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Abstract: User experience research (UXR) plays a vital role in the development of user-centered products and
services. However, traditional UXR methods face challenges such as scalability, efficiency, and resource
intensity. This paper presents a comprehensive analysis of how artificial intelligence (Al) agents can
revolutionize UXR practices. We delve into the architectures and key components of Al agents, including
reasoning, planning, and tool use, and examine how they can be leveraged to enhance specific UXR methods.
We propose novel Al-powered solutions for interviews, surveys, and usability testing, providing detailed
technical architectures and algorithms. Furthermore, we discuss the integration of advanced technologies, such
as large language models, multimodal processing, and knowledge graphs, to enable more intelligent and
context-aware UXR. The paper also addresses the challenges and ethical considerations associated with Al-
driven UXR, such as evaluation benchmarks, data contamination, bias, and real-world applicability. We outline
future research directions and emphasize the importance of human-Al collaboration in ensuring reliable and
trustworthy UXR results. Through this in-depth analysis, we demonstrate the immense potential of Al agents in
transforming UXR practices and enabling the development of truly user-centric products and services.

Keywords: User Experience Research, Artificial Intelligence, Al Agents, Large Language Models, Multimodal
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Introduction

User experience research (UXR) is fundamental to the creation of products and services that meet users' needs,
preferences, and behaviors. According to Norman and Nielsen [1], UXR encompasses various methods to
understand how users interact with products and services, aiming to improve usability and user satisfaction.
Traditional UXR methods, including interviews, surveys, and usability testing, have long been the cornerstone
of gathering valuable user insights. Despite their widespread use, these methods are fraught with significant
challenges that impede their efficiency and effectiveness. Scalability is a persistent issue, as traditional UXR
methods often require substantial human resources and time. Interviews, for instance, demand skilled
moderators and extensive analysis, making them resource-intensive [2]. Surveys, while useful for collecting
quantitative data, frequently suffer from low response rates and limitations in question design [3]. Usability
testing, on the other hand, necessitates specialized equipment and facilities, adding to the cost and complexity of
the research process [4]. Moreover, traditional UXR methods are susceptible to biases introduced by
researchers, which can skew the results and lead to misinformed design decisions [5].

The advent of artificial intelligence (Al) and machine learning (ML) offers a promising avenue to overcome
these limitations. Al agents, defined as autonomous entities capable of perceiving, reasoning, learning, and

interacting with users and their environments, have the potential to revolutionize UXR practices [6]. These
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agents can automate and augment various research tasks, significantly enhancing the scalability and efficiency
of UXR processes. Recent advancements in Al technologies, such as large language models (LLMs) like GPT-
3, have shown remarkable capabilities in understanding and generating human-like text, facilitating more natural
interactions with users [7]. Additionally, multimodal processing techniques, including computer vision and
speech recognition, enable real-time analysis of user behavior and emotions, providing deeper insights into user
experiences [8].

Despite these advancements, the integration of Al into UXR is not without its challenges. Ensuring the
accuracy, fairness, and transparency of Al-driven UXR systems is crucial, necessitating the development of new
evaluation benchmarks and frameworks. There are also ethical considerations to address, such as data privacy,
algorithmic bias, and the potential for misuse of Al technologies. Furthermore, effective integration of Al into
UXR workflows requires interdisciplinary collaboration between Al experts and UXR practitioners [9].

This paper aims to explore how Al agents can enhance UXR practices by analyzing their architectures and key

components, including reasoning, planning, and tool use.
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Figure 1: Al Agent Architectures and Key Components for UXR

We propose novel Al-powered solutions for traditional UXR methods such as interviews, surveys, and usability
testing, and discuss the integration of advanced technologies for more intelligent and context-aware UXR.
Additionally, we address the challenges and ethical considerations associated with Al-driven UXR and outline
future research directions to advance the field. By leveraging the strengths of Al and human expertise, we can
create more efficient, scalable, and insightful UXR practices, ultimately leading to the development of truly
user-centric products and services.

Challenges in current UXR techniques

Traditional UXR methods, while foundational, face significant challenges. These include scalability issues, high
resource consumption, and potential biases. For example, conducting in-depth interviews requires skilled
moderators and significant time for both interviewing and analysis [10]. Surveys, though useful for quantitative
data collection, often suffer from low response rates and can be limited by the design of the questions [11].
Usability testing requires specialized equipment and facilities, making it costly and time-consuming [12].
Moreover, human biases can influence the interpretation of data, leading to skewed results [13].

These limitations elucidated in Figure 1 hinder the ability of UXR practitioners to rapidly and accurately gather
insights in today's fast-paced product development cycles. As user experiences become more complex, the need
for scalable, efficient, and unbiased research methods becomes critical.
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Al Agent Architectures and Key Components For UXR

Al agents are designed to operate autonomously, perceiving their environment, reasoning about it, and taking
actions to achieve specific goals [14]. In the context of UXR, Al agents can automate and augment various
research tasks, such as data collection, analysis, and insights generation. To effectively integrate Al agents into
UXR workflows, it is essential to understand their architectures and key components.

A. Reasoning and Planning: Reasoning and planning are crucial components of Al agents, enabling them to
make decisions, solve problems, and understand the world around them [15]. In UXR, reasoning and planning
capabilities allow Al agents to interact with complex environments, make autonomous decisions, and assist
humans in a wide range of tasks. Planning involves breaking down complex tasks into manageable subtasks and
determining the optimal sequence of actions to achieve specific goals [16]. Reasoning capabilities enable Al
agents to interpret user behavior, preferences, and needs, and provide meaningful insights and recommendations
[17].

B. Tool Use: Tool use is a distinguishing characteristic of Al agents, enabling them to interact with external
systems and leverage specialized functionalities to achieve their goals [18]. In UXR, tool use can be leveraged
to automate data collection, analysis, and reporting tasks, as well as to integrate with existing UXR platforms
and tools. One way Al agents can leverage tool use in UXR is through the integration of external APIs. For
example, an Al agent can utilize APIs provided by social media platforms to collect and analyze user-generated
content, such as reviews, comments, and mentions of a product or service. By integrating with external APIs, Al
agents can access a wealth of user data and generate insights that would be difficult or time-consuming to obtain
through traditional UXR methods.

Table 1: Comparison of Traditional and Al-Powered UXR Methods

Aspect Traditional UXR Methods Al-Powered UXR Methods

Scalability Limited, resource-intensive Highly scalable, automated
Time Efficiency Time-consuming, requires human intervention  Fast, automated data collection and analysis

High, due to need for skilled personnel and  Lower, due to automation and reduced need for

Cost . .
specialized equipment human resources
Data Analysis Manual, prone to human error and bias Automated, consistent, and unbiased

. Human moderators, limited to real-time Al agents, capable of handling multiple users
User Interaction

interactions simultaneously
Insight . . Automated, using advanced analytics and
g . Manual, based on human interpretation g . y
Generation pattern recognition
- Dynamic, with capabilities for continuous
Adaptability Slow to adapt to new data and trends y P

learning and adaptation

Another way Al agents can leverage tool use is through the integration of specialized models and services. For
example, an Al agent can utilize computer vision models to analyze user facial expressions and emotions during
a usability testing session [18]. By leveraging specialized models, Al agents can capture and interpret nonverbal
cues, providing a more comprehensive understanding of user experiences and preferences.

C. Single and Multi-agent Architectures: Single and Multi-Agent Architectures Al agents can be
implemented using either single-agent or multi-agent architectures, each with its own strengths and limitations
[20]. Single-agent architectures are typically easier to implement and are well-suited for tasks with narrowly
defined tools and processes. They excel in scenarios where feedback from other agents is not required and can
stay focused on the task at hand.

Multi-agent architectures, on the other hand, involve two or more agents working together to solve a problem.
They are particularly useful when collaboration, feedback, and multiple distinct execution paths are required.
Multi-agent architectures can be further categorized into vertical and horizontal structures, depending on the
presence of a lead agent and the division of labor among the agents [20].
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The choice between single-agent and multi-agent architectures depends on the specific UXR task and the
broader context of the use case. Factors such as the complexity of the task, the need for collaboration and
feedback, and the availability of resources should be considered when selecting an appropriate agent
architecture.

D. Memory in Al Agents: A significant advantage of Al agents is their ability to retain and utilize memory.
Memory enables Al agents to recall past interactions, learn from previous experiences, and adapt their behavior
accordingly. This capability is crucial for providing personalized and context-aware user experiences. For
instance, in a UXR context, an Al agent can remember user preferences and feedback from previous sessions,
allowing it to tailor its interactions and provide more relevant insights [20].

Figure 1 breaks down the key components of Al agents in the context of UXR. It showcases the three main
capabilities of Al agents: reasoning, planning, and tool use. Each capability is further elaborated with specific
functionalities. Reasoning involves decision making and problem solving, planning includes task decomposition
and strategy optimization, and tool use encompasses data collection and analysis automation.

_é:: Text-to-Speech

f Knowledge Graph

Speech-to-Text — Language Model Insights Dashboard

\

REACT, Reflection, Chain of Thought

Figure 2: Architecture of the Al-powered interview system.

Al Powered Solutions for Specific UXR Methods

Al agents can significantly enhance traditional UXR methods by automating and augmenting various research
tasks. In this section, we discuss how Al agents can be leveraged to improve specific UXR methods, such as
interviews, surveys, and usability testing, and provide detailed technical solutions for implementing Al-powered
UXR workflows.

A. Al powered interviews: Interviews are a commonly used UXR method for gathering in-depth insights into
user experiences, motivations, and pain points [21]. However, conducting interviews can be time-consuming
and resource intensive. To address these challenges, we propose an Al-powered interview system that leverages
large language models (LLMs) and speech-to-text technologies to automate and enhance the interview process.
This system also incorporates agentic technigues like REACT, Reflection, and Chain of Thought to improve the
quality of interactions and insights.

In this architecture as shown in Figure 2, the user interacts with the Al-powered interview system through
natural language conversations. The speech-to-text component converts user speech into text, which is then
processed by a large language model, such as GPT-3 [22]. The language model generates responses based on the
input text and the context provided by the knowledge graph, which captures domain knowledge and previous
interview insights. The generated responses are then converted back to speech using a text-to-speech
component, providing a natural and conversational experience for the user. The language model also updates the
knowledge graph with new insights gathered during the interview, enabling the system to adapt and improve
over time.

Agentic techniques such as REACT (Reasoning and Explanation through Augmented Cognitive Techniques)
enable the system to generate coherent and contextually relevant explanations for user interactions. Reflection
allows the system to analyze its past actions and decisions, continuously improving its conversation strategies.
Chain of Thought models a sequence of reasoning steps, enhancing the transparency and interpretability of the
system's decision-making process [23].
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B. Al powered surveys: Al agents can significantly enhance traditional UXR methods by automating and
augmenting various research tasks. In this section, we discuss how Al agents can be leveraged to improve
specific UXR methods, such as interviews, surveys, and usability testing, and provide detailed technical
solutions for implementing Al-powered UXR workflows.

Surveys are another widely used UXR method for collecting quantitative data on user preferences, attitudes, and
behaviors [24]. However, designing effective surveys and analyzing the collected data can be challenging and
time-consuming. To address these challenges, we propose an Al-powered survey system that leverages natural
language processing (NLP) and machine learning techniques to automate survey creation, distribution, and
analysis. This system also utilizes agentic techniques to enhance the survey process.

In this architecture, the user interacts with the Al-powered survey system through a survey creation interface.

The user provides high-level goals and requirements for the survey, which are then processed by an NLP engine.
The NLP engine analyzes the user input and generates a set of survey questions based on predefined templates
and best practices. The generated survey questions are then distributed to a target audience through various
channels, such as email, social media, or in-app notifications. As respondents complete the survey, their
responses are collected and analyzed by the NLP engine. The engine employs techniques such as sentiment
analysis [25], topic modeling [26], and clustering [27] to extract insights and identify patterns in the survey data.
The analyzed survey data is then presented to the user through an insights dashboard, which provides
visualizations and summarizes key findings. The Al-powered survey system can also provide recommendations
for survey improvements based on the collected data and user feedback.
C. Al powered usability testing: Usability testing is a critical UXR method for evaluating the ease of use,
efficiency, and satisfaction of a product or service [29]. However, conducting usability tests can be resource-
intensive, requiring specialized facilities, equipment, and moderators. To address these challenges, we propose
an Al-powered usability testing system that leverages computer vision, eye tracking, and machine learning
techniques to automate and enhance the usability testing process. This system also incorporates agentic
techniques to improve the quality and reliability of the insights.

In this architecture, the user interacts with the product or service being tested while their eye movements, facial
expressions, and interactions are captured by the Al-powered usability testing system. Eye tracking technology
is used to monitor the user's gaze and generate attention heatmaps, indicating areas of interest or confusion [30].
Facial expression analysis, using computer vision techniques, is employed to detect and classify user emotions
during the usability test [31]. This provides insights into the user's affective state and helps identify moments of
frustration, confusion, or delight. Interaction logging captures user actions, such as clicks, scrolls, and
keystrokes, providing a detailed record of the user's journey through the product or service [32]. This data is
then analyzed using machine learning techniques, such as sequence analysis and pattern recognition, to identify
usability issues and optimize user flows.

The insights gathered from eye tracking, facial expression analysis, and interaction logging are presented to the

UXR team through an insight’s dashboard. The dashboard provides visualizations, such as attention heatmaps,
emotion timelines, and user flow diagrams, enabling researchers to quickly identify usability issues and make
data-driven design decisions.

Integration of Advanced Technologies for Intelligent and Context Aware UXR

To further enhance the capabilities of Al agents in UXR, advanced technologies such as large language models
(LLMs), multimodal processing, and knowledge graphs can be integrated into the Al-powered solutions
proposed in the previous section.

A. Large Language Models: Large language models, such as GPT-4 [34], have demonstrated remarkable
capabilities in natural language understanding, generation, and reasoning [35]. These models can process and
generate human-like text, making interactions with Al agents more natural and engaging. As LLMs continue to
improve, Al-powered UXR systems will be able to facilitate more sophisticated and context-aware
conversations, generate nuanced and personalized responses, and offer deeper insights into user behavior and
preferences. The integration of LLMs into UXR processes can also automate and enhance tasks such as
sentiment analysis, topic extraction, and user intent recognition, further enriching the quality of user experience
research.
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B. Multimodal Processing: Multimodal processing involves the integration of multiple data modalities, such as
text, speech, images, and video, to gain a more comprehensive understanding of user experiences [36]. By
incorporating multimodal processing into Al-powered UXR solutions, researchers can capture and analyze a
wider range of user data, leading to more holistic insights. For instance, combining text and speech analysis can
help understand both what users say and how they say it, providing context on their emotional state. Integrating
image and video analysis can help track user interactions with products, detect facial expressions, and monitor
eye movements, offering detailed insights into user engagement and satisfaction. Multimodal processing enables
a more nuanced understanding of user experiences, helping researchers identify and address pain points more
effectively.

C. Knowledge Graphs: Knowledge graphs are structured representations of domain knowledge, capturing
entities, relationships, and attributes in a machine-readable format [37]. By integrating knowledge graphs into
Al-powered UXR solutions, researchers can enable more contextual and domain-specific insights. Knowledge
graphs can enhance Al agents' ability to understand and reason about user data by linking new information to
existing knowledge structures. This integration allows Al agents to provide more accurate and relevant
recommendations, identify patterns and trends within the data, and generate insights that are grounded in a
comprehensive understanding of the domain. For example, a knowledge graph can help an Al agent understand
the relationships between different product features and user preferences, enabling it to suggest design
improvements that better meet user needs.

Challenges and Ethical Considerations

While Al-powered UXR solutions offer numerous benefits, they also present challenges and raise ethical
considerations that must be addressed to ensure responsible and trustworthy Al development and deployment.
A. Evaluation Benchmarks and Real-World Applicability: One of the major challenges in Al-driven UXR is
the lack of comprehensive and standardized evaluation benchmarks [38]. Many existing benchmarks are
designed for evaluating language models and may not adequately assess the performance of Al agents in real-
world UXR scenarios. Moreover, the static nature of these benchmarks fails to keep pace with the rapid
advancements in Al capabilities [39].

B. Data Contamination and Algorithmic Bias: Another significant challenge in Al-driven UXR is the
potential for data contamination and algorithmic bias. Language models used to power Al agents may be trained
on datasets that contain biases or are contaminated with test data, leading to inflated performance metrics and
unreliable results [40]. This can have severe consequences when Al agents are deployed in real-world UXR
scenarios, potentially perpetuating or amplifying existing biases and discriminatory practices [41].

C. Human-Al Collaboration and Ethical Considerations: The successful integration of Al agents into UXR
workflows requires effective human-Al collaboration and careful consideration of ethical implications. While
Al agents can automate and augment various UXR tasks, it is crucial to recognize the importance of human
expertise and oversight in the research process [42]. UXR practitioners should work closely with Al experts to
design, develop, and evaluate Al-powered solutions that align with user needs, research objectives, and ethical
principles. Ethical considerations, such as data privacy, user consent, and transparency, must be prioritized when
deploying Al agents in UXR contexts [43]. Users should be informed about the use of Al in the research
process, and their data should be collected, stored, and analyzed in compliance with relevant regulations and
best practices. Moreover, the decision-making processes of Al agents should be transparent and explainable,
allowing researchers to interpret and validate the generated insights [44].

Future Research Directions

The field of Al-driven UXR presents numerous opportunities for future research and innovation. Some
promising research directions include:

A. Adaptive and Personalized UXR: Future research could explore the development of adaptive and
personalized UXR solutions that can dynamically adjust to individual user preferences, contexts, and behaviors.
This could involve the use of reinforcement learning and online learning techniques to continuously update Al
models based on user feedback and interactions.
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B. Multimodal and Cross-Device UXR: Another research direction is the exploration of multimodal and cross-
device UXR solutions that can capture and analyze user experiences across multiple modalities and devices.
This could involve the integration of data from various sources, such as smartphones, wearables, smart home
devices, and 10T sensors.

C. Explainable and Trustworthy Al for UXR: Future research could focus on developing explainable and
trustworthy Al techniques specifically tailored for UXR applications. This could involve the creation of domain-
specific explanation methods that can provide meaningful and actionable insights for UXR practitioners.

D. Collaboratory and Participatory UXR: Future research could focus on developing explainable and
trustworthy Al techniques specifically tailored for UXR applications. This could involve the creation of domain-
specific explanation methods that can provide meaningful and actionable insights for UXR practitioners.

Conclusion

This paper presents a comprehensive analysis of how Al agents can revolutionize user experience research
(UXR) practices. We have explored the architectures and key components of Al agents, including reasoning,
planning, and tool use, and proposed novel Al-powered solutions for specific UXR methods, such as interviews,
surveys, and usability testing. The integration of advanced technologies, such as large language models,
multimodal processing, and knowledge graphs, can further enhance the capabilities of Al-powered UXR
solutions, enabling more intelligent, context-aware, and insightful research. However, the development and
deployment of Al-powered UXR also raise important challenges and ethical considerations, such as evaluation
benchmarks, data contamination, algorithmic bias, and human-Al collaboration, which must be addressed to
ensure responsible and trustworthy Al.

Future research directions in Al-powered UXR include adaptive and personalized UXR, multimodal and cross-
device UXR, explainable and trustworthy Al for UXR, and collaborative and participatory UXR. These research
areas offer exciting opportunities to advance the field and create more engaging, inclusive, and impactful UXR
experiences. As the field of Al-powered UXR continues to evolve, it is crucial for researchers, practitioners, and
stakeholders to collaborate and engage in interdisciplinary dialogue. By leveraging the strengths of Al and
human expertise, we can unlock the full potential of UXR and create user experiences that are truly intelligent,
empathetic, and transformative. The development of UXR-specific benchmarks and metrics, along with the
adoption of responsible Al principles, will be essential to ensure the reliable and ethical deployment of Al
agents in real-world UXR scenarios.

In conclusion, Al agents present a powerful tool for revolutionizing user experience research, enabling
researchers to overcome the limitations of traditional methods and gain deeper, more actionable insights into
user needs and behaviors. By harnessing the capabilities of Al agents and fostering human-Al collaboration, we
can drive innovation in UXR and ultimately create products and services that truly understand and serve the
needs of users. As we navigate this exciting frontier, it is imperative to approach the integration of Al agents
into UXR with a user-centric, responsible, and forward-thinking mindset.

References

[1]. D. Norman and J. Nielsen, "The Definition of User Experience (UX)," Nielsen Norman Group, 2014.
[Online]. Available: https://www.nngroup.com/articles/definition-user-experience/.

[2]. E. Goodman, M. Kuniavsky, and A. Moed, Observing the User Experience: A Practitioner's Guide to
User Research, 2nd ed. Morgan Kaufmann, 2012.

[3]. C. Lallemand and G. Gronier, "Enhancing User Experience during Waiting Time in HCI: Contributions
of Cognitive Psychology," in Proceedings of the 2018 Designing Interactive Systems Conference (DIS
'18), New York, NY, USA, pp. 751-762, 2018.

[4]. S.J.Russell and P. Norvig, Artificial Intelligence: A Modern Approach, 3rd ed. Prentice Hall, 2010.

[5]. Y. Shoham and K. Leyton-Brown, Multiagent Systems: Algorithmic, Game-Theoretic, and Logical
Foundations. Cambridge University Press, 2008.

[6]. T.B.Brown etal., "Language Models are Few-Shot Learners," arXiv:2005.14165 [cs], 2020.

P
3 ‘_\\'\*
N o : .
’m\‘ Journal of Scientific and Engineering Research

323



Chaturvedi A & Singh T Journal of Scientific and Engineering Research, 2024, 11(3):317-325

[7]. T. Baltrusaitis, C. Ahuja, and L.-P. Morency, "Multimodal Machine Learning: A Survey and
Taxonomy," IEEE Transactions on Pattern Analysis and Machine Intelligence, vol. 41, no. 2, pp. 423-
443, 2019.

[8]. A.Hogan etal., "Knowledge Graphs," arXiv:2003.02320 [cs], 2020.

[9]. L. Floridi and J. Cowls, "A Unified Framework of Five Principles for Al in Society," Harvard Data
Science Review, vol. 1, no. 1, 2019.

[10]. B. Shneiderman, "Human-Centered Artificial Intelligence: Reliable, Safe & Trustworthy," International
Journal of Human—Computer Interaction, vol. 36, no. 6, pp. 495-504, 2020.

[11]. A. Jaiswal, A. R. Babu, M. Z. Zadeh, D. Banerjee, and F. Makedon, "A Survey on Contrastive Self-
Supervised Learning," Technologies, vol. 9, no. 1, p. 2, 2021.

[12]. K. Takahashi et al., "User Experience Research and Design in Virtual and Augmented Reality,"
International Journal of Human—Computer Interaction, vol. 38, no. 4, pp. 317-327, 2022.

[13]. Z. Wang et al., "Embodied LLM Agents Learn to Cooperate in Organized Teams," arXiv:2403.12482
[cs], 2023.

[14]. D. Nau, Y. Cao, A. Lotem, and H. Mufioz-Avila, "SHOP: Simple Hierarchical Ordered Planner,” in
Proceedings of the 16th International Joint Conference on Artificial Intelligence (IJCAI '99), San
Francisco, CA, USA, pp. 968-973, 1999.

[15]. X. Huang et al., "Understanding the Planning of LLM Agents: A Survey," arXiv:2402.02716 [cs], 2024.

[16]. N. Shinn et al., "Reflexion: Language Agents with Verbal Reinforcement Learning," arXiv:2303.11366
[cs], 2023.

[17]. S. Goel and S. K. Singh, "Reasoning in Al Agents—A Survey," in Advances in Intelligent Systems and
Computing, S. C. Satapathy and V. Bhateja, Eds. Springer, pp. 645-655, 2023.

[18]. B. A. Goodman, "Human-Level Al's Killer Application: Interactive Computer Games," in Proceedings of
the AAAI Conference on Atrtificial Intelligence and Interactive Digital Entertainment, vol. 14, no. 1, pp.
9-16, 2018.

[19]. S. Mishra et al., "Towards a Systematic Framework for Designing and Developing Al Agents with
Knowledge Graphs,” arXiv:2211.13752 [cs], 2022.

[20]. Zhiheng Xi et al. 2023. The Rise and Potential of Large Language Model Based Agents: A Survey.
arXiv:2309.07864 [cs].

[21]. D. McDuff et al., "AFFDEX SDK: A Cross-Platform Real-Time Multi-Face Expression Recognition
Toolkit," in Proceedings of the 2016 CHI Conference Extended Abstracts on Human Factors in
Computing Systems (CHI EA '16), New York, NY, USA, pp. 3723-3726, 2016.

[22]. Z. Xi et al., "The Rise and Potential of Large Language Model Based Agents: A Survey,"
arXiv:2309.07864 [cs], 2023.

[23]. W. Chen et al., "AgentVerse: Facilitating Multi-Agent Collaboration and Exploring Emergent
Behaviors," arXiv:2308.10848 [cs], 2023.

[24]. A. Fontana and J. H. Frey, "The Interview: From Structured Questions to Negotiated Text," in Handbook
of Qualitative Research, 2nd ed., N. K. Denzin and Y. S. Lincoln, Eds. SAGE Publications, pp. 645-672,
2000.

[25]. N. Liu et al., "From LLM to Conversational Agent: A Memory Enhanced Architecture with Fine-Tuning
of Large Language Models," arXiv:2401.02777 [cs], 2024.

[26]. L. Busoniu, R. Babuska, and B. De Schutter, "A Comprehensive Survey of Multiagent Reinforcement
Learning," IEEE Transactions on Systems, Man, and Cybernetics, Part C (Applications and Reviews),
vol. 38, no. 2, pp. 156-172, 2008.

[27]. M. Couper, "Designing Effective Web Surveys," in Web Survey Methodology, SAGE Publications, pp.
19-39, 2013.

[28]. V. Boucher et al., "Evaluating Goals and Outcomes of Citizen Science Using NASA GLOBE Observer
Data and Citizen Scientists' Feedback," Citizen Science: Theory and Practice, vol. 7, no. 1, pp. 1-21,
2022.

[29]. J. Nielsen, Usability Engineering, Morgan Kaufmann, 1993.

[30]. Y. Wu et al., "SmartPlay: A Benchmark for LLMs as Intelligent Agents," arXiv:2310.01557 [cs], 2024.

P

3 ‘_\\'\*
N o : .
’m\‘ Journal of Scientific and Engineering Research

324



Chaturvedi A & Singh T Journal of Scientific and Engineering Research, 2024, 11(3):317-325

[31]. A. Nguyen, J. Yosinski, and J. Clune, "Understanding Neural Networks via Feature Visualization: A
Survey," in Explainable Al: Interpreting, Explaining and Visualizing Deep Learning (Lecture Notes in
Computer Science), W. Samek et al., Eds. Springer, pp. 55-76, 2019.

[32]. E. Reiter and R. Dale, "Building Applied Natural Language Generation Systems,” Natural Language
Engineering, vol. 3, no. 1, pp. 57-87, 1997.

[33]. T. Masterman et al., "The Landscape of Emerging Al Agent Architectures for Reasoning, Planning, and
Tool Calling: A Survey," arXiv:2404.11584 [cs], 2023.

[34]. K. Zhu et al., "DyVal 2: Dynamic Evaluation of Large Language Models by Meta Probing Agents,"”
arXiv:2402.14865 [cs], 2024.

[35]. C. E. Jimenez et al., "SWE-bench: Can Language Models Resolve Real-World GitHub Issues?"
arXiv:2310.06770 [cs], 2023.

[36]. T. B. Brown et al., "Language Models are Few-Shot Learners," arXiv:2005.14165 [cs], 2020.

[37]. T. Baltrusaitis, C. Ahuja, and L.-P. Morency, "Multimodal Machine Learning: A Survey and
Taxonomy," IEEE Transactions on Pattern Analysis and Machine Intelligence, vol. 41, no. 2, pp. 423-
443, 2019.

[38]. A. Hogan et al., "Knowledge Graphs,"” arXiv:2003.02320 [cs], 2020.

[39]. L. Floridi and J. Cowls, "A Unified Framework of Five Principles for Al in Society,” Harvard Data
Science Review, vol. 1, no. 1, 2019.

[40]. B. Shneiderman, "Human-Centered Artificial Intelligence: Reliable, Safe & Trustworthy,” International
Journal of Human—Computer Interaction, vol. 36, no. 6, pp. 495-504, 2020.

[41]. A. Jaiswal, A. R. Babu, M. Z. Zadeh, D. Banerjee, and F. Makedon, "A Survey on Contrastive Self-
Supervised Learning," Technologies, vol. 9, no. 1, p. 2, 2021.

[42]. K. Takahashi et al., "User Experience Research and Design in Virtual and Augmented Reality,"
International Journal of Human—Computer Interaction, vol. 38, no. 4, pp. 317-327, 2022.

[43]. Z. Wang et al., "Embodied LLM Agents Learn to Cooperate in Organized Teams,” arXiv:2403.12482
[cs], 2023.

[44]. D. Nau, Y. Cao, A. Lotem, and H. Mufioz-Avila, "SHOP: Simple Hierarchical Ordered Planner,” in
Proceedings of the 16th International Joint Conference on Artificial Intelligence (IJCAI '99), San
Francisco, CA, USA, pp. 968-973, 1999.

[45]. X. Huang et al., "Understanding the Planning of LLM Agents: A Survey," arXiv:2402.02716 [cs], 2024.

e

o
AR

i;&:
AIP Journal of Scientific and Engineering Research

325



