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FEATURE EXTRACTION USING ADAM OPTIMIZER

ALGORITHM
ABSTRACT:

In order to identify user preferences from a huge selection of available things, recommender systems use a
variety of data mining techniques and algorithms. In contrast to static systems, recommender systems
encourage greater interaction to provide a richer experience. These systems can automatically identify
recommendations for specific users by assessing prior purchases, searches, and the activity of other users.
This method uses user history data and the data of other users to forecast consumer preferences and generate
tailored recommendations. This study focuses on the difficulties that recommender systems encounter,
including the cold start issue, data sparsity, scalability, and accuracy. It explores content-based filtering in
particular, which creates suggestions based on user activity. Content-based filtering use long-term,
updateable user preference profiles, much like collaborative filtering,

Recommender systems have become an essential tool in many online platforms, providing personalised
recommendations to users to improve their experience and increase engagement. These systems utilize
various data mining techniques and algorithms to analyse user behaviour, such as past purchases, searches,
and interactions, to discern their preferences and make personalised recommendations. In recent years,
recommender systems have evolved from static systems to more dynamic ones that foster increased
interaction to offer a more enriched experience forusers,

The cold start problem, which occurs when new users or objects have little to no previous data available for
recommendations, is one of the major difficulties recommender systems must overcome. As a result, the
system faces a serious issue in accurately predicting user preferences and making pertinent
recommendations. The availability of scant data for recommendations is another difficulty, making it
difficult to recognise trends and make precise predictions. Scalability is a problem since recommender
systems must process a lot of data and give real-time recommendations to lots of consumers. Finally,
accuracy is essential for recommender systems to eam user confidence and consistently give relevant
recommendations.

Content-based filtering, which creates suggestions based on the qualities or attributes of things
rather than depending exclusively on user behaviour or collaborative filtering, is one prominent strategy for
overcoming these difficulties. Content-based filtering makes use of an object's intrinsic characteristics to
construct item profiles, such as genre, director, actors, keywords, or other metadata. The user profiles that are
produced based on the user's past conduct or preferences are then matched with these item profiles. Even for
new users or things with little historical data, content-based filtering can provide individualised
recommendations by comparing the similarity between item and user profiles.

This study's goal is to examine the difficulties recommender systems encounter, with a particular emphasis
on content-based filtering as a solution. The different facets of content-based filtering, as well as its
advantages and disadvantages, will be covered. in detail in this paper, along with how it can be applied to
enhance the functionality of recommender systems. The paper will also go through the various strategies and
algorithmic frameworks employed in content-based filtering, as well as the most recent developments and
fashions in this area.

CLAIMS:

l. Recommended systems are widely used in various domains such as online booking, online
shopping, and audio and video recommendations, among others, to generate personalised
preferences to support decision- making for users.

2. Despite being a well-established concept, the increasing number of users and choices available
has made the task of providing relevant recomendations more challenging. The cold start
problem, which occurs when a new user or product enters the system and lacks sufficient user
rating history, further complicates the performance of recommender systems.

3. To address this challenge, a proposed solution is a hybrid recommender system that leverages
demographic attributes such as age, gender, occupation, and similarity to existing users to



generate more accurate and relevant recommendations compared to traditional methods. The
recommender system has become one of the most important methods for providing personalised
documents, merchandise, and services to fulfil user requirements In information retrieval, e-
commerce, and online services.

4. With the increasing volume of data and information available daily, the problem of information
overload arises, making it challenging to identify customers' requirements. While search engines
were an initial solution to this problem, they lacked personalisation. Recommendation systems
wmmmimﬂmduuﬁﬁmusm’ﬁmmmmﬂhwudpm&mﬁnmn
large set of options.

5. The main objective of a recommendation system is to provide meaningful suggestions and
recommendations for immufmmﬁmhuhnukmmndlﬁmummmwhich
utilize recommendation systems to identify users' preferences and attract them to engage more,
Various methods and algorithms are available for creating personalised recommendations in
recommendationsystems.

6. In this system, the recommendation process begins with gathering information about items,
such as author, title, and cost, and utilising feature extraction and in- formation indexing.
Content-based filtering is employed to process information and data from various sources,
extracting useful features and elements about the contents of items [1]. Constraint-based
filtering, on the other hand, utilises item features to determine their relevance.

7 Feature extraction and representation can be achieved automatically, such as extracting news from
papﬁmurmnnuaﬂr.ﬂmhtmmnnditursnmdmimfﬁmm from items such as movies and
songs. Recommender systems facilitate matching users with items, and different types of
recommender systems are designed based on available data, implicit and explicit user feedback,
domain characteristics, etc. These recommender systems arc classified according to the approach or

paradigm used for predicting preferences in the researchfield.

8. Two major approaches commonly employed in Recommender Systems are Collaborative
Filtering andContent-Based Filtering. In this paper, we have adopted the Content-Based Filtering

approach to enhance recommendation accuracy.
COLLABORATIVE FILTERING

Collaborative filtering islmﬂhudusn&inmmmmdndnn:ymmnmdﬂlmmhﬂaﬁwhawd on
past interactions. This model can be built from an individual user's behaviour or similar users' behaviour.
Collaborative filtering leverages group knowledge to make recommendations based on users who exhibit
similar preferences or behaviours. By analysing the information from multiple users who subscribe to
and read blogs, for example, users can be grouped based on their preferences. From this information, the
most popular blogs that are read by that group can be identified. Then, for a particular user within the
gmup,ammnmmadatinnunb:mndufnrﬂnmuﬂpopulublugﬂmtﬂmyhm:mtyﬂmdnr
subscribed to.

Collaborative filtering methods are commonly used to recommend objects or items to customers based on
their interests and categorisations. For example, collaborative filtering has been employed in email and
document filtering systems, allowing customers o customise their filters based on their preferences. In
collaborative filtering, algorithms identify close neighbours of active cuslomers, using patterns that
express customers' preferences and interactions to match them with other customers who share similar
information and documents. Once a potential match is identified. recommendations are generated using
the algorithm. Collaborative filtering algorithms also utilize patterns 10 predict values for empty cells in
amatrix.

CONTENT-BASED FILTERING

Content-based methods provide recommendations by analysing the descriptions of rated items by users and
the descriptions of items to be recommended. Numerous algorithms have been proposed for analysing the
cum@nftcmducumumdidmﬁﬁrhgﬁmﬂadﬁﬂmﬂmmmmmbuisfmmﬂng
recommendations. The main goal of classification learners is to learn a function that predicts the class of a



document, while other algorithms may use regression to predict the numeric rating value of a document.
There are two key sub-problems in designing a content-based filtering system. The first is finding a
representation of documents, and the next is making recommendations for unseendocuments.

The approach described in this paper is based on using deep learning for content-based filtering in
recommendation systems. The idea is to us¢ neural networks to compute feature vectors for users and
mavies, and then usec these feature vectors to make recommendations. The neural networks, called the user
network and the movie network, take as input the features of users and movies, respectively, and output
feature vectors (v_u and v_m) that describe the users and movies, respectively.

The user network and the movie network can have multiple layers of dense neural network layers, and the
output layer of each network has a fixed size (in this case, 32 units). The feature vectors v_u and v_m are
then used to predict the rating of a user on a movie by taking the dot product of the two vectors. This

To train the model, a cost function is defined that measures the squared difference between the predicted
ratings and the actual ratings given by users for movies. This cost function is used to optimise the
parameters of the neural networks (i.c., the weights and biases) using gradient descent or other optimisation
algorithms.

Regularisation can also be added to the cost function to prevent overfitting and encourage smaller
values.
DESCRIPTION:

Regularisation is a well-known technique used in ma- chine learning algorithms, including content-based
filtering, to prevent overfitting and improve the generalisation performance of the model. One common
regularisation technique used in content-based filtering algorithms is L2 regularisation, also known as
RIDGE REGULARISATION. It adds a penalty term to the loss function, which is based on the squared
L2 norm of the modelparamelers.

The L2 regularisation term discourages the model from assigning o0 much importance to any particular
feature during training, as it penalises large parameter values. This helps in preventing the model from
becoming overly reliant on a single feature, which can lead to overfitting. By adding a penalty for large
parameter values, L2 regularisation promotes a smoother distribution of importance among all the
features, ensuring that no single feature dominates the model's decision-making process.

Furthermore, L2 regularisation helps in keeping the model parameters small, as it minimises the squared
12 norm of the parameters. Smaller parameter values can lead to a simpler model, which is less prone to
overfitting. This is especially beneficial in content-based filtering, where the model typically relies on
feature similarity to make recommendations. Smaller parameter values help in maintaining a balanced and
unbiased representation of features, preventing any single feature from having too much influence on the
recommendation process.

ADAM'S OPTIMIZER

The Adam optimiser, as an optimisation algorithm, is commonly used in training machine learning
models, including content-based filtering algorithms with regularisation. During training, the Adam
optimiser updates the model parameters based on the gradients of the loss function concerning the

parameters, allowing the model to learn optimal weights for its features.

In content-based filtering algorithms with regularisation, the Adam optimiser can be used to optimise the
model parameters while taking into account the regularisation teTim. The regularisation term is usually added
to the loss function as a weighted sum of the original loss function and the regularisation term. The weight of
the regularisation term is controlled by a hyper-parameter known as the regularisation strength, which
determines the balance between the original loss function and the regularisationterm.



Several Optimisation Algorithms Efficiency

mmmmmﬂmwmmddpmmmm:mymnmmimmmmmﬂnm
function, including the regularisation term. By considering both the original loss function and the
r:guhrisntiunt:rm,thﬂhdnntupﬁmisﬂmhﬂpinﬁuﬂmgaﬁﬁnfmud:lpmwteﬁﬂ:ﬂmik:lhﬂm
between fitting the training data and preventing overfitting. This 18 achieved by adjusting the model
pmmﬂtershuedunth: gmdimmnFMIuﬂfun:ﬁunmﬁiiﬂukingmmamnmﬂthtmguhﬁﬂﬁmm

{}n:aflhck:yfﬂmﬂnfthtaﬂamupﬁnﬁmisiuabﬂiwmnlnuhtcadlpﬁvclumingmﬁfmmh
Wmmmmmwmmmnmmwm lda.pﬁvelyndjﬁtthciumingmﬁfuf
different parameters, depending on their update patierns. Additionally, the Adam optimiser includes
momentum, which helpainn:l:ﬂmﬁngth: optimisation process by accumulating the historical gradients

The adaptive mmmmmufmmmmmﬁcmmupﬁnﬁm@m model
while considering the regulanisation term in content-based filiering algorithms. The adaptive
learning rates ensure that the regularisation termis takeninto ﬂnmﬂlduﬁngpummctﬂfu;:dﬂﬂ,hﬂpingm
preventing overfitting by controlling the magnitude of parameter updates. The momentum feature of the
Adam-.:pﬁwﬁs:ralsnaiﬁhwhhﬁngaﬁnﬂmnmﬂmm&mwﬁmﬂwmﬂﬂvﬂuu, while
accounting for the regularisationterm.

Overall, using deep learning for content-based filtering allows the model to learn complex patterns in
the features of users and movies, and can potentially lead to more accurale recommendations compared
to traditional content-based filtering methods that rely on handcrafted features.

thou- sands, millions, or even tens of millions of items can be computationally challenging. For example,
anmﬁnmunﬁngsit:mhwmnumd:nfmﬁﬁm:hwﬁummadrmnmendxﬁﬂnwmm

may have millions of ads, a music streaming sit may have tens of mil- lions of songs, and an online
shopping site can have millions or even tens of millions of products.

compu- tationally infeasible. Processing thousands or millions of items every time a user visits a website
1o determine which products 10 recommend is resource-intensive and inefficient.

To address this challenge, We used a two-siep approach called retrieval and ranking. This two-siep
approach enables more efficient computation by reducing the number of items that need 10 undergo
resource-intensive processing, making large-scale recommendation systems computationally feasible
while maintaining the accuracy and relevance of the recommendations.

RETRIEVAL

‘.Inﬂu:mtricﬂlstnpufmmmdsﬁﬂﬂﬂm&mgmlhmpmm:awnﬂufphuﬂble item
candidates thummvuluidamng:urpum‘hhmnmdaﬁm& for the user. This step is designed to

be efficient and quick, as it involves pre-computing similarity scores or other relevant features for items.

One common nppmnnhinth:miﬂmlmphmmwwmﬁmﬂmiwmhﬂwunitmEhsedun
various criteria, such as content-based features, collaborative filtering, of user-item interactions. For
example, in a movie streaming site, the retrieval step may involve computing similarity scores between
movies based on genre, director, actors, or other relevant features. larly, in an ad recommendation
system, the retricval step may involve computing similarity scores between ads based on contextual
information, user preferences, of adattributes.

These pre-computed similarity scores or features allow for fast retrieval ufahrgﬁistﬂf':tﬂmmrdidntﬁ that

are likely to be relevant to the user. For example, the retrieval step may identify the most similar MOVICS to a



Several Optimisation Algorithms Efficiency

The Adam optimiser can update the model parameters in a way that minimises the overall loss
function, including the regularisation term. By considering both the original loss function and the
regularisation term, the Adam optimiser can help in finding a set of model parameters that strike a balance
between fitting the training data and preventing overfitting. This is achieved by adjusting the model
parameters based on the gradients of the loss function while taking into account the regularisation term.

One of the key features of the Adam optimiser is its ability to calculate adaptive learning rates for each
parameter based on historical gradients. This allows the optimiser 1o adaptively adjust the learning rates for
different parameters, depending on their update patterns. Additionally, the Adam optimiser includes
momentum, which helps in accelerating the oplimisation process by accumulating the historical gradients
and updating the paramelers accordingly.

The adaptive learning rates and momentum of the Adam optimiser are beneficial in optimising the model

while considering the regularisation term in content-based filtering algorithms. The adaptive
learning rates ensure that the regularisation termis wkeninto account during parameter updates, helping in
preventing overfitting by controlling the magnitude of parameler updates. The momentum feature of the
Adam optimiser also aids in achieving a faster cONVErgence towards the optimal parameter values, while

accounting for the regularisationterm.

Overall, using deep learning for content-based filtering allows the model to learn complex patierns in
the features of users and movies, and can potentially lead to more accurate recommendations compared
1o traditional content-based filtering methods that rely on handcrafied features.

RETRIEVAL & RANKING

In today's recommendation Systems, selecting a handful of items 10 recommend from a large catalogue of
thou- sands, millions, or even 1ens of millions of items can be computationally challenging. For example,
q movie streaming site may have thousands of movies to choose from, an ad recommendation system
may have millions of ads, a music streaming site may have tens of mil- lions of songs, and an online

shopping site can have millions or even tens of millions of products.

Running neural network inference on such a massive number of items for each user visit can become
compu- tationally infeasible. Processing thousands or millions of items every time a user visits a website
to determine which products 1o recommend is resource-intensive and inefficient.

To address this challenge, We used a two-step approach called retrieval and ranking. This two-step
approach enables more efficient computation by reducing the number of items that need to undergo
resource-intensive processing, making large-scale recommendation systems computationaily feasible
while maintaining the accuracy and relevance of the recommendations.

RETRIEVAL

In the retrieval step of recommendation systems, the goal is to generate a large list of plausible item
candidates that can cover a wide range of possible recommendations for the user. This step is designed to
be efficient and quick, as it involves pre-computing similarity scores or other relevant features for items.

One common approach in the retrieval step 18 1o com- pute similarity scores between items based on
various criteria, such as content-based features, collaborative filtering, or user-item interactions. For
example, in 8 movie streaming site, the retrieval step may nvolve computing similarity scores between

movies based on genre, director, actors, or other relevant features. larly, in an ad recommendation

system, the retricval step may involve computing similarity scores between ads based on contextual
information, user preferences, or adattributes.

These pre-mmpuwd similarity scores or features allow for fast retrieval of a large list of item candidates that
are likely to be relevant 10 the user, For example, the retrieval step may identify the most similar movies o a



given movie, or the top movies innmu‘amstvicwnd:mﬁurmmny,mis large list of plausible item
candidates pmﬁﬁeuudivmutnfmummmdaﬁumﬂmmmv:rnwidermge of user interests and
preferences.

The efficiency of the retrieval step is crucial in handling large catalogues of items, as it helps to quickly
narrow down the list of candidates from thousands or millions of items to a more manageable subset for
further processing in the ranking step. This allows the recommendation system to provide timely and
relevant recommendations to users without incurring excessive computational costs.

RANKING

Once the retrieval step is completed, the list of retrieved items is combined and filtered to remove duplicates,
items the user has already interacted wi!h,nritmmﬂmtmaynmherel:mlmthnuwbundm their
histmyurpmmmsﬁh:rcdliﬂuﬁmhﬂmmmﬂ to the ranking step, where the learned model,
such as a neural network, is utilised to compute predicted ratings or relevance scores for each user-item pair,
This step involves running the meural network inference on the filtered list of items, which is typically
smaller than the original catalogue of items, making it computationallyfeasible.

An additional optimisation that can be employed is to pre-compute features or representations for all items
inlh:nﬂlngu:inm+Thism,dmhgm:mﬁn;n:p,unlymeusﬂ&lmvmnrnudsmhe
cnn:pmudinru]ﬁm:.andth:innﬂpmducibﬂmthcumfummmmdmpn:-mmput:d item
feature vectors can be quickly calculated. This approach can further enhance the efficiency of the ranking
step and streamline the recommendation process.

Efficiently handling large catalogues of items is critical in modem recommendation systems, as it allows for
quick and relevant recommendations without incurring excessive computational costs. The retrieval step, by
generating a large list of plausible item candidates and filtering them based on user-specific criteria, helps to
narrow down the options for further processing in the ranking step. Additionally, pre-computing features or
representations for items in advance can significantlyreduce the computational overhead during the ranking
step, making it more feasible for real-time recommendation scenarios.

In conclusion, the combination of retrieval and ranking steps, along with pre-computing item
fﬂhﬂt&hﬁ#lppmchﬂﬂhmndhmmmmerﬂnﬁmﬁﬂ:mh#ﬂici&nﬂyhﬂhhrﬂmhm
of items. These optimisations enable the recommendation process to be computationally feasible and
provide timely and relevant recommendations to users in various online applications, such as movie
streaming sites, ad recommendation systems, music streaming sites, and online shoppingsites.
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