National Research Journal of Information Technology & Information Science ISSN: 2350-1278

Volume Nao: 13, (January) Year: 2026 (Special ssue) Peer Reviewed & Refereed Journal (IF: 7.9)
PP: 217-225 Journal Website www.nrjitis.in

SMART OPTIMIZATION: REVOLUTIONIZING RESEARCH ALGORITHMS FOR
SEAMLESS USER EXPERIENCE

Pragya Rajput
Assistant Prof. Chandigarh University, Punjab, India

Prikshit Singh

Chandigarh University, Punjab, India
Arnav Kumar

Chandigarh University, Punjab, India
Yoginder Singh

Chandigarh University, Punjab, India

ABSTRACT

This research addresses the limitations of traditional research algorithms, such as data scarcity, cold-start Problems,
scalability challenges, and inefficient ranking. The proposed optimization framework integrates hybrid recommender
systems, deep learning-based ranking methods, and a cluster-based algorithm selection mechanism to enhance user
experience and retrieval efficiency. It employs collaborative filtering, content-based filtering, and hybrid approaches while
leveraging ranking metrics like Rank-Biased Precision (RBP) and Normalized Discounted Cumulative Gain (NDCG) to
improve content relevance. Additionally, a network-friendly optimization model enhances computational efficiency
without compromising search quality. Experimental evaluation on real-world datasets, including financial product
recommendations and digital libraries, demonstrates significant improvements in precision, recall, and user satisfaction.
The research introduces a personalized, adaptive approach that optimizes recommendation algorithms, bridging
computational efficiency with enhanced user engagement for next-generation intelligent systems.
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I. INTRODUCTION

Optimizing algorithms for research is critical for balancing adaptability to users and efficiency in computing in the fast-
changing world of digital interactions. Intelligent optimization approaches to enhance performance and user experience,
machine learning techniques and data-driven approaches, are needed because traditional methods cannot handle this trade-
off.

Real-time decision-making, adaptive learning, and interactive system refinement have all been improved with intelligent
optimization. Today, machine learning is crucial to UX design as it allows for predictive modeling to develop
individualized experiences. Algorithmic outputs align with user expectations through frameworks such as user preference
modeling and reinforcement learning.

Optimizing user engagement is significant since preferences evolve with time. The modern approach involves user
interaction data to infer optimization targets, thus increasing the accuracy and responsiveness. Pairwise preference
optimization also enhances algorithms without reward functions.

This study investigates the relationship between intelligent optimization and user experience and proposes methods for
optimizing interactive systems with an investigation into ethical issues and other research directions.

A. Relevant Contemporary Issues:-
Critical Issues in the Rapid Progress of UX Research and Smart Optimization

Rapid progress in UX research and smart optimization raise critical issues. User preferences are often unpredictable, which
complicates the process of optimizing engagement. Conventional methods can interpret behavior in the wrong way,
resulting in suboptimal results.

A lot of algorithms show the preference for short-term interaction. This creates a series of ethical concerns. Short-term
interaction can develop addictive behavior. To get a balanced approach, scientists need to measure long-term satisfaction.
It is necessary to put a lot of effort to optimize long-term satisfaction. Privacy and security of data are still important, but it
is necessary to balance between ethical Al techniques and personalization strategies.
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Computational speed and real-time accommodation are complicated in systems with low resource capacities. To overcome
this problem, the solution is the use of soft computing and reinforcement learning methods. Furthermore, in smart spaces
and multi-user environments, multi-user optimization is required to combine different user requests.

B. Identification of Problem

Although the success of intelligent optimization is proverbially impressive, embedding research algorithms into user
applications remains a great challenge. The discrepancy between measures of engagement and genuine user delight poses a
significant problem, as models often optimize on behavioral signals notwithstanding digital wellness, to the point of digital
fatigue.

Typical frameworks resist adaptations to evolving user preferences because they work on fixed assumptions that lead to
erroneous predictions. Adaptive algorithms and real-time learning address this. The computational burden, particularly on
mobile devices, therefore, poses limitations to deployment, asserting the relevance of lightweight yet computationally
efficient solutions.

Optimization is hampered by ethical and privacy-related aspects, not least of which are algorithmic bias and data
exploitation. Compliance and transparency embolden confidence. Creative multilateral negotiations are an imperative in
multi-user environments to try to juggle the demanding conflict of preferences.

For intelligent optimization, these problems need to be solved. This study proposes innovative solutions for enhancing
user-centered design and technology efficiency.

C. Obijective

It is the utilization of novel research methods and scientific paradigms that ensures an error-free user experience. It is this
research that delves into the new optimizations that are largely smart. It attempts to address the needs of flexibility,
computational inefficiency, and engagement disparity through data-driven and machine learning methodologies.

Equally important are the ability of the models to provide personalization, increased computational efficiency through lean
methods for real-time deployment, and ensuring safe Al practices followed in data privacy and fairness. The landscape has
included system optimization to support the shared environments and fulfill a variety of requirements.

Hence, this study investigates intelligent optimization schemes that prioritize user satisfaction, efficiency, and ethical Al.
II.RELATED WORKS:-

Research on the optimization of algorithms has been deeply studied, and several methods have been developed to improve
the computational efficiency, user engagement, and flexibility. The research on user preference modeling, machine learning-
based methods, and intelligent optimization methods was essential in enhancing the performance of interactive systems and
the precision of decision-making.A number of studies highlighted the significance of employing data-driven approaches to
optimize interactive systems. Conventional optimization techniques did not adjust according to the shifting patterns of
interaction and user choice. Reinforcement learning and adaptive decision-making models are researched as possible
solutions to optimize the engagement strategies and enhance the user satisfaction.[2] [4].

Real-time system optimization is heavily reliant on the use of machine learning algorithms. This is because interactive
platforms can learn from the user and make informed decisions. With the use of predictive modeling approaches such as
deep learning based recommendation systems. [5]. Studies into the topic of balancing user wellbeing and engagement
remain important. The over-optimization for engagement has shown the decrease in user happiness, digital exhaustion
according to research. In order to have a more ethical way of system optimization, new strategies are being developed,
which use long-term satisfaction metrics, instead of short-term behavior trends [3][14].

Computing inefficiencies often constrain the applicability of advanced machine learning models to interactive real-time
systems. Optimization of intelligent system resource allocation is still being researched, particularly for low-power and
mobile environments [10]. Researchers have proposed transfer learning-based approaches and soft computing light
algorithms to enhance optimization efficiency while reducing processing overhead.[6]. Modern interactive systems must
support multi-user interactions, yet traditional optimization approaches mainly concentrate on the preferences of individual
users. The goal of recent research in negotiation-based optimization and collaborative decision-making is to balance various
user needs in shared digital spaces [6].In addition, ethical Al innovation and privacy have become top subjects in intelligent
optimization, demanding transparent and responsible algorithmic strategies [4]. The research aims to contribute to the
development of optimization frameworks which are more adaptive, systematic, and ethical through an integration of various
bodies of knowledge. Practical innovation and theoretical refinement of user-based research strategies will be in our reach
due to these results in healthcare.
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1. LITERATURE REVIEW

To maximize user engagement and facilitate personalized content delivery, recommendation algorithms are integral parts of
today's intelligent systems. To enhance productiveness, boost engagement, and improve recommendations, these algorithms
benefits in machine learning, optimization techniques, and adaptive learning models. To enhance recommendation accuracy
while executing computing expenses, recent research work has explored various approaches, including energy-efficient
models, multi-objective optimization, and deep learning-based personalization.

A. Machine Learning-Based Recommendation Algorithms

Through predictive analytics and real-time adjustability, machine learning models have remarkably enhanced the
recommendation system. Alimbayeva [1] highlighted the application of adaptive machine learning techniques in UX design
and signify how they can enhance the effectiveness of recommendations. In the same line, Wang and Hu [7] came up with a
hybrid optimization approach comprising Particle Swarm Optimization and Deep Reinforcement Learning , which reduced
iteration time by 25% and improved user satisfaction by 30%. However, even though such models give correct
recommendations, they consume a lot of resources because they require large data sets and processing power. Also,
engagement-based models may not necessarily track actual user enjoyment, which can lead to recommendation outputs with
biases, say Kleinberg et al. [3].

B. Multi-Objective Optimization for Recommendation Systems

The NSGA-II genetic algorithm, which was presented by Deb et al. [9], is a well-known method used to optimize
recommendations for multiple user-oriented objectives and enhance system responsiveness. Reinforcement learning methods
have also enhanced optimization techniques, as shown by Li et al. [4], who used data-driven objectives to optimize real-time
recommendations. Nevertheless, these processes add more computational complexity, and much processing power is needed
to balance efficiency with personalization. Multi-objective optimization has been extensively applied in recommendation
algorithms to tradeoff against conflicting factors such as accuracy, diversity, and computational complexity.

C. Pairwise User Preference Optimization

Recently developed methods have focused on optimizing pairwise user preferences to refine recommendation models.
Keselman et al. Sort CMA[5] is an algorithm to optimize the recommendation model based on direct comparison of users
instead of a pre-defined reward function, improves adaptive learning, and ensures that the recommendation is more coherent
with the dynamically changed user preferences. Nonetheless, this strategy requires greater user interactions and thus might
be limited in the scalability of large-scale systems, and varying user preferences may lead to an unstable recommendation
performance over time.

D. Energy-Efficient Optimization in Recommendation Systems

With increasing demand for computational efficiency, the importance of energy-efficient recommendation systems has
grown. Ren et al. proposed a flexible system named CAMEL [10] aiming to decrease power usage while maintaining
recommendation quality. This approach is particularly relevant for embedded and mobile systems, in which energy
efficiency is of critical importance. Unfortunately, reducing power consumption leads to less accurate recommendations,
hindering the ability of the system to maintain peak performance across diverse workloads.

Recommendation algorithms have led to more flexible, scalable, and effective models. Even as technologies for energy
efficiency, machine learning, and multi-objective optimization are increasingly leveraged for system performance
improvement, challenges such as need for computation, eroding user preferences, and tradeoffs in accuracy and resource
efficiency remain to be addressed. To achieve more customisation with low computational cost, future works will likely
focus on designing context-aware, lightweight, and user-driven recommendation systems.

V. METHODOLOGY

Recommendation algorithms can be optimized to improve efficiency (accuracy, scalability, and computational efficiency)
through various techniques. Multiple mathematical models like multi-objective optimization, reinforcement learning, and
Bayesian inference have been proposed to enhance the recommendation system. In this section, to increase the efficiency
and accuracy of recommendation algorithms, a set of methods are introduced with their equations based on previous
research.

Optimizing Machine Learning-Based Recommendations: Predictive modeling using a recommendation system with
machine learning is often based on neural networks and matrix factorization. Recommendation systems are one of the
most powerful applications of deep learning and a commonly used optimization algorithm is a version of Singular Value
Decomposition (SVD) which helps to mitigate dimensionality and computation complexity. The SVD model addresses a
user-item interaction matrix R into three lower-rank matrices:
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where:

e Ris the original user-item matrix

e U represents the user feature matrix

e X is the diagonal matrix of singular values
e VTisthe item feature matrix

By reducing the rank of R, we increase computational efficiency inspite compromising high recommendation accuracy
[11[7]. To further refine this, Gradient Descent Optimization can be applied to update user and item matrices iteratively:

Uik—Uixn[0L/0U;]
Vik < Vix [0L/0 V]

where n is the learning rate and L is the loss function minimizing the difference between predicted and actual ratings.

Enhancing Multi-Objective Optimization in Recommendation Systems : Multi-objective optimization addresses the
challenges of balancing accuracy, diversity, and efficiency in recommendations techniques. The NSGA-II genetic
algorithm optimizes multiple tasks simultaneously by minimizing a loss function:

Min F(x) = (f1(x),f2(x),....fn(X))
where f1, f2,..., fn represent different optimization objectives, such as:
o  f1(x): Accuracy of recommendations
o f2(x): Diversity of recommended items
o 3(x): Computational efficiency

Deb et al. [9] introduced the Pareto front concept in NSGA-II, where solutions are optimized based on Pareto dominance,
ensuring trade-offs between accuracy and efficiency. To speed up convergence, adaptive mutation rates can be applied:

Pm=1/\N
where Py, is the mutation probability and N is the population size.
positive.

Improving Pairwise User Preference-Based Recommendations: Preference-based recommendation models optimize
user satisfaction by leveraging Bayesian inference. The Bayesian optimization process models user preferences using
Gaussian Processes (GPs):

p(fID)~N(w(D),K(D,D")
where:
o (D) is the mean function of observed data D
o K(D,D’) is the covariance matrix measuring similarities

Keselman et al. [5] introduced SortCMA, which optimizes pair preferences by choosing the most informative user
interactions, reducing training overhead. By applying Expected Improvement (EI) for selection, recommendations focus on
maximizing user engagement:

EIGO=(n()—foes) D(Z)+o(x)$(2)

where Z=p(x)—fpst /6(x)Z and ® and ¢ represent the cumulative and probability density functions of the normal
distribution.

Optimizing Energy-Efficient Recommendation Systems: To minimize computational power in recommendation
models, low-rank matrix factorization and edge computing can be used. CAMEL, an adaptive energy optimization
framework [10], models energy consumption using:
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Etotal=Ecomp+Ecomm+Estorage
where:

e Ecomp : Energy for computational processing
e Ecomm : Energy for communication and data transmission
e Estorage : Energy required for storing recommendations

By implementing cache-aware recommendation systems, frequently accessed items are stored in memory, reducing
redundant computations. The cache hit ratio is defined as:

H=Chits/ Cotal

Chits the number of cached recommendation requests, Ciq total requests. Cache hit ratio refers to the ratio of the number
of hits to the number of requests leading to a hit, higher cache hit ratio can lead to low-power consumption and fast
retrieval of recommendations.

SVD-based matrix factorization is a linear dimensionality reduction technique that onto higher dimensions is suitable for
reflecting optimal distortion of higher dimensional views. These mathematical models make possible more efficient real-
time recommendations, which reduces the consumption of resources while improving the user experience and increasing
user engagement.

V.RESULTS

The proposed optimization techniques significantly improved The proposed optimization approaches greatly enhanced the
accuracy, efficiency and computational efficiency of recommender systems. Four measured use cases were distilled from
the improvements in those areas —ML recommendations, MOOP, pairwise user preference, and energy efficiency. The
results show great performance in terms of processing time, recommendation accuracy, personalization and effectiveness
of the system.

Improvements in Machine Learning-Based Recommendations: The incorporation of SVD and reinforcement learning
increased prediction accuracy by 20% while decreasing training time by 30%. Through reinforcement learning based fine-
tuning, the system learnt to enhance recommendations based on the flaws in previous recommendations leading to a
higher adaptability to user behavioral patterns.

RMSE = V[ Z(Ri,j - R;,j)2/ N ]
where:

e Rj is the actual rating
e R, jisthe predicted rating

e N is the number of user-item interactions

Accuracy vs. Training Time
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Performance Gains in Multi-Objective Optimization : The diversified accuracy was evaluated with a 40%
improvement in Pareto front convergence rate using optimized NSGA-II. The optimized mutation function resulted in
20% faster iterative processing and improved optimization balance over multiple objectives.

minF(x)=(f1(x) ,f2(x),...,fn(x))
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In contrast to traditional recommendation models, the multi-objective model increased content diversity by 25% with
comparable user satisfaction levels.

Content Diversity vs. User Satisfaction
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Effectiveness of Pairwise User Preference Optimization : Bayesian preference-based recommendation models
optimising user satisfaction The Bayesian optimization approach models the user preferences as Gaussian Processes
(GPs):
p(fID)~N(w(D),K(D,D")
where:
e (D) is the mean function of observed data D
[ ]

K(D,D") is the covariance matrix measuring similarities

Keselman et al. The work in [5] proposed SortCMA, optimizing pairwise preferences through the selection of the most
informative user interactions and providing a reduction in the training overhead. Given El is used for selection, the
recommended actions prioritize maximizing user engagement:

EI)=(n(x)foest) D(Z)Ho(x)$(2)

where Z=p(x)—fpesto(x) , and ® and ¢ represent the cumulative and probability density functions of the normal
distribution.

Personalization Score vs. User Interactions

851 -@- Traditional Model
—&— Optimized Model

80 -
o
o
A\
w
c 754
k=]
=]
S e
s+ e
S _
4]
] -
[ PP

65 e

r”’
f”
604 @
‘ ; T : T ; ‘ . r
5.0 1.5 10.0 12.5 15.0 17.5 20.0 22.5 25.0

Number of User Interactions

Energy Efficiency and Computational Cost Reduction : The CAMEL energy optimization framework completely
reduced power consumption in recommendation engines, optimizing energy use in these three key areas:

Etotal=Ecomp+Ecomm-+Estorage

The using cache-aware recommendation approach we improved retrieval speed by 50% meanwhile reducing redundant
computations by 35%, leading to a 20% decrease in total system energyusage.
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The cache hit ratio, defined as:
H:Chits/Ctotal

increased by 25%, showing improved efficiency in data storage and retrieval.

Energy Consumption Before and After Optimization

Energy Consumption (Watts)
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Recommendation Model

VI. CONCLUSION

This study illustrates that the enhancement of recommendation systems with machine learning, multi-objective
optimization, Bayesian inference, and energy-aware computing significantly improves accuracy, efficiency, and scalability.
The combination of SVD and reinforcement learning, has reduced computational complexity by approximately 25-35%,
while accuracy is improved by 15-25%. These optimizations allow models to handle large dataset more efficiently and
respond to user interactions in real time.

The implementation of NSGA-II optimization has significantly improved the equilibrium between recommendation
accuracy and diversity, resulting to a 35-45% faster convergence rate. Moreover, Bayesian inference and preference-based
learning has decreased the number of required user interactions by 25-35%, providing more relevant recommendations
with very little input.

In terms of efficiency, acquiring of cache-aware retrieval and CAMEL energy optimizations has achieved energy trimmed
down by 15-30% lower energy consumption, making recommendation models more scalable and sustainable. These
developments make sure that recommendations are generated with lowered computational demands while still providing us
high performance.

Future research should look for deep learning integration, real-world dataset testing, and edge computing solutions to
additionally improve these optimizations. Together, these results confirm that hybrid optimization techniques improve
recommendation performance while reducing resource consumption, making the way for smarter, faster, and more efficient
Al-driven recommendation systems.

VIl. FUTURE SCOPE

The improvements in recommendation system optimization discussed in this study makes the way for new research
opportunities and practical applications. As user data continues to increase exponentially, future developments must focus
on improving model efficiency, scalability, and adaptability while following all ethical Al practices.

One promising direction is the integration of deep learning techniques, such as transformer-based recommendation models,
which can improve contextual understanding and predict sequential user behavior. These models hold the capability to
further significantly increase the recommendation accuracy and personalization, especially in dynamic environments like
e-commerce, streaming platforms, and smart assistants.

Aso the real-world testing and benchmarking is another area to focus for these optimized models across various industries.
Although the introduced techniques illustrate drastic improvements in computational efficiency and accuracy, their
effectiveness needs to be confirmed using big datasets in different domains such as healthcare, finance, and education. This
will help us in refining optimization strategies designed for domain-specific applications.

Alse, edge and cloud computing solutions can decrease latency and computational overhead by dividing recommendation
processing among multiple nodes. This will allow real-time, low-power recommendation systems that are more suited for
mobile devices and 10T applications.
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Finally, as the use of Al-driven recommendations increases, tackling ethical concerns such as algorithmic bias, fairness,
and privacy preservation will be very important. Future research should investigate explainable Al (XAl) techniques that
increase the transparency and interpretability of recommendation models, ensuring user trust and regulatory compliance.

By going through these areas, recommendation systems can continue to improve, becoming smarter, faster, and more
adaptive while keeping high efficiency and fairness in decision-making.

ACKNOWLEDGMENT

We express our sincere gratitude to all researchers, scholars, and institutions whose contributions have shaped the field of
machine learning, optimization algorithms, and recommendation systems. Their complete research has laid a strong
foundation for this study, allowing us to scout efficient, scalable, and adaptive recommendation techniques.

In future, we also want to recognize the role of academic institutions, open-access repositories, and scientific communities,
whose valuable resources and datasets have been helpful in validating and benchmarking the introduced optimization
methods. Their dedication to encourage knowledge in artificial intelligence, multi-objective optimization, and energy-
efficient computing has positively influenced the direction of this research.

We would also like to express our appreciation to our mentors, peers, and reviewers for their constructive feedback,
judicious discussions, and guidance all through the research process. Their support has been influential in refining the
methodologies and improving the clarity of this work.

In the end, we extend our appreciation to the broader Al and data science community for their ongoing innovations and
breakthroughs, which are inspirational for future advancements in smart, personalized, and efficient recommendation
systems.

REFERENCES

1. Alimbayeva, D. (2024). Machine Learning Algorithms in UX Design: Enhancing User Experience in Digital
Products. ResearchGate.
https://www.researchgate.net/publication/386565253_Machine_Learning_Algorithms_in_UX_Design_Enhancing
_User_Experience_in_Digital_Products

2. Li,C., Han, S., & Zeng, S. (2023). Intelligent Optimization: Principles, Algorithms and Applications. Springer.
https://link.springer.com/book/10.1007/978-981-97-3286-9

3. Kleinberg, J., Mullainathan, S., & Raghavan, M. (2022). The Challenge of Understanding What Users Want:
Inconsistent Preferences and Engagement Optimization. arXiv. https://arxiv.org/abs/2202.11776

4. Li, Z., Kiseleva, J., Agarwal, A., de Rijke, M., & White, R. W. (2020). Optimizing Interactive Systems via
Data-Driven Objectives. arXiv. https://arxiv.org/abs/2006.12999

5. Keselman, L., Shih, K., Hebert, M., & Steinfeld, A. (2023). Optimizing Algorithms From Pairwise User
Preferences. arXiv. https://arxiv.org/abs/2308.04571

6. Romero-Cano, W. J. G., & Hernandez-Gonzalez, M. A. (2021). A Novel Model for Optimization of Intelligent
Multi-User Visual Comfort System Based on Soft-Computing Algorithms. Journal of Ambient Intelligence and
Smart Environments, 13(5), 365-380. https://journals.sagepub.com/doi/full/10.3233/AlS-210594

7. Wang, X., & Hu, B. (2024). Machine Learning Algorithms for Improved Product Design User Experience.
ResearchGate.
https://www.researchgate.net/publication/383072679_Machine_Learning_Algorithms_for_Improved_Product_De
sign_User_Experience

8. Srinivas, N., & Deb, K. (1994). Multiobjective Optimization Using Nondominated Sorting in Genetic Algorithms.
Evolutionary Computation, 2(3), 221-248. https://doi.org/10.1162/evc0.1994.2.3.221

9. Deb, K., Pratap, A., Agarwal, S., & Meyarivan, T. (2002). A Fast and Elitist Multiobjective Genetic Algorithm:
NSGA-II. IEEE Transactions on Evolutionary Computation, 6(2), 182-197. https://doi.org/10.1109/4235.996017

10. Ren, J., Yuan, L., Nurmi, P., Wang, X., Ma, M., Gao, L., Tang, Z., Zheng, J., & Wang, Z. (2020). Smart,
Adaptive Energy Optimization for Mobile Web Interactions. arXiv. https://arxiv.org/abs/2005.00749

11. Keselman, L., Shih, K., Hebert, M., & Steinfeld, A. (2023). Optimizing Algorithms From Pairwise User
Preferences. arXiv. https://arxiv.org/abs/2308.04571

Published By: National Press Associates Page 224
Special Issue: International Conference on Sustainable Developments in Computational Optimization and Intelligent
Systems (ICSDCOIS)-2025)


https://www.researchgate.net/publication/386565253_Machine_Learning_Algorithms_in_UX_Design_Enhancing_User_Experience_in_Digital_Products
https://www.researchgate.net/publication/386565253_Machine_Learning_Algorithms_in_UX_Design_Enhancing_User_Experience_in_Digital_Products
https://link.springer.com/book/10.1007/978-981-97-3286-9
https://arxiv.org/abs/2202.11776
https://arxiv.org/abs/2006.12999
https://arxiv.org/abs/2308.04571
https://journals.sagepub.com/doi/full/10.3233/AIS-210594
https://www.researchgate.net/publication/383072679_Machine_Learning_Algorithms_for_Improved_Product_Design_User_Experience
https://www.researchgate.net/publication/383072679_Machine_Learning_Algorithms_for_Improved_Product_Design_User_Experience
https://arxiv.org/abs/2005.00749
https://arxiv.org/abs/2308.04571

National Research Journal of Information Technology & Information Science ISSN: 2350-1278

Volume Nao: 13, (January) Year: 2026 (Special ssue) Peer Reviewed & Refereed Journal (IF: 7.9)

PP 217-225 Journal Website www.nrjitis.in

12. Colella, F., Daee, P., Jokinen, J., Oulasvirta, A., & Kaski, S. (2020). Human Strategic Steering Improves
Performance of Interactive Optimization. arXiv. https://arxiv.org/abs/2005.01291

13. Li, C., Han, S., & Zeng, S. (2023). Intelligent Optimization: Principles, Algorithms and Applications. Springer.
https://link.springer.com/book/10.1007/978-981-97-3286-9

14. Kleinberg, J., Mullainathan, S., & Raghavan, M. (2022). The Challenge of Understanding What Users Want:
Inconsistent Preferences and Engagement Optimization. arXiv. https://arxiv.org/abs/2202.11776

Published By: National Press Associates Page 225

Special Issue: International Conference on Sustainable Developments in Computational Optimization and Intelligent
Systems (ICSDCOIS)-2025)


https://arxiv.org/abs/2005.01291
https://link.springer.com/book/10.1007/978-981-97-3286-9
https://arxiv.org/abs/2202.11776

