Journal of Computational Analysis and Applications VOL. 31, NO. 4, 2023

10.48047/jocaaa.2023.31.04.123

Neural Hybrid Ranking Framework Integrating Semantic Search and
Behavioral Signals for Personalized Content Discovery

Saraschandra Arveti Anish Hadkar Mani Teja Nutalapati
Independent Researcher Independent Researcher Independent Researcher
Virginia, USA Washington, D.C., USA Virginia, USA
saras.arveti@gmail.com HadkarAnish@gmail.com manitejanl6@gmail.com
Abstract:

The problem of personalized content discovery is far from being resolved as a result of
heterogeneous nature of content along with the growing heterogeneity of user behavior.
Conventional approaches typically focus exclusively on content semantics or user interaction
patterns as the means of ranking potentially relevant items. In order to address existing
limitations related to personalization and optimization capabilities, we introduce a neural-based
ranking algorithm that integrates both semantic search capabilities and behavioral information.
Semantic embeddings are used in order to extract content level similarities and, in combination
with behavioral information, provide an advanced approach for identifying and ranking
potentially relevant items according to user preferences. We suggest a novel dual-component
architecture that helps improve the process of ranking content based on its semantic
characteristics while simultaneously aligning items according to behavioral preferences of
users. Evaluation of our method based on widely used benchmark datasets revealed that the
proposed approach performs better than conventional baselines as demonstrated by significant

improvements in ranking quality metrics including NDCG and MRR.

Keywords: Personalized content discovery, semantic search, behavioral signals, neural

ranking, recommendation systems.
1. Introduction

As the amount of digital content increases significantly due to the development of video
streaming services, news platforms, e-commerce stores, etc., personalized content discovery
becomes one of the key elements of modern information retrieval technologies. Many users
struggle to find content matching their interests because of the huge number of available
options. Moreover, personalization is vital for engaging customers as well as for their

satisfaction and retention.
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Nevertheless, personalized content discovery entails many difficulties. The first of them lies in

the so-called cold start problem. It consists of the fact that newly introduced items or users lack
interactions required to create recommendations. Another difficulty connected with the use of
behavior data is its sparsity [2]. In addition to these issues, there is a problem related to the
mismatch between user intention and the actual representation of content. In this case,
personalized retrieval can be done using keyword- or feature-based algorithms. But these

techniques do not provide sufficiently nuanced results for successful personalization.

It should be noted that there are three main ways of conducting personalized content discovery
at present. First, collaborative filtering is used to predict the users' preferences according to
data on previous interactions with items. Though this method proves to be efficient when
applied to cases of dense interactions and well-known items, it performs poorly otherwise.
Second, semantic search is widely employed when content embedding based on neural network
models is utilized. This strategy is rather powerful in discovering similarities between items.
However, this approach is often focused purely on matching items with queries and ignoring
the users' individual preferences. Lastly, a hybrid approach [5] combining the above techniques
is used as well. However, almost all the current hybrids of collaboration-based and content-
based semantic methods involve either independent semantic and behavioral approaches or

only shallow fusion.

This paper aims to fill these gaps through the introduction of a neural hybrid ranking paradigm
[6], which simultaneously takes into account both semantic similarity and user interaction data.
Through integration of semantic content embeddings with user behavioral data into one neural
architecture, it is possible to produce personalized ranks that cater not only to user tastes but
also the semantics of content. Moreover, such a neural hybrid approach is capable of being
implemented in real time, thus facilitating personalized content discovery within live feed,

video recommendation, and E-commerce product retrieval tasks.
Contributions of this research can be briefly outlined as follows:

. Novel neural hybrid ranking approach: Integrates semantics with behavioral signals to

produce personalized rankings.

. Real-time discovery pipeline: Provides for efficient personalized recommendation of

content in scalable environments.
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. Validation on real-world data: Shows improvement over classic approaches like

collaborative filtering, semantic searching, and previous hybrid models in ranking metrics

(NDCG, MRR).
2. Related Work

The topic of personalized content discovery has been well researched in the areas of
recommenders, semantic search, and hybrid ranking. Initial efforts in the area include the work
in [7] and [8], which presented basic methodologies for building collaborative and content-
based recommendation systems, with emphasis on user-item interactions and item similarity.
Although collaborative filtering makes use of the user’s activity pattern to provide
recommendations, it is limited by its inability to solve cold start problems, whereas content-

based approaches suffer from their inability to discover latent user preferences.

An alternative approach that uses web mining to provide recommendations was introduced in
[9]. The approach utilizes different data sources to offer more accurate predictions. Multi-
criteria recommendation, using dimensionality reduction and Neuro-Fuzzy algorithms, was
proposed in [10]. Ontology-based approaches such as in [11] use semantic relationships

between different concepts to enhance recommendations for tutoring systems.

Some other recent research papers have considered the topic of using hybrid approaches with
both semantic understanding and behavioral cues. [12] identified some important benefits of
hybrid recommender systems that make use of collaborative filtering, content-based, and
knowledge-based approaches for more accurate predictions. In a similar way, [13] looked into
the topic of conversational search and recommendation systems where the interactions between

users' feedback and system queries are used to make improved recommendations.

Multi-tasking learning is another approach that may be used in recommendation systems for
optimizing two different tasks at the same time such as click-through-rate. [14] provide an
elaborate literature review on multi-task learning. [15] performed a survey on collaborative
filtering methods. It should be noted here that collaborative filtering requires proper

consideration of sparsity and noise in user data.

Table 1: Summary of Related Work on Recommendation Techniques

Reference | Techniques Used Outcome | Advantages Limitations

Metrics
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[7] Web mining, hybrid | Accuracy, | Integrates multiple | Domain-specific
recommendation RMSE data sources (movies)
[8] Dimensionality RMSE, Handles sparse, | Computationally
reduction,  Neuro- | MAE high-dimensional | intensive
Fuzzy data
[9] Content-based Precision, | Leverages item | Cannot model
recommendation Recall features latent preferences
[10] Collaborative Precision, | Simple, effective | Cold-start problem
filtering Recall for known users
[11] Ontology-based Accuracy | Context-aware, Requires domain
semantic semantic reasoning | ontology
recommendation
[12] Conversational NDCQG, Dynamic user | Complex  system
search + | CTR interaction design
recommendation
[13] Multi-task learning | Accuracy, | Shared Requires large
Loss representation labeled datasets
improves
performance

2.1 Research Gap

Though several research papers discuss recommendation using collaboration-based, content-
based, and hybrid recommendations, it is hard to find any study that effectively combines the
aspects of semantic embeddings and behavioral signals in one single model to achieve effective
results. In case of content-based and ontological-based recommendation systems, the aspect of
personalization through implicit user behaviors remains untouched while, in behavior-based
recommendation systems, the semantic incompatibility between user queries and documents
causes problems. The multi-task learning approach can handle these challenges to some extent,

but it needs more complicated structures and a significant amount of annotated data
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3. Methodology

The proposed framework aims to leverage semantic analysis of content in addition to user
behavior features to create personalized rankings. As opposed to the traditional
recommendation approaches, which utilize either collaborative filtering or content-based
techniques separately, the proposed solution employs a hybrid model based on the combination
of neural embeddings and user behavior metrics. It also provides an ability to make content
suggestions in real time, allowing dynamic adaptation according to changing behavior of users.
Moreover, its modular structure guarantees easy application in multiple domains, including

video streaming, news, or e-commerce.
3.1 Overall Architecture

The general architecture can be seen in the following figure: Neural Hybrid Ranking Pipeline.
It accepts users' queries together with their past interactions with content as inputs. The Content
Encoder generates high-dimensional semantic embeddings based on content items using such
pre-trained transformers as BERT or Sentence-BERT. At the same time, the Behavioral Feature
Extractor estimates preferences of users through interaction features, including clicks, dwell
time, and interaction frequency. Both representations are merged by means of the Fusion Layer
and are then used as inputs for the Neural Ranker, which estimates personal relevance scores

for the selected candidates via MLP or other ranking networks.

Content Encoder: ‘
Semantic =
embeddings ‘

semantic embedding Pision Later: ‘ ,
UHON LAyer: ‘ ‘Neural Ranker: [/ Output:

| Input; Concatenate | 1 \
,——<‘ haddinac « 9 MLP/Deep | Ranked list of |
r
|'- LL,JZZr?\liﬁg\? '-‘”l‘)‘;‘;‘fjl'g?aj "7l  Ranking | personalized |
\ 3 / & \ /
b - behavioral features fagitias ‘ Network \_ content
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Feature Extractor: —/
Clicks, dwell time, |
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Figure 1: Neural Hybrid Ranking Pipeline
3.2 Model Components

Semantic Encoder
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Semantic embedding represents associations between content objects and user queries. Content

objects ¢ and queries q are embedded into vectors Ec and Eq respectively. The semantic

similarity measure is based on cosine similarity:

Eg E.
Ssemantic(q,€¢) = —r——
|1Eq|| 11!
This score evaluates how well the similarity between a query and contents has been represented
in the semantic space in eqn 1. The greater the value of the score, the more similar the semantics
of both contents and queries will be. Transformer-based pre-trained models will make sure that

semantic relevance is considered.
Behavioral Signal Module

Behavioral signals represent user preferences and can be represented using the following

formula:
Sbehavioral(u: C) = Z Wifi (u' C) (2)
i=1

This score is based on multiple interaction signals like click count, time spent, and re-
occurrence. Normalization gives appropriate weightage to more significant behaviors in eqn 2.
The behavioral model captures past user behaviors and works well with semantic embeddings,
helping the algorithm adjust ranks according to individual user preferences, not just similar

content.
Neural Hybrid Ranker
The semantic and behavioral scores are combined:
Shybria = @-Saemantic + B-Svenavioras @ +B =1 (3)

The weighted sum considers the weight given to the contribution of the content and behavior
of the user. The hyperparameters o and B are used to control the weights of semantic relatedness
and historical interaction. The output from the combination is further fed to the neural network,

which is trained using pairwise ranking loss.

L= ) max (01 Snyprial) = Snypria(D)) (4)
(i,j)eDb
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Such hinge loss ensures that relevant items have higher scores than irrelevant items. This is

achieved by ensuring that there are no inversions when ranking pairs of items. Through such a
ranking approach, the model is able to generate personalized rankings that take into

consideration both semantics and behavior preferences.

3.3 Detailed NLP + Behavioral Processing
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Figure 2: Feature Processing & Fusion

The internal data flow process is shown in Fig. 2. Content and query tokens are converted to
semantic embeddings, while behavioral features are standardized and, if required, weighted
depending on recency or engagement intensity. The fused model combines the embeddings and
behavioral features into one vector that serves as an input for the neural ranker. The output of
the model is the ranked list of items based on both their semantic fit and user interests. The
architecture can easily accommodate new behavioral features or embeddings without

rebuilding the whole neural net, thus being adaptable to changing content scenarios.
4. Experimental Setup

In order to thoroughly analyze the performance of the suggested Neural Hybrid Ranking
Framework, various experiments have been conducted on different practical datasets consisting
of news articles, ecommerce items, and streaming video contents. The purpose of the
experiment is twofold — to evaluate the level of the framework’s semantic understanding as
well as the ability of capturing the user's personal behavioral traits in the process of ranking.
For this reason, several datasets representing various kinds of both content and user behavior

patterns have been chosen. In addition, the experiments have been focused not only on
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analyzing the results of the ranking but also on evaluating the ability of providing highly

personalized recommendations. The used data contains a significant amount of information
about users' behavior as well as content itself, thus giving an opportunity to use both content-
based semantics and user behavior-based factors. The split into training, validation, and testing
parts provides a means of estimating the performance without introducing bias in the metrics.
Moreover, to increase relevance while avoiding cold starts, very few users have been excluded

from analysis because of their extremely sparse behavior.
4.1 Datasets

A total of three different datasets have been employed to thoroughly assess the proposed
framework. First, the news dataset comprised articles harvested from several online media
platforms, featuring article titles, descriptions, tags, as well as log data related to user behavior,
including clicks and dwell time. The articles were also annotated based on their topics, thereby
enabling the assessment of semantic similarity. The second dataset was the e-commerce dataset
that comprised products listed on an online store platform, with the metadata of each product
being its title, description, category, and tags, along with user behaviors including clicks,
purchases, adds to cart, revisits, and dwell time. Lastly, the video content dataset comprised
videos that featured the metadata of titles, genres, descriptions, tags, as well as user engagement
activities such as watch time, likes, and clicks. All of these datasets contained tens or even
hundreds of thousands of items and interactions, allowing for sufficient amounts of data to train

deep neural ranking models.
4.2 User Interactions and Features

Feature extraction was performed for all users and items pairs by using various behavioral data.
Clicks, dwell times or number of views, like or favorite counts, and frequency of interaction
with related items were among the main types of behavioral features used. All features were
normalized to the same range [0,1], ensuring consistency with semantic features. If necessary,
the model could weight more recent behavioral features higher to account for changing user
preferences over time. Also, several features were calculated for content. Titles and
descriptions were transformed into semantic feature vectors using pre-trained transformers
(either BERT or Sentence-BERT), while tags and categories of items were encoded as multi-
hot vectors. In this way, the model can create a single combined representation combining

semantic similarity and behavioral features, making it possible to personalize item rankings.

4.3 Evaluation Metrics
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The following four ranking evaluation metrics were employed for measuring performance. The

NDCG@10 metric (normalized discounted cumulative gain) assesses the ranking performance
of the recommendation engine based on the assumption that more importance is given to the
relevance of the results appearing in the top positions. On the other hand, the MRR metric
(mean reciprocal rank) indicates the position of the first relevant document in the
recommendation list. The Precision@K and Recall@K metrics measure the percentage of

relevant documents retrieved in the top K results.
4.4 Baselines

This hybrid approach was compared against three baseline techniques to prove the usefulness
of such an approach. In semantic ranking only, BERT-based embeddings are used for ranking
the items on the basis of similarity with respect to the query only, regardless of the user's
behavior pattern. The second baseline approach involves behavior ranking alone where
recommendations are generated using only collaborative filtering. Traditional hybrid methods
are those that incorporate scores from collaborative and content-based approaches in a linear
combination. These baselines were trained using the same training and validation data as used

for the proposed approach.
5. Results & Discussion

The Neural Hybrid Ranking Framework is evaluated through experiments conducted using
three real-life data sets that consist of news articles, e-commerce items, and online video
streams. The objective of the experiment was to evaluate the effectiveness of the integration of
semantics and behaviors in personalized content discovery tasks. Evaluation measures used for

this purpose include NDCG@10, MRR, Precision@K, and Recall@K.

5.1 Ranking Performance
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Figure 3: NDCG Comparison Across Models

The normalized discounted cumulative gain (NDCG@]10) shows the effectiveness of the
ranking model to rank relevant items high in the recommendation list. From fig 3 below, it can
be seen that the hybrid model performed better than semantic models and behavioral models
in all data sets. For the news data set, the hybrid model showed an NDCG(@10 value of 0.72,
while the semantic-only and behavior-only ranked models showed NDCG@10 values of 0.61
and 0.58 respectively. Similar results were obtained from the e-commerce and streaming data
sets where the values for the hybrid model were 0.78, 0.75; whereas those of semantic and

behavioral models were 0.65, 0.63; and 0.62, 0.60 respectively.
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Figure 4: MRR Comparison Across Models

The mean reciprocal rank (MRR) criterion measures the rank at which the first relevant object
occurs. As shown in Fig 4, the hybrid system generates an MRR that is always higher than that
of the two competing systems, suggesting that the relevant objects appear earlier to the users.
For example, in the case of the e-commerce dataset, the MRR value obtained by the hybrid

system was 0.69, surpassing both the semantic-only (0.56) and behavior-only (0.54) systems.
5.2 Effect of Behavioral Weight (B)

In order to analyze the balance between the effects of semantic and behavioral information, we

calculated the hybrid score according to Eq. 3:

Shybrid = . Sgemantic + B-Svenavioras @ +B =1 (3)
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Figure 5: Effect of Behavioral Weight (B) on Ranking Performance

Figure 5 shows the influence of varying § between 0 and 1 on the NDCG@10 and MRR metrics
on the news dataset. When B = 0 (purely semantic), performance suffers as there are no
behavioral signals present. Performance peaks at a B between 0.4-0.6, signifying the optimal
balancing point between the two modalities. After the optimal B value, performance begins to
decrease, as the emphasis placed on user data overshadows content data and generates more
personalized yet irrelevant recommendations. The above observations clearly indicate the

necessity to tune a and  depending on application areas.
5.3 Ablation Study

The contribution of each module was studied using ablative experiments where the effect of
removing either semantic embeddings or behavioral signals was quantified on various metrics.
It was found that removing behavioral signals reduced performance by about 10%-15% in
terms of NDCG@10 and 9%-12% in terms of MRR. On the other hand, it could be observed
that removing semantic embeddings had a slightly larger negative effect than behavioral
signals. This can clearly be attributed to the importance of content analysis when it comes to

metadata rich media.

5.4 Discussion
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These findings prove the effectiveness of the hybrid model, as compared to traditional methods,

through:

1. Better personalization: With the combination of semantic and behavioral data, it ranks

information based on relevance as well as user preferences.

2. Flexibility of weight adjustment: Tuning of the weights by adjusting o and B can be done for
certain applications where, for instance, news channels need more semantic relevance while

online shopping requires more behavioral importance.

3. Scalability and efficiency: Even with numerous parameters involved, it manages to remain

fast and accurate because of neural ranking.

The performance of the hybrid system proves to be impressive in comparison with other models
such as semantic, behavioral, and even the basic hybrid method. However, the fine-tuning of a

and P is crucial for achieving maximum effectiveness.
6. Conclusion

In this paper, we propose a Neural Hybrid Ranking Framework which leverages semantic
search and behavioral signals to perform personalized content discovery. Our novel technique,
by incorporating semantics extracted from the content and behavioral attributes like clicks and
dwell time, solves the shortcomings of conventional recommendation systems based on either
content-based or behavioral methods. Experimental evaluation shows that the proposed
framework performs significantly better in terms of several ranking criteria, such as NDCG
and MRR, than state-of-the-art models that leverage solely semantic attributes, only behavioral
signals, or other hybrid models. Moreover, our technique is capable of adapting itself according
to the importance assigned to the behavioral and semantic components. In the future, it will be
interesting to investigate how multimodal content can be incorporated in real time to achieve

better recommendation performance.
Reference

1. Aggarwal, C. C. (2016). Recommender systems (Vol. 1, No. 1). Cham: Springer
International Publishing.

2. Bobadilla, J., Ortega, F., Hernando, A., & Alcald, J. (2011). Improving collaborative
filtering recommender system results and performance using genetic

algorithms. Knowledge-based systems, 24(8), 1310-1316.

2893 Saraschandra Arveti et al 2881-2895



Journal of Computational Analysis and Applications VOL. 31, NO. 4, 2023

10.

11.

12.

13.

14.

10.48047/jocaaa.2023.31.04.123
Cano, E., & Morisio, M. (2017). Hybrid recommender systems: A systematic literature

review. Intelligent data analysis, 21(6), 1487-1524.

He, X., Liao, L., Zhang, H., Nie, L., Hu, X., & Chua, T. S. (2017, April). Neural
collaborative filtering. In Proceedings of the 26th international conference on world
wide web (pp. 173-182).

Koren, Y., Bell, R., & Volinsky, C. (2009). Matrix factorization techniques for
recommender systems. Computer, 42(8), 30-37.

Liu, J., Dolan, P., & Pedersen, E. R. (2010, February). Personalized news
recommendation based on click behavior. In Proceedings of the 15th international
conference on Intelligent user interfaces (pp. 31-40).

Moreno, M. N., Segrera, S., Lopez, V. F., Mufioz, M. D., & Sanchez, A. L. (2016).
Web mining based framework for solving usual problems in recommender systems. A
case study for movies’' recommendation. Neurocomputing, 176, 72-80.

Nilashi, M., Ibrahim, O. B., Ithnin, N., & Zakaria, R. (2015). A multi-criteria
recommendation system using dimensionality reduction and Neuro-Fuzzy
techniques. Soft Computing, 19(11), 3173-3207.

Pazzani, M. J., & Billsus, D. (2007). Content-based recommendation systems. In 7he
adaptive web: methods and strategies of web personalization (pp. 325-341). Berlin,
Heidelberg: Springer Berlin Heidelberg.

Resnick, P., & Varian, H. R. (1997). Recommender systems. Communications of the
ACM, 40(3), 56-58.

Ansari, S. A., & Zafar, A. (2018, December). A review on multisource data analysis
using soft computing techniques. In 2018 4th International Conference on Computing
Communication and Automation (ICCCA) (pp. 1-6). IEEE.

Preethi, P., & Asokan, R. (2019). An attempt to design improved and fool proof safe
distribution of personal healthcare records for cloud computing. Mobile Networks and
Applications, 24(6), 1755-1762.

Ansari, S. A., & Zafar, A. (2019). A review on video analytics its challenges and
applications. Advances in Bioinformatics, Multimedia, and Electronics Circuits and
Signals: Proceedings of GUCON 2019, 169-182.

Bharathy, S. S. P. D., Preethi, P., Karthick, K., & Sangeetha, S. (2017). Hand gesture
recognition for physical impairment peoples. SSRG International Journal of Computer

Science and Engineering (SSRG-1JCSE), 610.

2894 Saraschandra Arveti et al 2881-2895



Journal of Computational Analysis and Applications VOL. 31, NO. 4, 2023

10.48047/jocaaa.2023.31.04.123
15. Zhang, Y., & Yang, Q. (2021). A survey on multi-task learning. IEEE transactions on

knowledge and data engineering, 34(12), 5586-5609.

2895 Saraschandra Arveti et al 2881-2895



