input segments, 

we generate for each trailer 24 variants of the GenreVis_3D representation.  

3.2. Baseline representations 
 
We are using as baseline representations to compare and evaluate our approach the genre 

representation of the movie and the visual representation derived by the pre-trained 3D deep 

learning network, called Visual_3D.   

3.2.1. Genre representation 

 
The genre representation is a binary vector with dimensions equal to the number of the 

genres in the dataset. The value of each entry in the vector is 1 if the respective genre 

applies to the movie and 0 if it doesn’t.  

3.2.2. Visual_3D descriptor 

 
The Visual_3D descriptor derives from the statistical aggregation of the deep visual features 

of the trailer segments. For each trailer we are generating 2 representations using the mean 

and the median functions. Each element of the Visual_3D_mean and Visual_3D_median 

descriptors is the average and the median of the corresponding elements of the feature 

vectors of the video segments, respectively. Standardization is applied to all the feature 

vectors of the trailers and PCA is employed to decorrelate the features and provide trailer 

vectors that are reduced to a dimensional space that represents at least 95% variability of 

the data. The reduced size of the final descriptors depends on the dataset that we use in our 

recommendation task. 

3.3. Recommendation  
 
We assess the value of our proposed representation using it as input to a pure content-

based filtering recommender system. We employ a “k-nearest neighbor” (k-NN) approach 

according to which the system recommends or not to a user an item, considering the ratings 

of the user to its k most similar items. Each item  is represented by a feature vector  

according to the selected representation approach and the cosine similarity equation (1) is 

applied to compute the similarity between all the items.  For each item , a set with its k 

most similar items is created. The predicted rating of a user  to an unseen item  is 

estimated using the ratings of the user to its neighbors’ items in the set according to the 

equation (2). The goal of the system is to recommend items that are similar to the ones the 

user has rated positively in the past. In the end, the algorithm recommends to each user  

unseen items with the highest predicted rating score. The cut-off value  defines the size of 

the recommendation list and typical values for movie recommender systems are 5, 10 and 

25.   
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4 
Offline experiment 

 
We conduct both, offline and online, experiments to evaluate how the use of our proposed 

representation affects the performance of a movie recommender system compared with the 

use of genre and Visual_3D representations. In addition, we use offline evaluation to 

understand how the various options in the generation of the GenreVis_3D descriptors affect 

the recommendation quality, then choose the ones that should be tested online in the real-

world environment of Videoland. For our offline experiments we are using 2 datasets. The 

first one is a subset of the publicly available movie dataset MMTF-14K and the second one 

is a subset of the movie dataset of Videoland. The offline experiment in Videoland dataset is 

conducted to guide our model selection for the online experiment in a way that takes into 

account the properties of the system tested online. Furthermore, having two different 

datasets help us verify how our approach performs on datasets with different statistics.  

4.1. Datasets 

4.1.1 MMTF-14K Dataset  

 
The MMTF-14K [14] dataset is a multi-faceted dataset that is designed to support the 

evaluation of video-based recommender systems and other multimedia tasks like auto 

tagging and genre classification. It includes metadata, audio and visual descriptors for 

13,623 movie trailers along with their 12.5 million 1-to-5 star ratings provided by 138,492 

users. For our experiment, we use a subset that includes ratings from randomly selected 

3,000 users, with the condition that each user has rated more than 50 movies. The statistics 

of our experiment’s dataset is shown in the following table. 

Dataset |U| |I| |R| |R| / |U| |R| / |I| |R| / |U| * |I| 

MMTF-14K 3,000 7,866 517,710 172.57 65.81 0.021 

Table 4.1: MMTF-14K dataset 

For each item in the dataset, we apply the methodology described in chapter 3 to generate 

its GenreVis_3D and Visual_3D representations. After applying PCA, the dimensions of the 

Visual_3D_mean and the Visual_3D_median representations of the items are 75 and 400, 

respectively. The size of the GenreVis_3D_fc3 and genre representations is equal to 18.   

4.1.2. Videoland Dataset 

 
The Videoland dataset has quite different properties from the MMTF-14K dataset. It has a 

much larger number of users and ratings, the number of its items is much smaller, its ratings 

derive from explicit and implicit user feedback and it includes not only movies but also 

series.  
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The Videoland dataset is composed of ratings from 100,000 randomly selected users to a 

subset of 1,600 items, with the condition that each user has rated more than 50 items. In 

contrast to the MMTF-14K, the ratings of the users are not only explicit. Videloand has in 

place a way to combine implicit and explicit ratings in a 0.1-1 scale. This is done through a 

series of functions, which map the viewing completion rate of the items to a number between 

0.2 and 0.7. The completion rate for the movies refers to the minutes of the item watched by 

the user over the total duration of the item, whereas for the series the system considers the 

number of watched episodes over the total number of episodes. The ratings of the items 

reflect the probability that a user would like and watch an item. In the case that the user 

rates the item explicitly using the thumbs-up and thumbs-down buttons, the completion rate 

is not taken into account. Thumbs-down and thumbs-up actions are converted to 0.1 and 1 

ratings, respectively. The way that Videoland uses the viewing time for the generation of 

implicit ratings is crucial for the performance of its recommender systems since it addresses 

one of the biggest issues in the recommendation task, which is the sparsity of the ratings 

matrix due to the typical unwillingness of users to provide explicit feedback.  

 

 

 

Another important characteristic of the Videoland dataset is that includes not only movies but 

also series. For every series, the system considers one item that refers to all the series’ 

seasons and episodes. At this point, we should mention that for the items that the trailer was 

not available, representative video clips were collected manually from YouTube to provide 

the necessary visual content for our approach. This process was followed for almost all the 

series items.  

For each item in the dataset, we apply the methodology in chapter 3 to generate its 

GenreVis_3D and its Visual_3D representations. After applying PCA, the dimensions of the 

Visual_3D_mean and the Visual_3D_median representations of the items are 70 and 250, 

respectively. The size of the GenreVis_3D_fc3 and genre representations is equal to 23.    

4.2. Offline evaluation 
 
We evaluate the accuracy of the proposed movie recommender system by using the mean 

average precision (mAP), precision and recall metrics as they focus on the capability of the 

system to include in the recommendation list items that the user would select to consume, 

being the appropriate metrics for our experiments. Finally, we perform five-fold cross 

validation to assess the capability of our approach to generalize in independent datasets.  

We split the available dataset into a train and a test dataset using a ratio 80:20. As positive 

are considered the ratings that are equal or higher than 4 and 0.7 for the MMTF-14K and 

Videoland datasets, respectively.  

The precision metric represents the proportion of the recommended items that are included 

in the test dataset. The meaning of this metric reflects the success of the system in providing 

items that meet the user preferences.  
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The mean average precision metric evaluates how the system performs in terms of precision 

for various cutoff values indicating the capability of the system to recommend relevant items 

at the first places in the list. The cutoff value represents the size of the recommendation list. 

This metric is quite important since we can assume that many of the users will look at the 

first recommendations and they will not persist to examine the full recommendation list.   

The recall metric represents the proportion of the test items that are included in the list of the 

recommended items. This metric reflects the capability of the system to discover and deliver 

the items that the user likes.  

Computationally, the difference is that the precision refers to the number of the positively 

rated recommended items over the total number of the recommended items, whereas the 

recall refers to the number of the positively rated recommended items over the total number 

of the positively rated items in the test dataset. 

Furthermore, we estimate other metrics that could help us to evaluate the quality of our 

recommendation approach. The additional metrics considered are novelty, diversity and 

coverage.  

The novelty metric reflects the capability to recommend relevant items that the user would 

hardly discover. It is expressed by the mean popularity rank of the items in the 

recommendation list. The most popular item has rank equal to the size of the movie dataset. 

The lower the mean popularity is, the more novel the recommendation list is.  

The diversity metric assesses a different aspect, quantifying the capability of the system to 

recommend items which cover the whole spectrum of the users’ preferences. This metric is 

computed by measuring the intra-list similarity of the recommended items with respect to 

their genre.  

Lastly, the coverage metric expresses the capability to provide recommendations that span 

the item catalog. It refers to the number of the distinct items recommended over the total 

number of the items in the catalog.  

4.3. Models 
 
The total number of models evaluated for each dataset is 81, namely 72 using the 

GenreVis_3D representation, 6 using the Visual_3D representation and 3 using the genre 

representation. This is the result of our endeavor to explore how some key parameters in the 

models’ design affect the recommendation performance. The GenreVis_3D representation 

used in the recommender models varies on the layer of the DBoS network selected to 

provide the single representation (pool, fc2, fc2-R, fc3), the number of trailer segments used 

as input in the DBoS network (20, 50 and 80) and the use of random trailer segments as 

input in the DBoS network (r) or the use of segments arranged in order starting from the 

trailer’s beginning (f). For the Visual_3D representation, we examine the performance of the 

models when the mean and the median function are selected for the aggregation of the 

trailer’s segments’ features. For genre and all the above mentioned representations, we 

explore the impact of k in the k-NN recommendation algorithm, examining the use of 10, 64 

and 100 neighbors. For example, a model named GenreVis_3D_pool_80f_64 corresponds 

to a model that uses 64 neighbors in the k-NN algorithm and as content representation the 

pool layer of the DBoS network in which the 80 first segments of the trailer have been used 

as input. 
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4.4. Implementation 
 
The trailer files of both datasets were collected from YouTube. The feature extraction of the 

video files was implemented in an Amazon EC2 P2 machine with 1 NVIDIA K80 GPU of 12 

GB memory using the PyTorch framework. The pre-trained model and the code used for the 

feature extraction was obtained from the github repository in [58]. The batch size used as 

input in the network was 32 trailers and in 1 hour the model extracts the features of around 

1,5 GB trailer files.   

The DBoS network providing the GenreVis_3D representation was also implemented in an 

Amazon EC2 machine using the PyTorch framework. The batch size for the MMTF-14K was 

256 trailers in the training phase of the network and 30 trailers in the phase of the extraction 

of the layers activations as the movie representations. The respective batch sizes for the 

Videoland dataset were 90 and 30. 

The generation of the baseline representations, Visual_3D and genre, was implemented in a 

personal laptop using Python. Python was also used in data processing tasks like PCA, 

standardization and the transformation of the deep segments’ features to a form that can be 

used as input by the DBoS network.   

The recommendation algorithm was implemented using the Turi Create platform. Turi Create 

is an open source framework owned by Apple which provides high performance toolkits that 

facilitate various machine learning tasks like image classification, object detection, 

recommender systems and so on. We use the item_content_recommender library to train 

our content-based models and evaluate it with respect to the accuracy metrics. The 

evaluation of our models regarding the non-accuracy metrics was implemented using 

common Python libraries (pandas, numpy and scikit-learn). 

4.5. Results 

4.5.1. MMTF-14K dataset 

 
Since we evaluate the quality of the recommender systems with respect to many metrics, we 

select for each representation the models that have the best performance in terms of 

accuracy and then we additionally evaluate them on how they perform with respect to the 

diversity, novelty and coverage metrics. In the next stage of our tests, we analyze in more 

detail the results in order to understand the impact of each parameter on the utility of the 

recommender system. Having 3 accuracy metrics we select to use as single decision 

criterion the mAP metric since it considers, not only the accuracy, but also the order in which 

the relevant recommendations are provided. The best models, with respect to mAP metric, 

for the genre-aware visual, the pure visual and the genre representations are the 

GenreVis_3D_pool_80f_10, the Visual_3D_median_10 and the Genre_64, respectively.  

Figure 4.1 shows the mAP metric at cutoff values 5 and 10 for the most accurate models in 

each category of the representations.  
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Figure 4.1: mAP@5 and mAP@10 (MMTF-14K) 

 

The GenreVis_3D descriptor provides the best performance in this metric showing its 

capability to recommend relevant items placing them in the top positions of the 

recommendation list. However, it should be mentioned that the performance of genre 

representation is very close to the GenreVis_3D. The figure 4.2 shows the precision-recall 

metrics for the models, confirming the capability of the genre-aware representation to 

provide accurate recommendations. The genre representation provides very good results for 

high cutoff values, whereas the accuracy of the model based on the Visual_3D descriptor is 

very low compared to the other two approaches. At this point it is worth mentioning that 

GenreVis_3D descriptor is more accurate when the recommendation list is small, and that 

the genre performance increases significantly along with the size of the list. 
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Figure 4.2: Precision – Recall (MMTF-14K) 

The figure 4.3 presents clearly the superiority of the Visual_3D and the GenreVis_3D 

descriptors against genre in providing diverse recommendations which, as the research 

suggests, it is a property in recommender systems strongly connected to user satisfaction 

[59] [60]. The diversity of GenreVis_3D and Visual_3D descriptors is almost 4 and 5 times 

higher than the diversity provided by genre respectively for cutoff value equal to 25.  

 

Figure 4.3: Diversity (MMTF-14K) 
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Regarding novelty, the results in Figure 4.4 illustrate that genre recommendations concern 

items with much higher popularity than the ones provided by GenreVis_3D and Visual_3D 

representations, making it less useful for the user and the movie provider. Our statement is 

based on the claim that the important benefit, in using recommender systems, is that users 

find relevant items that otherwise would have not found. In contrast, popular items are widely 

promoted, and it is rather easy for such an item to be found. 

 

Figure 4.4: Popularity rank (MMTF-14K) 

Finally, the results in coverage (Figure 4.5) show that more products of the catalog are 

considered when the GenreVis_3D and Visual_3D representations are favored against 

genre in the recommendation setting.  



       

35 
 

 

Figure 4.5: Coverage (MMTF-14K) 

To conclude, the proposed representation GenreVis_3D provides very similar accuracy with 

genre providing however at the same time much better performance in other quality metrics 

like diversity, novelty and coverage. The Visual_3D representation has the best performance 

in all the non-accuracy metrics but its poor performance in accuracy metrics doesn’t allow us 

to conclude that it is more beneficial than GenreVis_3D since recommending items that fit 

the user preferences is perhaps the most important requirement for a recommender system. 

Tables 4.2 and 4.3 present the accuracy and non-accuracy evaluation metrics on the MMTF-

14K dataset.    

  

 GenreVis_3D_pool_80f_10 Visual_3D_median_10 Genre_64 

mAP@5 0.0183 0.0031 0.0134 

mAP@10 0.0142 0.0038 0.0120 

Precision@5 0.0118 0.0038 0.0109 

Precision@10 0.0094 0.0050 0.0101 

Precision@25 0.0082 0.0056 0.0103 

Recall@5 0.0096 0.0066 0.0092 

Recall@10 0.0121 0.0086 0.0125 

Recall@25 0.0197 0.0149 0.0240 

Table 4.2: Accuracy metrics (MMTF-14K) 
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GenreVis_3D_pool_80f_10 Visual_3D_median_10 Genre_64 

Diversity@5 0.44 0.73 0.05 

Diversity@10 0.50 0.75 0.09 

Diversity@25 0.57 0.76 0.16 

Popularity_rank@5 7648.59 7857.48 10265.27 

Popularity_rank@10 7570.81 7852.24 10070.51 

Popularity_rank@25 7527.41 7823.85 9596.00 

Coverage@5 0.07 0.09 0.08 

Coverage@10 0.11 0.14 0.10 

Coverage@25 0.20 0.24 0.16 

Table 4.3: Non - accuracy metrics (MMTF-14K) 

 

 

 

4.5.2. Videoland dataset  

 
Finding the results of the MMTF-14K dataset quite interesting and promising, we follow the 

same procedure to evaluate our approach in a dataset with different statistics, like Videoland 

dataset and understand its generalization capabilities.  

Similar to the MMTF-14K dataset, we focus on the mAP metric to select which models will 

represent each representation approach and will be evaluated on all the available metrics.         

From the beginning of our analysis, we find out that the most accurate models do not share 

the same parameters with the models in the MMTF-14K dataset.  

The best models with respect to mAP metric for the genre-aware visual, the pure visual and 

the genre representations are the GenreVis_3D_fc3_20r_64, the Visual_3D_mean_64 and 

the Genre_100, respectively. Surprisingly enough, we see that the best models in the 2 

datasets are different across all the design parameters.    

The figure 4.6 shows that the GenreVis_3D improves significantly the accuracy of the 

system compared to the Visual_3D and genre representations. The genre representation 

presents the worst performance in this metric.  

The GenreVis_3D representation in both datasets seems to be capable of not only 

identifying which items are relevant, but also ranking them properly according to their degree 

of relevance.   

Looking at the precision and recall metrics in figure 4.7 we confirm the superiority of the 

GenreVis_3D representation against the other two approaches in the task of predicting 

correctly the users’ preferences.  
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Figure 4.6: mAP@5 and mAP@10 (Videoland) 

     

Figure 4.7: Precision – Recall (Videoland) 
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Regarding the diversity (figure 4.8), as expected, the best by far performance is shown by 

Visual_3D representation since it is absolutely independent from genre, attribute by which 

the diversity is defined. The GenreVis_3D representation, not surprisingly, improves slightly 

the extremely poor performance of the genre representation.  

 

Figure 4.8: Diversity (Videoland) 

Regarding the novelty, we see in figure 4.9 the same pattern with the diversity case. The 

Visual_3D descriptor recommends the less popular items whereas the GenreVis_3D 

representation performs slightly better than genre, not achieving however to recommend 

items of low popularity. Figure 4.10 shows that the performance in the coverage metric is 

quite similar for all the representations.  
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Figure 4.9: Popularity rank (Videoland) 

 

 

Figure 4.10: Coverage (Videoland) 

To conclude, the results for Videoland dataset are quite different to the findings in the 

MMTF-14K dataset. The proposed representation GenreVis_3D delivers by far the best 

performance with respect to accuracy but regarding the non-accuracy metrics, it proves to 
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be less powerful than the Visual_3D representation.  The Visual_3D representation 

outperforms the other approaches with respect to diversity, novelty and coverage achieving 

additionally competitive accuracy to genre. Tables 4.4 and 4.5 present the accuracy and 

non-accuracy evaluation metrics on the Videoland dataset.  

   

 
GenreVis_3D_20r_64 Visual_3D_mean_64 Genre_100 

mAP@5 0.041 0.023 0.019 

mAP@10 0.037 0.022 0.020 

Precision@5 0.039 0.023 0.019 

Precision@10 0.030 0.020 0.020 

Precision@25 0.029 0.019 0.023 

Recall@5 0.027 0.017 0.015 

Recall@10 0.039 0.027 0.027 

Recall@25 0.088 0.060 0.070 

Table 4.4: Accuracy metrics (Videoland) 

 

 GenreVis_3D_20r_64 Visual_3D_mean_64 Genre_100 

Diversity@5 0.08 0.59 0.04 

Diversity@10 0.11 0.61 0.08 

Diversity@25 0.18 0.66 0.11 

Popularity_rank@5 1070.62 862.48 1113.65 

Popularity_rank@10 1066.92 860.48 1107.81 

Popularity_rank@25 1042.95 869.32 1077.36 

Coverage@5 0.62 0.66 0.68 

Coverage@10 0.74 0.74 0.74 

Coverage@25 0.85 0.84 0.83 

Table 4.5: Non-accuracy metrics (Videoland) 

 

At this point it is worth mentioning that the GenreVis_3D approach is quite flexible in 

providing models that could focus on the performance of the system in particular metrics. In 

Videoland dataset for instance, the model GenreVis_3D_pool_20f_64 model could be 

favored against GenreVis_3D_fc3_20r_64 to provide more diverse recommendations with 

competitive accuracy to the genre and Visual_3D representations, if the improvement in 

diversity is considered to be more important than the improvement in the accuracy. The 

performance in accuracy (cut-off value 10) and diversity of the 3 approaches with the new 
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GenreVis_3D model is presented in the figures 4.11 and 4.12. Obtaining a representation 

from a different layer of the DBoS network, we could have a genre-aware representation that 

improves significantly diversity at the expense of the delivered accuracy. Table 4.6 shows 

the results with the new model.  

 

 GenreVis_3D_pool_20f_64 Visual_3D_mean_64 Genre_100 

mAP@10 0.022 0.022 0.020 

Precision@10 0.020 0.020 0.021 

Recall@10 0.027 0.027 0.027 

Diversity@5 0.32 0.59 0.04 

Diversity@10 0.35 0.61 0.08 

Diversity@25 0.42 0.66 0.11 

Table 4.6: Evaluation metrics with GenreVis_3D_pool model (Videoland) 

 

 

 

Figure 4.11: Accuracy with GenreVis_3D_pool model (Videoland) 
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Figure 4.12: Diversity with GenreVis_3D_pool model (Videoland) 

4.6. The impact of GenreVis_3D parameters 
 
The generation of the GenreVis_3D representation requires the determination of 3 

parameters, namely the layer of the DBoS network, the number of trailer’s segments used as 

network’s input and the way the segments are selected (randomly or in order). Examining 

also the values 10, 64 and 100 for the number of neighbors in the k-NN algorithm, we 

generate in total 72 GenreVis_3D models and we evaluate how each parameter affects their 

performance in the recommendation task. Our purpose is to identify how the parameters 

determining the representation should be chosen, in order to achieve the desirable 

recommendation utility.  

4.6.1. MMTF-14K 

 
Figures 4.15, 4.16, 4.17 present how the layers and the number of the input segments affect 

the performance of the recommender system with respect to mAP, precision, recall, 

diversity, novelty and coverage for the MMTF-14K dataset, when ordered or random input 

segments are used respectively. The figures refer to the cutoff value 10, since the other 

values do not offer additional insights to the analysis. We report the maximum value for each 

parameter and metric.  

Regarding the layers (figure 4.15), the pool layer provides the best performance with respect 

to the accuracy, diversity and novelty. On the other hand, the fc3 layer achieves the best 

performance with respect to coverage. 

The figure 4.16 shows that the use of a big number of segments is beneficial to the accuracy 

and coverage of the system, whereas the small number of segments seems to benefit 

diversity and novelty. That holds true for all the layers of the network, except for the fc3 

layer. 
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Finally, the figure 4.17 suggests that the models using segments in order outperform the 

models using random segments in all the evaluation metrics except the case that the fc3 

layer is used. In that case, the performance of the random segments is slightly better.      

 

Figure 4.15: Impact of layer (MMTF-14K) 
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Figure 4.16: Impact of number of segments (MMTF-14K) 

 

Figure 4.17: Impact of order of segments (MMTF-14K) 
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4.6.2. Videoland dataset 

 
Figures 4.18, 4.19, 4.20 present the impact of the parameters determining the GenreVis_3D 

representations on the recommendation utility in the Videoland dataset. It is quite interesting 

that the results in Videoland dataset provide contradictory insights to the ones coming from 

MMTF-14K dataset at many points. Similar to the MMTF-14K, we report the maximum value 

for each parameter and metric.  

Regarding the layer parameter, we observe the most significant contradiction between the 2 

datasets. In MMTF-14K, the most accurate recommendations are provided by the pool layer, 

which is located closer to the visual input, whereas in Videoland dataset the best accuracy is 

achieved by the fc3 layer, which represents the layer that is more connected to the genre 

labels of the movies. In terms of non-accuracy metrics, the pool layer seems to be capable 

of providing more diverse and novel recommendations, similar to the MMTF-14K. Finally, 

both datasets suggest that the recommendations generated by the fc3 layer cover better the 

item catalog.  

Except for the pool layer, selecting input segments in order doesn’t seem to help the 

accuracy of the recommendations. In contrast to the MMTF-14K dataset, the performance in 

mAP, precision and recall metrics is enhanced when the trailers’ segments are randomly 

selected. Even more interesting, the best performance is achieved when only 20 segments 

of the trailer are used. With respect to the non-accuracy metrics, similar to the MMTF-14K 

dataset, the pool layer seems to provide the most significant improvements, but requiring 

this time, 20 instead of 80 segments. In contrast to the MMTF-14K, an increase in the 

number of segments doesn’t lead to an increased recommendation quality.  

 

Figure 4.18: Impact of layer (Videoland) 
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Figure 4.19: Impact of number of segments (Videoland) 

Figure 4.20: Impact of order of segments (Videoland) 
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4.7. The impact of the neighborhood size in k-NN 
 
We evaluate the proposed representation in the recommendation task using a pure content-

based filtering system based on the k-NN approach. Our experimentation towards the 

optimal number of neighbors revealed its significant effect on the utility of the system’s 

recommendations.  

Figure 4.21 shows with clarity that the number of neighbors affects significantly the capability 

of the representations to provide recommendations with desirable properties in the MMTF-

14K dataset. We see that the best performance for the visual representations (GenreVis_3D 

and Visual_3D) is achieved with 10 neighbors whereas for genre a much larger number is 

required. It is also interesting that the larger number of neighbors is not translated 

automatically into better performance. Looking at the huge improvement in the accuracy of 

the genre representation when 64 neighbors are used, we realize how easily disregarding 

this parameter can misguide the evaluation procedure. It can be assumed that the need for a 

big number of neighbors reflects the weakness (limited informativeness) of the 

representation to identify the strong similarities between the items. As a result, a bigger 

number of similar items is required to provide the actual similar items that could contribute to 

the rating prediction task.    

 

Figure 4.21: Impact of k (MMTF-14K) 

 

The results of Videoland dataset in figure 4.22, show that all the visual representations 

(GenreVis_3D and Visual_3D) and the genre representation provide their best performance 

for 64 and 100 neighbors respectively. Additionally we see that for the GenreVis_3D 

representation the diversity with 10 neighbors seems to be independent of the other 

parameters. The last finding may indicate that for some users the system is not able to fill 

their recommendation list with items of non-zero prediction scores, and many of the items in 
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the list are selected randomly. For k=10, the rating score of a user to an item can be equal to 

0 if the user has not rated its 10 most similar items. We assume that this is less likely in the 

cases that the system estimates accurately the similarities between the items, provided that 

the item similarity is associated with the user choices. The randomness injected in the 

recommendation list, increases the diversity in a way that doesn’t improve the system’s 

accuracy. Increasing the number of neighbors, reduces the random items, enabling us to 

evaluate better the diversity and accuracy capabilities of the representations. 

 

Figure 4.22: Impact of k (Videoland) 
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5 
Online experiment 

 

We conduct an online experiment on the Videoland platform, to evaluate the user perceived 

quality of recommendations, provided by a pure content-based recommender system, using 

the proposed genre-aware movie descriptor. To this end we compare our proposed 

representation against the pure visual representation derived by the pre-trained 3D 

ConvNets and the genre representation.  

The models used in the online experiment are based on the algorithm described in the 

chapter 3. Regarding the GenreVis_3D representation, we are testing 4 models that differ in 

the network layer used to provide the representation. Guided by the results of the offline 

evaluation on Videoland’s dataset, we decide to evaluate the model 

GenreVis_3D_fc3_20r_64, due to its superior performance with respect to the accuracy. 

Additionally, we include the models GenreVis_3D_pool_20r_64, GenreVis_3D_fc2_20r_64 

and GenreVis_3D_fc2-R_20r_64 in the experiment, to examine how the layers of the DBoS 

network affect the recommendation quality. Regarding the Visual_3D and the genre 

representations, we select the models Visual_3D_mean_64 and the Genre_100 due to their 

performance with respect to the accuracy metric. We create 6 groups from a randomly 

generated subset of the Videoland’s users, and we assign to each one of them, one of the 

six models to generate recommendations. The users are assigned to the groups in a random 

way using a hash function based on their profile id. Each group has around 17000 active 

users and the experiment ran for 15 days. The items included in the online experiment are 

the same 1,600 as the ones included in the offline Videoland dataset. The recommender 

models are trained daily using the users’ historical data. This historical data is selected such 

that it goes back one year, starting from the day before the date, in which the models are 

trained. Upon visiting the platform’s homepage, users are presented with 25 personalized 

recommendations, which they have not yet interacted with, from the same subset of active 

items used in the offline experiments. 

5.1. Online evaluation 
We evaluate the performance of our models in terms of 3 metrics: the average conversion 

rate per user, the average viewing time per user and the average number of streams per 

user. In our computations, only the active items of Videoland’s offline dataset are 

considered. The conversion rate metric expresses the capability of the system to 

recommend items that the users would watch and eventually like. This metric is calculated 

by finding the number of items that were recommended and consumed, over the total 

number of items consumed per user per day.By the term conversion we mean the items that 

were recommended and watched by the user on a certain date. For instance, if one user 

watched three items on a certain date and two of them were included in her 

recommendations, the number of conversions equals to 2 and the conversion rate is equal to 
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0.66. If none of the watched items were included in the recommendations, the conversion 

rate equals to 0. We include in our computations, only the items which have a completion 

rate of at least 85% assuming that the low completion rate signals that the item was not 

interesting/relevant to the user. Regarding the other 2 metrics, the evaluation considers the 

total minutes of content and the number of streams that were watched per user in the period 

of the experiment. In our computations, we exclude items that the user has interacted with, 

before the experimentation period, in order to exclude the viewing time coming from series 

that the user started to watch before the recommendations of our models are available. 

Those metrics indicate how the recommender models affect the user satisfaction and 

consequently the usage of the platform.  

We examine in our evaluation 3 scenarios. According to the first one, we evaluate our 

system taking into account all the items, including both series and movies. In the second and 

the third scenarios, we filter out the series and the movies respectively. We believe that the 

poor annotation of the series regarding their genre information, and the use of short clips, 

instead of trailers, for their visual content, is likely to affect in a negative way the capability of 

the DBoS network to learn a genre-aware representation, which in turn, degradates the 

quality of the recommendations. The movies using the official trailers and having more 

informative genre labels could provide better evaluation insights of our approach.  

We are using one-way analysis of variance (ANOVA) and Tukey’s multiple comparison tests 

at significant level a = 0.05 to evaluate if there is difference among the group means.  

5.2. Results 
 
The results for all scenarios are presented in the tables 5.1, 5.2 and  5.3. Figures 5.1, 5.2 

and 5.3 show the percentage difference of the tested models from the genre model.  For the 

viewing time and the number of streams metrics, the results are normalized based on the 

values of the genre representation.  We see that our hypothesis that the genre-aware 

representation approach performs better for movies than for series seems to be valid.  

The results in table 5.2 show that the recommender models based on the genre-aware 

representation have higher, but not statistically significant, scores than the Visual_3D and 

the genre representations with respect to the viewing time and the number of streams, when 

the users are interested in movies. The Visual_3D representation has the best performance 

with respect to the conversion rate, but this performance is not reflected in the other metrics.  

The results for the series are similar to the results for the scenario including all the items. 

Tables 5.1 and 5.3 show that the genre has higher scores than the GenreVis_3D and the 

Visual_3D representations with respect to all the metrics.  The very poor performance of the 

Visual_3D representation for series could be attributed to the fact that the trailers of the 

series were not available and the short clips that used to provide their visual content are very 

likely lacking valuable visual information.  

The statistical tests show that there are no statistically significant differences between the 

results regarding the viewing time and the number of streams for all the scenarios. 

Regarding the conversion rate, in all the scenarios the difference between the Visual_3D 

representation and all the other representations is significant at the level 0.05. Additionally, 

in the movies scenario the GenreVis_3D_fc2-R representation outperforms the genre 

significantly whereas for series the genre outperforms significantly all the other 

representations except for the GenreVis_3D_fc2-R. The tables show in bold the results that 

are significantly different than genre. At this point, we should mention that the number of 
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users per group that interacted with movies is much smaller than the number of users in the 

series and all items scenario (7000 vs 14000 vs 17000 users).  

 

 

 Conversion rate per 

day and user 

Total viewing 

time per user 

(normalized) 

Total number of 

streams per user 

(normalized) 

Visual_3D 0.070 98.39 98.56 

GenreVis_pool 0.076 99.47 100.78 

GenreVis_fc2 0.076 99.38 98.43 

GenreVis_fc2-R 0.081 98.37 98.82 

GenreVis_fc3 0.073 99.46 99.34 

Genre 0.080 100.00 100.00 

Table 5.1: Movies & series 

 

 

Figure 5.1: Movies & Series 
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 Conversion rate per 

day and user 

Total viewing 

time per user 

(normalized) 

Total number of 

streams per user 

(normalized) 

Visual_3D 0.098 100.39 100.58 

GenreVis_pool 0.076 99.79 100.00 

GenreVis_fc2 0.076 101.29 101.76 

GenreVis_fc2-R 0.075 102.23 102.35 

GenreVis_fc3 0.069 102.67 102.94 

Genre 0.066 100.00 100.00 

Table 5.2: Movies 

 

 

Figure 5.2: Movies 
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 Conversion rate per 

day and user 

Total viewing 

time per user 

(normalized) 

Total number of 

streams per user 

(normalized) 

Visual_3D 0.062 98.08 98.94 

GenreVis_pool 0.074 99.36 100.93 

GenreVis_fc2 0.074 99.23 98.47 

GenreVis_fc2-R 0.080 97.54 98.59 

GenreVis_fc3 0.073 98.93 99.41 

Genre 0.082 100.00 100.00 

Table 5.3 : Series 

 

 

Figure 5.3 : Series 
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6 
   Discussion 

 
In this chapter, we discuss the findings of our online and offline experiments, we draw our 

conclusions regarding our research questions and we suggest future work.  

6.1. Offline discussion 
 
We conducted offline experiments with 2 different datasets to evaluate how the use of our 

proposed representation affects the performance of a movie recommender system, 

compared with the use of genre and Visual_3D representations. We evaluate our approach 

on accuracy and non-accuracy metrics.  

Accuracy metrics 

The results in both datasets prove the capability of the genre-aware representation to 

provide accurate recommendations. The GenreVis_3D representation outperforms both 

genre and Visual_3D representations in both datasets. This confirms our hypothesis that a 

visual descriptor, as the GenreVis_3D, that represents genre-specific concepts of a movie 

trailer is able to provide users with relevant recommendations. The genre performance is 

comparable to GenreVis_3D in MMTF-14K dataset but it performs very poorly in the 

Videoland dataset, where it shows worse results than the second Visual_3D representation.  

The results also show that the performance of the GenreVis_3D descriptor depends on the 

parameters of DBoS network that generates it.  

We observe that the model with the best performance in the MMTF-14K dataset utilizes the 

pool layer of DBoS network. On the contrary, the best performance for the Videoland dataset 

comes by using the fc3 layer of the network. An explanation could be that the small size of 

Videoland’s dataset does not allow the effective learning of the large pool representation.  

The most accurate GenreVis_3D models in MMTF-14K and Videoland datasets differ also in 

the number and order of the input segments in the DBoS network. The Videoland dataset 

requires 20 random segments, whereas the MMTF-14K uses 80 first segments. We 

conclude that increasing the number of input segments does not always increase the 

accuracy of the system. When a small number of segments is used, random selection of 

input segments leads, in most cases, to increased accuracy. The genre performs 

significantly better only against the Visual_3D representation with respect to the onversion 

rate. 

Finally, it is very important to mention that the size of the neighborhood in the k-NN algorithm 

has a big impact in the genre’s performance in the MMTF-14K dataset. Selecting 10 

neighbors for all the representations, the GenreVis_3D shows a huge improvement on 
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genre’s performance. However, when using 64 neighbors for genre representation, 

GenreVis_3D is slightly better than genre. The necessity of using a large number of 

neighbors is indicative of the limited descriptive power of the representation.   

Non-accuracy metrics    

Our approach is also evaluated on non-accuracy metrics like diversity, novelty and 

coverage. The results show that the GenreVis_3D outperforms the genre in all the metrics, 

providing very good results, especially, when it is based on the pool layer of the DBoS 

network. However, the best performance in this category of metrics is shown by the 

Visual_3D representation. The Visual_3D representation, being independent of genre, 

provides, not suprisingly,  the best performance with respect to diversity, in both datasets. 

Regarding novelty and coverage, the Visual_3D and the GenreVis_3D show comparable 

performance.  

To conclude, we observe that the pool layer of the DBoS pooling network provides 

GenreVis_3D representations that improve the quality of the recommendations, with respect 

to both accuracy and non-accuracy metrics. 

6.2. Online discussion 
 
The results of the online evaluation contrast the results shown in the offline experiment. The 

superiority of the GenreVis_3D descriptor against the genre and Visual_3D representations, 

suggested in the previous section, is not evident in the results of the online experiment. We 

see that the genre outperforms the Visual_3D respresentation with repect to the conversion 

rate. However, when only the movies in the system are considered, the results are different. 

In that case, the GenreVis_3D_fc2_R and Visual_3D representations show better 

performance than genre with respect to the conversion rate. Regarding the viewing time and 

the number of streams, there are no statistically significant differences between the results 

for all the scenarios. The difference in the results between the 2 scenarios with respect to 

the conversion rate might be indicative of the importance of the proper item annotation and 

the proper selection of the visual content, in learning a genre-aware representation that 

could benefit the recommendation task. The genre annotation of the series items is poor, 

indicating simply if an item is series or not. Moreover, short clips of the series, instead of 

trailers, are used to provide the visual content. On the other hand, the quality of the data for 

the movies (informative labels, official trailers) is much better and this might be the reason 

why the results are different.  

6.3. Conclusion 
 
We have proposed a novel movie recommender system that filters movies based on the 

genre-related visual elements of their trailers. The proposed system extracts spatio-temporal 

deep features from the trailers and combines them, through a DBoS network, with the genre 

information of the movie to a single movie representation. The 3D deep visual genre-aware 

representation is exploited by a pure CBF system to provide personalized recommendations 

to users.  

We posed two research questions and we conducted offline and online experiments to 

answer them.  
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Our first question was the following: 

RQ1. Can a 3D deep visual genre-aware descriptor built by a DBoS network provide better 

movie recommendations with respect to accuracy and beyond accuracy metric (diversity, 

novelty, and coverage [13]) than genre and visual features extracted by a 3D pre-trained 

deep convolutional neural network? 

The results of our offline experiments suggest that a CBF recommender system using a 

visual genre-aware movie representation shows better performance than genre, with respect 

to the accuracy and non-accuracy metrics. Compared with the visual features extracted by a 

3D pre-trained deep convolutional neural network, the recommendations of the genre-aware 

descriptor are more accurate, but their performance is worse, with respect to diversity, 

novelty and coverage.  

The second question was the following: 

RQ2: Can the introduction of a deep visual genre-aware descriptor in a movie recommender 

system provide recommendations of better user perceived utility compared with genre and a 

pure visual representation? 

The results of our online experiment show that the proposed representation does not provide 

better user perceived utility compared with genre. Conducting an online experiment on a 

real-world streaming platform, we observe that the genre outperforms the Visual_3D 

representation with respect to the conversion rate, when all the items (series and movies) 

are considered. Regarding the other metrics, there is no evidence to support that the 

approaches are different in their performance.   

We conclude that a continuous genre representation, which reflects genre specific visual 

elements of the movie, provides interesting results in the content-based movie 

recommendation task. Exploring further its potential could bring important benefits to various 

tasks in the movie domain.  

6.4. Future Work 
 

Future work could explore the value of our proposed movie representation as side 

information in a hybrid recommender system. Additionally, the fusion of a genre-aware 

representation with other low-level and high-level features should also be investigated. 

Regarding the generation of the genre-aware representation, it would be very interesting if a 

the DBoS network could be trained to predict accurately the genre of the movies. In such a 

way, our approach would become independent of the genre annotation which is often 

expensive to obtain.  

Finally, our approach could be applied to other domains, suggesting the use of a neural 

network to learn continuous representations of categorical attributes of the items, from the 

media content.  
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