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Abstract

Accurate capture of contextual information is a critical requirement for devel-
oping conversational agents capable of sustaining coherent and relevant multi-
turn dialogues. By effectively understanding the context of an ongoing conver-
sation, conversational agents can improve user experience through consistent
dialogue flow, memory retention, and personalized responses. However, chal-
lenges persist in designing scalable and efficient context-aware models. This
systematic review examines recent advancements, methodologies, and current
challenges in context modeling for conversational agents, with a focus on
techniques for enhancing coherence, contextual retention, and user-centered
interactions. To conduct this review, a structured search was performed across
multiple databases using terms such as contextual modeling, multi-turn dia-
logue, and contextual understanding in conversational Al. Studies meeting in-
clusion criteria were categorized based on their methodologies such as
memory networks, attention mechanisms, graph-based approaches, and trans-
former-based models. Results reveal a strong reliance on deep learning archi-
tectures, particularly transformers, which have improved context retention
across complex dialogues. Memory-augmented models, attention mechanisms,
and graph-based approaches also show promise in handling context continuity
and user-specific personalization. Despite these advancements, significant
challenges remain in computational efficiency, scalability, and ethical consid-
erations, especially regarding data privacy and user trust. In conclusion, while
the field has made notable progress in enhancing context modeling, further
work is required to address efficiency, scalability, and ethical implications.
Future research in areas like dynamic context adaptation, multi-modal context
integration, and session continuity holds potential for developing more sophis-
ticated and responsible conversational agents.

1.0 INTRODUCTION

Conversational agents, often referred to as chat-
bots[1], digital assistants[2], or virtual agents[3],
have rapidly expanded into sectors such as customer
service[4], healthcare, and education[5]. They serve
as critical interfaces, allowing users to interact with
systems in natural language across applications like
customer support, information retrieval, and personal
assistance [6-7]. Advances in machine learning, par-
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ticularly in deep learning and Natural Language Pro-
cessing (NLP), have enabled these agents to evolve
from simple, rule-based systems into sophisticated,
context-aware systems[8-9]. The ability to under-
stand and manage context has become a fundamental
aspect of enhancing user experience[10-11]. Contex-
tual understanding enables conversational agents to
track prior interactions[12], understand user in-
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tent[13], maintain coherence[14], and provide re-
sponses that are relevant and personalized [15-16].

The importance of contextual understanding lies in
its impact on multi-turn dialogues, where the agent
must retain context to maintain the flow and rele-
vance of conversation over multiple interactions[17].
When an agent fails to recall or interpret prior mes-
sages, responses can appear disjointed or irrelevant,
diminishing user satisfaction and engagement[18].
Therefore, creating agents capable of effective con-
textual understanding is key to developing systems
that feel responsive and human-like.

Given the importance of contextual understanding,
this review systematically addresses key issues and
explores the current state of context modeling in
conversational agents. The research is guided by the
following questions:

RQ1: What are the recent advancements in
context modeling techniques for conversational
agents?

. RQ2: What are the main challenges in im-
plementing contextual understanding in multi-
turn dialogue systems?

. RQ3: How do different context modeling
approaches impact dialogue coherence, personal-
ization, and user satisfaction?

. RQ4: What are the ethical and computation-

al considerations associated with context model-

ing in conversational agents?

1.2 Objectives and Review Framework

This review aims to synthesize current literature on
contextual modeling techniques for conversational
agents, focusing on recent advancements, key chal-
lenges, and future research directions. By addressing
critical research questions, it provides insights into
optimizing context modeling to enhance scalability,
accuracy, and user satisfaction while addressing ethi-
cal, computational, and personalization concerns.
The review is structured systematically to ensure a
comprehensive exploration of the topic. The intro-
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duction highlights the significance of contextual un-
derstanding in conversational agents, outlines the
review's objectives, and introduces the key research
guestions. The methodology section explains the eli-
gibility criteria, database selection, screening and
selection process, data extraction, and analytical ap-
proach used for the review. The results section pre-
sents findings on advancements in contextual model-
ing techniques, challenges related to scalability and
ambiguity, ethical considerations, and computational
efficiency, along with a summary of key insights.
The discussion section analyzes these results, empha-
sizing implications for future research, practical rec-
ommendations, and ethical challenges, while identi-
fying opportunities for innovation. Finally, the con-
clusion summarizes the key findings, highlights criti-
cal gaps, and proposes future research directions to
advance context-aware conversational agents.

This structured approach in Figure 1 ensures the re-
view provides actionable insights into improving the
design and implementation of conversational agents
through effective context-aware modeling techniques

The image in Figure 1 provides a structured overview
of the research paper's organization. The introduction
outlines the objectives, the review framework, recent
advances in contextual modeling techniques, and cur-
rent challenges faced by conversational agents.

The methodology section describes the research de-
sign, including eligibility criteria, database selection
and search strategy, the screening and selection pro-
cess, data extraction and categorization, and data
analysis and synthesis. The results and discussion
section highlights key findings, covering advance-
ments in contextual modeling techniques, scalability
and computational efficiency, challenges in ambigui-
ty resolution and personalization, ethical and privacy
considerations, and a summary of key findings. The
summary of major findings consolidates the most
significant insights from the study. The conclusion
provides suggestions for future research directions,
emphasizing areas for further exploration.
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Figure 1: Research organization framework

20 METHODOLOGY

In this section, we outline the systematic approach
taken to conduct a comprehensive literature review
on contextual understanding in conversational agents.

This study follows the PRISMA (Preferred Reporting
Items for Systematic Reviews and Meta-Analyses)
guidelines[19], which offer a structured framework
for conducting and reporting systematic reviews. The
methodology involves several stages: defining eligi-
bility criteria, selecting a database, forming a search
strategy, performing study screening, and categoriz-
ing and analyzing the included studies.
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2.1 Eligibility Criteria

The eligibility criteria for selecting studies are based
on several factors to ensure the relevance and quality
of research included in the review:

e Language: Only studies published in English
were included.

e Publication Type: Peer-reviewed articles, confer-
ence papers, and reputable preprints were con-
sidered.

e Time Frame: Studies published from 2015 to the
present were included to capture the latest ad-
vancements in conversational agent technology
and contextual understanding.
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e Content Focus: Studies that specifically ad- .
dressed contextual understanding or modeling
techniques for conversational agents were in-

cluded.

Table 1: Eligibility criteria for study inclusion

Study Design: Experimental, comparative, and
review studies were included. Studies solely fo-
cused on technical aspects unrelated to dialogue

systems or NLP were excluded.

Criterion

Inclusion Criteria

Exclusion Criteria

Rationale

Publication Date

Studies published within
the last 5 years (e.g., 2019-
2024)

Studies published more
than 5 years ago unless
seminal

Ensures focus on recent ad-
vancements in contextual mod-
eling techniques relevant to
conversational agents.

Language English Non-English unless Maintains accessibility and
translated consistency in language for
analysis.
Study Type Peer-reviewed journal arti- | Non-peer-reviewed Ensures reliability and credibil-

cles, conference papers

sources, editorials,
blogs

ity of sources used in review.

Relevance to Con-
textual Understand-

ing

Studies directly addressing
contextual understanding,

modeling, or NLU in con-
versational agents

Studies with limited or
no relevance to NLU or
contextual modeling

Focuses on studies that contrib-
ute directly to advancements in
contextual modeling for agents.

Methodological
Rigor

Studies with a clear meth-
odology and analysis of
results

Studies lacking meth-
odological detail or
transparency

Prioritizes studies with suffi-
cient methodological rigor for
accurate interpretation and re-
producibility.

Technological Fo-
cus

Studies involving advanced
technologies (e.g., trans-

Studies relying solely
on outdated models or
non-contextual models

Emphasizes current technologi-
cal methods and innovations in

former models, attention
mechanisms, etc.)

conversational agent develop-
ment.

2.2 Database Selection and Search Strategy

The search was conducted across multiple academic
databases, including IEEE Xplore, ACM Digital Li-
brary, Scopus, and Google Scholar. These databases
were chosen for their comprehensive coverage of
computer science and engineering research, as well
as interdisciplinary studies in artificial intelligence,
linguistics, and data science.

The search strategy involved a combination of key-
words and Boolean operators to maximize the scope
while focusing on relevant studies. Keywords used
included terms like “contextual understanding,”
“conversational agents,” “natural language under-
standing,” “multi-turn dialogue,” and “contextual
modeling.” Boolean operators (AND, OR) and trun-
cation were applied to broaden or narrow the search
as needed.
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The process begins with identifying keywords related
to contextual understanding in conversational agents.
Boolean logic, such as AND/OR, is then used to re-
fine the search terms for more accurate results. Next,
specific academic databases like IEEE Xplore and
Google Scholar are chosen to search for relevant
studies. Inclusion and exclusion filters are applied
based on criteria such as publication date, language,
and study type. A two-step screening process is con-
ducted, starting with titles and abstracts, followed by
full-text reviews to ensure relevance. Finally, only
those studies that meet all the criteria are selected for
inclusion in the review.

This flowchart visually organizes the steps, ensuring
a systematic and thorough review approach.
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Keywords Identification ]

2.3

Boolean Combinations

Database Selection

Screening and Selection Process

The PRISMA framework was applied to screen and
select studies, which involved the following steps:
The initial search across several databases yielded
2,510 articles. After removing duplicates, 1,353
unique studies were left. The titles and abstracts of

these were reviewed for relevance, with studies not

Inclusion and Exclusion Filters

Screening Process

focusing on contextual understanding being exclud-
ed. The full texts of 378 remaining studies were as-
sessed for eligibility. Ultimately, 120 studies were
included in the review based on their relevance to
contextual modeling techniques, scalability challeng-

es, and ethical considerations. The total of 2,510 rec-

Final Selection

ords included 552 from ACM, 471 from IEEE
Xplore, 701 from Springer Link, and 786 from

Google Scholar. After removing duplicates (567),

Figure 2: Search strategy flow diagram

marking ineligible records (341), and excluding oth-
ers (249), 1,353 records were excluded before

screening. Following eligibility assessment, 11 new
studies were included, and after further exclusions, a
final total of 120 studies were included in the review

Databasessearch

Identification of new studies via databases and registers |

)

Figure 3: PRISMA flow diagram for study selection
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Table 2: Summary of study screening results

Stage Number of Studies Reasons for Removal
Removed
Records ldentified 2,510 From ACM (552), IEEE Xplore (471),
Springer Link (701), Google Scholar (786)

Duplicates Removed 567 Duplicate entries across databases
Records Marked as Ineligible by 341 Identified as irrelevant or non-eligible by au-
Automation Tools tomated screening
Records Removed for Other Rea- 249 Irrelevant studies, wrong study type, etc.
sons
Records Excluded After Screening 643 Based on title, abstract, or keyword review
Reports Not Retrieved 223 Not accessible or unavailable
Reports Excluded After Full Text 378 Language, irrelevance, publication type, or
Assessment methodological issues
Final Studies Included in Review 120 Relevant studies after full evaluation

2.4 Data Extraction and Categorization

For each included study, data was systematically ex-
tracted to ensure consistency and comprehen-
siveness in analyzing findings. Extracted data
included study details (author(s), publication
year, and source), contextual modeling tech-
niques (e.g., transformers, memory-augmented
networks, or graph-based models), research fo-
cus (such as scalability, ambiguity resolution,

Table 3: Data extraction framework

personalization, or ethical considerations), and
evaluation metrics (e.g., accuracy, coherence,
user satisfaction, and computational efficiency).
The extracted data was then organized into ma-
jor categories based on contextual modeling
techniques, scalability challenges, and ethical
considerations.

Category Subcategory Example of Extracted Data Fields
Study Information | Author(s) Brandtzaeg, P. B., & Fglstad, A.
Year of Publication 2018
Title of Study "Chatbots: Changing user needs and motivations."
Study Design Study Type Observational Study
Sample Size N/A
Research Methodolo- | Mixed-Methods
ay
Model/Intervention | Model Type Chatbots
Intervention Type Adaptation of chatbots to evolving user needs
Primary Focus Main Area of Study User Behavior and Motivation
Outcome Measure(s) | ldentification of changing user expectations
Results Key Findings Found user motivations shifting towards efficiency, person-
alization, and empathy
Statistical Analysis Qualitative and quantitative analysis
Limitations Study Limitations Limited generalizability across regions
Conclusion Study Conclusion Chatbots must align with user expectations to remain effec-
tive

2.5 Data Analysis and Synthesis

The analysis involved both qualitative synthesis and
guantitative evaluation. In the qualitative synthesis,
studies were categorized based on their primary con-
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tributions, such as model advancements, scalability,
and ethical considerations, using thematic analysis to
identify recurring themes and gaps. For example,
transformer model studies were grouped under
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"Transformer-Based Contextual Modeling," and eth-
ical studies under "Ethical and Privacy Considera-
tions." In the quantitative evaluation, a meta-analysis
was performed where applicable, comparing studies
on performance metrics to assess advancements in
scalability, coherence, and response accuracy, such
as comparing transformer models with memory-
augmented networks in terms of efficiency and accu-
racy for multi-turn dialogues.

Figure 4 highlights trends in contextual modeling
techniques from 2018 to 2024, showing how
research focus has evolved over time. Early
studies (2018-2020) concentrated on NLP-
based methods and Machine Learning, lay-
ing the foundation for conversational agents.
Knowledge Graphs gained moderate atten-
tion in 2020-2021, emphasizing the role of
structured data in enhancing context-
awareness. However, Deep Learning and
Hybrid Models have seen a notable rise
since 2022, reflecting a shift towards more
advanced and integrated approaches. This
indicates a growing interest in combining
multiple techniques to improve the perfor-
mance and versatility of conversational Al

Table 4: Quantitative summary of model performance

systems.
. _________________________________________________|

Trends in Contextual Modeling Techniques (2018-2024)

2,00 contextual Modeling Techniques
NLP-based
LB W Machine Learing
| Knowledge Graphs
I Deep Learning
Hybrid Models

e B
(52 =3

=3
—~
o

Number of Studies
i
b4
L1

e =
=

0.00

2018 2019 2020 2021 2022 2024
Year of Publication

Y-axis increment; 0.25

Figure 4: Trends in contextual modeling techniques

Modeling Approach Dialogue Coherence User Satisfaction Computational Cost
NLP-based Average: 78% 70% Low

Machine Learning Average: 82% 75% Moderate

Knowledge Graphs Average: 85% 78% High

Deep Learning Average: 90% 85% Very High

Hybrid Models Average: 88% 82% High

Table 4 is Quantitative Summary of Model Perfor-
mance and it is explained as follows:

The analysis identifies five primary techniques for
contextual modeling for conversational agents devel-
opment: NLP-based, machine learning, knowledge
graphs, deep learning, and hybrid models. Dialogue
coherence measures how logically and consistently
each model generates responses, with deep learning
models achieving the highest coherence (90%), while
NLP-based models score lower (78%). User satisfac-
tion reflects the average user-reported satisfaction,
with deep learning models again leading at 85%.
Computational cost evaluates the resources required
by each model, categorized as low, moderate, high,
or very high. Deep learning, while excelling in co-
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herence and satisfaction, carries a very high compu-
tational cost, making it suitable for high-resource
settings. NLP-based and machine learning models
offer a balanced performance and efficiency for less
resource-intensive applications. Knowledge graphs
provide high coherence and satisfaction but are com-
putationally expensive, typically used when accuracy
is more critical than speed. Hybrid models combine
strengths of other methods, offering high coherence
and satisfaction with moderate-to-high computational
demand, serving as a middle ground.

2.7 Research Tool Support and Modern
Technology

This review utilized advanced tools to manage the

systematic review process. EndNote and Zotero were

used for reference management, ensuring accurate
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citation tracking. NVivo facilitated thematic coding
and qualitative synthesis, helping to organize and
analyze themes across studies. RefMan was em-

Table 5: Research tools used in review

ployed for meta-analysis, aggregating data from
guantitative studies to assess trends in model perfor-
mance.

Review Phase Tool Purpose

Contribution to Systematic Approach

Literature Academic Data- (e.g., Google Scholar, To gather relevant studies on contextual
Search bases IEEE Xplore, Scopus) modeling

Keyword Man- | Mendeley/Zotero Organize, manage, and Facilitated consistent use of search
agement tag keywords terms across sources

Screening Rayyan Assisted with study Enabled transparent inclusion/exclusion

screening and selection

and reduced bias

Data Extraction | Excel/Google

Sheets data

Organized extracted study

Supported structured data gathering for
analysis

Data Analysis NVivo

Thematic coding of quali-

Enhanced consistent categorization and

tative data in-depth analysis
Reliability SPSS/Statistics Calculated inter-rater re- | Ensured robust reliability analysis
Checking Software liability
Visualization Tableau/Excel Generated graphs and Provided clear visual representation of

visual summaries

trends and metrics

Microsoft
Word/LaTeX

Report Writing

Drafted and formatted the
systematic review report

Supported structured presentation of
findings

3.0 RESULTS AND DISCUSSION

In this section, we present the findings of the system-
atic review, organized according to the primary re-
search focus areas identified: recent advancements in
contextual modeling, scalability and computational
efficiency, ambiguity and personalization challenges,
and ethical considerations in conversational agents.
For each area, we highlight the trends, discuss the
performance of different approaches, and suggest
potential improvements in the field. Where applica-
ble, visual representations such as tables, diagrams,
and graphs are used to illustrate findings effectively.

3.1 Advances in Contextual Modeling Tech-
nigques

Recent breakthroughs in NLP and deep learning have
significantly improved the feasibility and effective-
ness of contextual modeling in conversational
agents[20-21]. Key advancements include transform-
er-based architectures (Figure 5) such as BERT,
GPT-3, and T5[22], which utilize attention mecha-
nisms to track dependencies across lengthy conversa-
tions, preserving context over multiple dialogue
turns[23]. These models rely on self-attention to cap-
ture relationships and dependencies across entire text
sequences[24], addressing both immediate and latent
contexts in real-time conversations[25]. Notable
transformer-based models like BERT and GPT-3
represent major milestones, enabling the generation

@ © 2025 by the author(s). Licensee NIJOTECH.

This article is open access under the CC BY-NC-ND license.
https://dx.doi.org/10.4314/njt.v44i4.13

http://creativecommons.org/licenses/by-nc-nd/4.0/

of coherent and contextually accurate responses for
conversational agents[26].

In addition to transformers, other approaches, such as
memory-augmented neural networks and graph-
based models, have emerged[27]. Memory-
augmented networks dynamically store conversation
history in external memory, improving the agent's
ability to recall and leverage prior interactions[28].
Conversely, graph-based models utilize knowledge
graphs or relational graphs to map entity relation-
ships and dialogue structures, enhancing the agent’s
ability to navigate complex conversational paths[29].
Despite their capabilities, these models face scalabil-
ity challenges due to their computational intensity,
particularly in handling extended or intricate conver-
sations.

Recent advancements in contextual modeling tech-
niques for conversational agents have been
largely driven by deep learning innovations,
especially transformer-based models and
memory-augmented neural networks[30].

The review identified significant advancements in
contextual modeling for conversational
agents, particularly through transformer-
based models, memory-augmented networks,
and graph-based approaches. Each of these
techniques contributes to improved contextu-
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al understanding but also presents unique
benefits and limitations.
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Figure 5: Architecture of Transformer-Based Models in Contextual Understanding[31]

Figure 5 as referenced here to illustrate how these
components function in creating contextually rich
conversational models. The figure highlights several
components: Input Embedding transforms words into
dense vectors[32] that capture semantic meanings,
enabling an understanding of context and relation-
ships between words[33]. Positional Encoding adds
positional information to embeddings, allowing
transformers to recognize sequence and structure[34].
The Encoder consists of multi-head attention[35] for
capturing diverse relationships[36], feed-forward
neural networks for learning complex patterns[37],
and layer normalization and residual connections for
stabilization and refinement[38] .The Decoder com-
plements the encoder by generating outputs[39] using
masked multi-head attention[40], which focuses on
past tokens, and encoder-decoder attention[41],
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which integrates contextual information from the
input sequence[42]. Finally, the Output Layer pro-
duces contextually coherent predictions[43], com-
pleting the conversational flow[44].

Input Embedding transforms words into dense vec-
tors that encapsulate their semantic meanings. This
process helps the model understand the context and
relationships between words in a conversation. Posi-
tional Encoding incorporates positional information
into the word embeddings, addressing the lack of
built-in word order awareness in transformers. This
step enables the model to recognize the sequence and
structure of the input data. Encoder processes the
input through multiple layers, each contributing to
contextual understanding. Multi-Head Attention al-
lows the model to focus on different parts of the in-
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put sequence simultaneously, capturing diverse con-
textual relationships. Feed-Forward Neural Network
applies transformations to the outputs of the attention
mechanism, enabling the detection of complex pat-
terns and relationships. Layer Normalization and Re-
sidual Connections stabilize and speed up the train-
ing process, ensuring that contextual information is
effectively retained and refined across layers. Decod-
er processes the input through layers while also gen-
erating outputs: Masked Multi-Head Attention en-
sures the decoder focuses only on known outputs
(past tokens) during training, maintaining proper
context for generating future tokens. Encoder-
Decoder Attention directs the decoder to relevant
parts of the encoder’s output, integrating the input
sequence’s context into the output generation pro-
cess. The Output Layer produces the final predic-

tions, such as the next word in a conversation. This
ensures the generated text is contextually coherent
and appropriate, effectively completing the conversa-
tional flow. By using these components, transformer
models effectively maintain and utilize context, al-
lowing for meaningful and coherent conversations

The Comparison of Contextual Modeling Techniques
in

Table 6 presents an overview of three major types of
contextual modeling approaches transformer-based
models, memory-augmented networks, and graph-

based models by outlining their strengths, weakness-
es, and common applications.

Table 6: Comparison of contextual modeling techniques

dependencies.

Model Type Strengths Weaknesses Application Areas
Transformer- |eHigh capacity for parallel pro- ¢ Requires large amounts of |e Language model-
Based Models | cessing of large datasets. labeled data for effective ing
eStrong performance in natural training. e Machine transla-
language processing and sequen- | ¢ High computational cost tion
tial data tasks. and memory usage. e Text summariza-
e Ability to capture long-range tion

Memory- Enhanced ability to recall and
Augmented | integrate information across long
Networks | sequences.
eSuitable for tasks requiring stor-
age of long-term context.
eFlexible architecture for various
memory update mechanisms.

e Can become complex and |o Question answer-

challenging to train effec- ing
tively. e Sequential deci-
¢ Memory management is sion-making
computationally intensive. |e Reinforcement
learning

Graph-Based
Models

o Effective at capturing structured
relationships and dependencies.

o Naturally suited for tasks involv-
ing networked or relational data.

¢ Allows modeling of non-
Euclidean data structures.

e May require graph-specific |e Social network

data preprocessing. analysis
e Scaling to large graphs can |e¢ Recommendation
be resource-intensive. systems

e Molecular struc-
ture prediction

3.1.2 Transformer-based models

The review identified transformers as the most wide-
ly researched and implemented models for contextual
understanding. Studies focusing on BERT, GPT-3,
and T5 demonstrate the power of self-attention in
maintaining context across multi-turn dialogues[45].
Transformer models were shown to outperform pre-
vious RNN-based architectures in terms of response
coherence, user satisfaction, and adaptability to com-
plex dialogues[46]. Transformers, like BERT and
GPT-3, have revolutionized contextual understanding
by enabling conversational agents to retain context
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over long, multi-turn dialogues[47]. However, their
high computational requirements create limitations in
real-time applications[48].

Recent studies suggest that hybrid models combining
transformers with memory-efficient approaches can
achieve a balance between accuracy and efficiency.
Transformer-Based Models: These models, like Bidi-
rectional Encoder Representations from Transform-
ers (BERT) and Generative Pre-trained Transformer
(GPT), are highly effective in processing large
amounts of text data in parallel[49]. They excel in
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capturing long-range dependencies, which makes
them ideal for tasks such as machine translation, text
summarization, and language modeling[50]. Howev-
er, they require significant labeled data and computa-
tional resources[51]. For example, BERT is used in
applications like Google Search to understand natural
language queries[52]: Examples of these networks
include Neural Turing Machines and Differentiable
Neural Computers[53]. They have a unique memory
component that allows them to recall information
over extended sequences, making them suitable for
guestion-answering systems and reinforcement learn-
ing tasks[54]. However, their complex architecture
can make training challenging[55]. An application
example is a question-answering model that needs to
remember facts across a long conversation.

3.1.3 Memory-augmented  neural  networks

(MANNS)

They are another prominent approach, offering solu-
tions to retain and retrieve past dialogue interactions
dynamically [56]. While these networks are less pop-
ular than transformers, they excel in situations requir-
ing extended memory, as seen in applications such as
customer support and therapy chatbots, where re-
calling previous interactions is essential[57].

Memory-augmented networks (MANNSs) are effec-
tive for retaining long-term contextual data, especial-
ly in applications like customer service where previ-
ous interactions are essential[58]. Graph-based mod-
els excel in domain-specific applications, capturing
structured relationships within data. Despite their
effectiveness, these approaches struggle with the
spontaneous[59], less structured user inputs common
in open-domain dialogues[60]. Memory-augmented

neural networks (MANNS) are another prominent
approach, offering solutions to retain and retrieve
past dialogue interactions dynamically [61]. While
these networks are less popular than transformers,
they excel in situations requiring extended memory,
as seen in applications such as customer support and
therapy chatbots, where recalling previous interac-
tions is essential[62]. Memory-augmented networks
(MANNS) are effective for retaining long-term con-
textual data, especially in applications like customer
service where previous interactions are essential[63].
Graph-based models excel in domain-specific appli-
cations, capturing structured relationships within da-
ta. Despite their effectiveness, these approaches
struggle with the spontaneous[64], less structured
user inputs common in open-domain dialogues[65].

Graph-based models: graph neural networks
(GNNs),

such as Graph Convolutional Networks (GCNs), are
designed to model relationships in structured da-
ta[66]. They are effective at handling relational and
non-Euclidean data, which is crucial for applications
like social network analysis, recommendation sys-
tems, and molecular structure prediction[67]. For
instance, GNNs are used in LinkedIn’s recommenda-
tion engine to understand the social connections be-
tween users[68].Graph-based models, often utilizing
knowledge graphs, excel in capturing entity relation-
ships and conversation paths[69]. These models are
commonly integrated with transformers or MANNS
to enhance response accuracy, particularly in do-
main-specific dialogues, such as in healthcare and
legal advice systems[70].

Table 7: Comparison of contextual modeling techniques[70]

Technique Strengths

Weaknesses

Typical
Domains

Application

Transformer-Based | Highly accurate, effective

Resource-intensive, Chatbots, virtual assis-

entity relationships.

Models for large datasets, excellent | struggles with very long | tants, customer service
at capturing context. contexts. systems.
Memory- Better handling of long- Requires significant Healthcare dialogue sys-
Augmented Net- | term dependencies, effi- memory, less effective tems, technical support
works cient for multi-turn conver- | for short-term contexts. | bots.
sations.
Graph-Based Mod- | Good for structured data, Lower accuracy com- Knowledge-based FAQ
els suitable for tasks requiring | pared to transformers, systems, recommenda-

structured data.

less effective for un- tion engines.
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Table 7 outlines different modeling techniques, their
strengths, weaknesses, and typical application do-
mains. Transformer-based models are highly accu-
rate, effective for large datasets, and excel at captur-
ing context but are resource-intensive and struggle
with very long contexts. They are typically used in
chatbots, virtual assistants, and customer service sys-
tems. Memory-augmented networks handle long-
term dependencies well and are efficient for multi-
turn conversations, though they require significant

memory and are less effective for short-term con-
texts. They are used in healthcare dialogue systems
and technical support bots. Graph-based models
work well with structured data and tasks requiring
entity relationships, but they have lower accuracy
compared to transformers and are less effective with
unstructured data. They are typically used in
knowledge-based FAQ systems and recommendation
engines.

Comparative Overview of Contextual
Modeling Techniques

l

v v

[ Transformer-Based Models ]

[ Memory-Augmented Networks ] [ Graph-Based Models. ]

l
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Figure 6: A comparative flowchart of transformer, memory-augmented, and graph-based models[87]

From Figure 6, Transformer-Based Models are wide-
ly used in applications such as conversational agents,
sentiment analysis, and machine translation. Their
strengths lie in excellent context understanding and
scalability for various tasks. However, they are lim-
ited by their high computational cost and the expense
associated with training. Memory-Augmented Net-
works are particularly suitable for applications like
dialogue systems and long-term personalization.
Their key strengths include the ability to retain user
preferences over time and improve interactive dia-
logue. Despite these advantages, they require com-
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plex memory mechanisms and entail a high imple-
mentation overhead. Graph-Based Models excel in
areas such as knowledge graphs, recommendation
systems, and structured reasoning tasks. They are
highly effective at relational reasoning and handling
structured data. Nevertheless, they face challenges
with scalability when working with large graphs and
can be difficult to integrate into workflows.

This layered comparison highlights the strengths and
trade-offs of each technique, offering practical guid-
ance for their implementation in conversational
agents.
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Each model type brings unique strengths to specific
applications but also comes with challenges, particu-
larly in terms of data requirements, computational
complexity, and scalability. This table provides a
concise comparison to help in selecting the appropri-
ate modeling approach based on the data structure
and task requirements.

3.2 Current Challenges in Contextual Under-
standing for Conversational Agents

Despite these advancements, several challenges con-
tinue to hinder the development of fully context-
aware conversational agents. One of the foremost
challenges is scalability[71]. High computational
demands associated with deep learning models, par-
ticularly transformer-based architectures[72], make it
difficult to apply these models in real-time settings
with limited processing power[73]. Moreover, as
conversations grow in complexity and length, it be-
comes challenging for these systems to effectively
retain and recall necessary contextual information

Table 8: Review framework and sections

without impacting processing speed and accura-
cxv[v74].

Model Type
Transformer-Based Models
-8+ Memory-Augmented Networks

9% ~&- Graph-Based Models

8 O

8 L

Response Accuracy (%)
/
»

75 S

10 g

65

1 5 10 B 20 5 30
Conversation Length (Number of Turns)

Figure 7: Graph showing the performance vs. con-

versation length[20]

Review Section Specific Objectives Associated Re- | Methodological Ap-
search Ques- | proach
tions
Introduction Establish context and importance of RQ1, Literature background
contextual understanding in conver- RQ2, review
sational agents RQ3, Identification of
Present research questions and objec- RQ4 knowledge gaps
tives
Literature Review | Summarize recent advancements in RQ1 Systematic literature
contextual understanding techniques search
Compare and contrast approaches Analysis of recent tech-
nological trends
Challenges and Analyze common challenges in con- RQ2, Case study analysis
Solutions versational agents RQ3, Categorization of com-
Explore scalability, personalization, RQ4 mon technical challenges
and ethical implications
Methodology Detail the systematic approach for All RQs Systematic PRISMA
selecting and analyzing studies framework
Define inclusion and exclusion crite- Selection criteria and
ria for study selection analysis of study reliabil-
ity
Findings and Present findings relevant to each re- RQ1, Comparative analysis
Analysis search question RQ2, Synthesis of results from
Compare studies and identify pat- RQ3 reviewed studies
terns in approaches
Conclusion and Summarize key insights from the All RQs Summary of findings
Future Directions | review Proposal of future re-
Highlight future research needs and search areas based on
potential advancements in the field analysis
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Another significant challenge is ambiguity han-
dling[75]. In natural dialogue, users often refer to
topics vaguely or with ambiguous expressions that
require the agent to infer meaning based on prior
conversation [76]. For instance, a user might refer to
“that report” or “the recent update,” without clear
specifications, which requires the agent to resolve
these references accurately[77]. Developing conver-
sational agents that can effectively interpret such
ambiguity and provide relevant, contextually appro-
priate responses is an ongoing area of research[78].
Ethical considerations also play a critical role in the
development and deployment of conversational
agents[79]. Context retention often requires access to
sensitive user data, which raises privacy and security
concerns[80]. As agents become more adept at re-
taining context, the need to balance user personaliza-
tion with data privacy grows[81]. Ensuring that con-
versational systems align with data protection regula-
tions like GDPR, while safeguarding user infor-
mation, is essential[82].

The graph in Figure 7 illustrates the decline in re-
sponse accuracy as conversation length increases,
emphasizing the scalability limitations of different
contextual modeling techniques. Transformer-based
models perform well initially but experience a nota-
ble decrease in accuracy as the conversation length-
ens. Memory-augmented networks demonstrate
slightly better resilience than transformers, maintain-
ing accuracy over longer conversations. Graph-based
models, while consistent, show lower performance
compared to the other two approaches. This indicates
the need for advanced methods that can sustain high
performance in extended conversations.

3.2 Scalability and Computational Efficiency
One of the primary challenges identified was the
scalability of advanced contextual models. As dia-
logues increase in complexity and length, the compu-
tational demands of transformer-based models, in
particular, become substantial[83]. Scalability re-
mains a significant challenge for conversational
agents, particularly for transformer models with high
processing and memory demands[84]. Various opti-
mization techniques such as model pruning, quanti-
zation, and knowledge distillation have shown prom-
ise in enhancing computational efficiency[85].

3.2.1 Efficiency of transformer models

Studies indicate that transformer models like GPT-3
and T5 require extensive computational resources,
especially in terms of memory and processing time.
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Scaling these models for real-time conversational
agents remains challenging, especially in scenarios
requiring quick responses or operating on limited
hardware[86]. Technigues such as model pruning,
distillation, and quantization were frequently men-
tioned as methods to reduce computational load
without significantly impacting performance.

3.2.2 Optimizing memory-augmented and graph-
based models

Memory-augmented networks are comparatively ef-
ficient, particularly when designed to store only es-
sential information from past interactions. Similarly,
graph-based models offer efficient scalability, as
knowledge graphs require less computational power
to retrieve and process relational data than trans-
formers processing large text volumes.

5 Metrics
I GPU Hours
Memory Usage (GB)

100

Computational Metrics
o
S

Contextual Modeling Techniques

Figure 8: Computational cost of contextual models
[28]

Figure 8 compares the computational costs of contex-
tual models across multi-turn dialogues: it is a bar
graph comparing the average computational require-
ments (e.g., GPU hours, memory usage) for trans-
former-based models, memory-augmented networks,
and graph-based models across multi-turn dialogues.
GPU Hours: Transformer-based models require the
most GPU hours, reflecting their high computational
intensity. Memory Usage (GB): Transformers also
consume the most memory, followed by memory-
augmented networks and graph-based models. This
visual emphasizes the scalability and resource trade-
offs among different contextual modeling techniques.
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Table 9: Efficiency optimization techniques[86

Optimization | Description Reported Improvements Examples of Use

Technique

Model Prun- | Reduces model size by re- | Processing speed: 20-40% in- | Common in Transformer-

ing moving redundant parameters | crease based architectures, espe-
and layers. Memory usage: 30-60% reduction | cially for mobile deploy-

ment
Knowledge Trains a smaller “student” | Processing speed: 50% increase Used in chatbot applica-
Distillation model to mimic a larger | Memory usage: Up to 75% reduc- | tions and maobile-friendly

“teacher” model’s behavior.

tion

models

Quantization

Reduces precision of model
weights from 32-bit to lower
bit sizes (e.g., 8-bit).

Memory usage: 60-75% reduction
Minimal accuracy loss

Popular for edge devices
and loT applications in
voice assistants

Caching Stores frequently accessed | Response time: Significant reduc- | Applied in FAQ chatbots
Mechanisms | data or responses to reduce | tion in repetitive queries and virtual customer ser-
computational load. vice agents
Parameter Reuses parameters across | Memory usage: Reduced by up to | Implemented in recurrent
Sharing layers to decrease overall | 50% models and certain

model size. memory networks

Model Pruning and Quantization focus on reducing
memory and processing requirements, making mod-
els lighter and more suitable for resource-constrained
environments. Knowledge Distillation allows large
models to be converted into smaller versions with
minimal loss of accuracy, ideal for applications
where both efficiency and accuracy are critical.
Caching Mechanisms optimize repetitive responses
in customer support bots, while Parameter Sharing
reduces memory usage by reusing weights in certain
model layers. Table 9 helps developers choose the
most suitable optimization techniques based on the
desired efficiency gains and deployment environ-
ment.

3.2.3 Model compression techniques
Compression methods, such as model pruning and
knowledge distillation, can reduce computational
load without severely impacting performance[87].
Studies indicate that while transformers benefit from
pruning and quantization[88], knowledge distillation
works well for memory-augmented and graph-based
models[89], maintaining context without consuming
excessive resources[90].

3.24 Real-time scalability

Real-time scalability can be addressed through cloud
and edge computing[91]. While cloud solutions en-
hance scalability, they often increase latency and
raise privacy concerns[92]. Edge-based models re-
duce latency but require more processing power lo-
cally[93]. Hybrid edge-cloud solutions offer a middle
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ground, combining low latency with scalable compu-
ting power[94].

400 400 Latency (ms)

Computational Demand (units)
350

300
300

250
250

200

Metrics
~
S
S

150
150

100
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50

Edge-Only Hybrid Etige-c\oud

System Type

Figure 9: Latency and computational demand
comparison across cloud, edge, and hybrid systems
for conversational agents[1]

Cloud-Only

The bar chart compares latency and computational
demands across three system architectures for con-
versational agents: cloud-only, edge-only, and hybrid
edge-cloud systems. Cloud-only systems exhibit the
highest latency (300 ms) and computational demand
(400 units) due to their reliance on centralized pro-
cessing. Edge-only systems reduce latency to 150 ms
and computational demand to 250 units, making
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them suitable for localized tasks. Meanwhile, hybrid
edge-cloud systems achieve the lowest latency (100
ms) and computational demand (200 units), effec-
tively balancing efficiency and resource utilization.
This comparison underscores the trade-offs between
centralized, decentralized, and hybrid approaches in
conversational agent deployment.

3.3 Ambiguity and Personalization Challenges
Understanding ambiguous user expressions and per-
sonalizing responses based on user history are crucial
challenges in conversational agents. The studies re-
veal different approaches to address these challenges.
Addressing ambiguity in user inputs and enabling
personalized responses were key challenges high-
lighted in the studies. Techniques for handling am-
biguous statements and tailoring responses to indi-
vidual users were explored to enhance conversational
agent accuracy and user satisfaction.

3.3.1 Handling ambiguity

Handling ambiguity remains a core difficulty in natu-
ral language understanding, as users often reference

topics vaguely or with incomplete information[95].
Recent approaches include using dual transformer
architectures, where one transformer identifies the
ambiguous references, and the other resolves them
using past dialogue context [96]. Memory-augmented
networks are also effective in disambiguating phrases
by storing recent user queries, allowing agents to re-
fer back to relevant information[97].

3.3.2 Personalization techniques

Personalization techniques often leverage user profile
data and conversation history, which allows conver-
sational agents to adapt their responses to individual
user preferences[98]. Studies suggest that graph-
based models, integrated with knowledge graphs, are
particularly effective in storing and retrieving user-
specific information for personalization[99]. Howev-
er, personalized responses increase computational
requirements and introduce potential privacy con-
cerns [100].

Table 10: Ambiguity resolution and personalization approaches[100]

Approach Key Technique | Process Steps Benefits Limitations
Ambiguity Dual Trans- | 1. Analyze ambiguous input. | High accuracy in High computational
Resolution former Models understanding and | cost; context misin-

2. Retrieve relevant context.

3. Generate clarified re-
sponse.

resolving ambigui-
ty.

terpretation risks.

Personalization

Memory-
Augmented
Networks

1. Store user preferences.

2. Retrieve past interactions.

Enhances user sat-
isfaction through
personalized expe-

Memory-intensive;
privacy concerns
with user data stor-

ingly.

3. Tailor responses accord-

riences. age.

Ambiguity Resolution focuses on analyzing ambigu-
ous input, such as words with multiple meanings, by
using dual transformer models. These models re-
trieve context to clarify the response. The key bene-
fits include high accuracy and adaptability to nu-
anced inputs, allowing the model to handle complex
user queries. However, the limitation lies in the sig-
nificant computational demand required to process
and resolve ambiguities effectively. Ambiguity is
managed through techniques like dual-layer trans-
formers, where one layer identifies and interprets
ambiguous input while the other generates an appro-
priate response. This approach effectively resolves
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vague language by leveraging context from previous
interactions[101].

Personalization relies on memory-augmented net-
works to adapt responses based on stored user prefer-
ences and interaction history. This approach enhanc-
es user engagement and satisfaction by tailoring re-
sponses to individual users. However, it comes with
challenges, including high memory requirements and
potential ethical and privacy concerns related to the
storage and use of personal data[102-103]. Personali-
zation improves user experience by adapting re-
sponses to individual preferences[104]. Memory-
augmented networks and graph-based models can
store and retrieve personalized data, making agents
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more responsive to user preferences[105]. However,
this introduces privacy and storage challenges, which

require additional safeguards such as data encryption
and federated learning[106].

User Query

Ambiguity Handling
(Transformers)

Context Retrieval

Generate Clarified
Response

Personalization
(Memory Networks)

User Preferences and
Interaction Log

Generate Tailored
Response

Final Response

Figure 10: Ambiguity resolution and personalization approaches[103]

The diagram in Figure 10 illustrates how conversa-
tional agents handle ambiguity and personalize re-
sponses by leveraging dual transformer models and
memory-augmented networks. It begins with a user
guery, which might contain ambiguous terms or re-
quire personalization. The query is processed through
two parallel pathways. In the ambiguity handling
pathway, transformer-based models analyze the input
to detect and interpret ambiguous terms. These mod-
els retrieve the relevant context and generate a clari-
fied response. Meanwhile, in the personalization
pathway, memory-augmented networks access stored
user preferences and past interaction history. These
networks generate a tailored response that aligns with
the user’s unique needs and history. Finally, the out-
puts from both pathways are integrated into a final
response that is context-aware, coherent, and user-
specific. This dual-processing approach ensures con-
versational agents are both accurate in understanding
input and responsive to user-specific preferences,
enhancing overall interaction quality.

Figure 11 illustrates how user satisfaction ratings
improve over 10 conversation turns for both person-
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alized and non-personalized responses. Personalized
responses consistently achieve higher satisfaction
ratings, showing a steeper increase and peaking at
95%, compared to 78% for non-personalized re-
sponses. This highlights the positive impact of per-
sonalization in conversational interactions.

95 Personalized Responses
~@- Non-Personalized Responses

90

o
wn

._.
wn
\

4

Satisfaction Rating (%)
(o]
S
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T 2 3 4 5 6§ 7 8 9 1
Conversation Turns
Figure 11: Impact of personalization on user
satisfaction[105]

Vol. 44, No. 4, December, 2025


http://creativecommons.org/licenses/by-nc-nd/4.0/

MODELING CONTEXTUAL UNDERSTANDING FOR CONVERSATION... 2

Table 11: Effectiveness of ambiguity resolution techniques[106]

proaches.

Ambiguity Description Accuracy | Computational Applications
Resolution Demand
Technique
Rule-based dis- | Uses predefined rules to Moderate | Low Simple customer ser-
ambiguation resolve common ambigui- vice chatbots
ties.
Machine learn- | Uses labeled data to train | High Moderate Recommendation sys-
ing classifiers classifiers to resolve am- tems, text-based assis-
biguity. tants
Contextual em- | Embeds words/sentences | Very High Complex conversa-
bedding models | in a context-aware space | High tional agents, virtual
(e.g., BERT). assistants
Knowledge Connects ambiguous High Moderate FAQ systems,
graph integra- terms tostructured knowledge-driven
tion knowledge bases. bots
Hybrid methods | Combines rule-based, Very Very High Advanced Al chat-

ML, and embedding ap- High

bots, complex NLP
applications

Table 11 compares various techniques used in con-
versational Al for resolving ambiguities, focusing on
their accuracy and computational demand. It pro-
vides insights into how effectively each method clari-
fies ambiguous language while considering the com-
putational resources required.

Table 11 aids developers in selecting ambiguity reso-
lution techniques based on accuracy requirements
and computational constraints in conversational Al
systems.

3.4  Ethical and Privacy Considerations

Ethical and privacy concerns are critical for context-
aware conversational agents, particularly as they in-
creasingly retain user data for personalization[107].
Ethical considerations, particularly data privacy, are
paramount in developing conversational agents that
retain user context[108]. Ensuring user privacy while
maintaining personalized responses is challenging,
and adherence to regulations like GDPR is essen-
tial[109].

3.4.1 Privacy concerns

Privacy emerged as a significant theme, with studies
emphasizing the need for data protection frameworks
to prevent misuse of retained data[110]. Encryption
and data anonymization techniques are recommended
to secure user information, with adherence to regula-
tions like GDPR. However, these methods often im-
pact processing speed and increase model complexi-
ty[111]. Privacy protection is increasingly achieved
through data anonymization, encryption, and regula-
tory compliance[112]. Studies advocate for incorpo-
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rating secure data handling protocols, such as en-
crypted data storage and transparent consent man-
agement, to address privacy concerns and build user
trust[113-114].

3.4.2  Ethical considerations in context reten-
tion

Agents retaining extensive user information risk
breaching user trust, especially if the context is re-
tained longer than necessary or used in unintended
ways[115]. Studies suggest integrating ethical proto-
cols that limit context retention based on session
length or user consent[116]. Additionally, providing
transparency about data usage has shown to positive-
ly impact user trust[117].

3.4.3 Ethical implications of context retention
Retaining extensive user context poses ethical risks,
including privacy violations if data is stored beyond
the user's consent[118]. Implementing session limits
and securing user consent for data retention enhance
trust[119]. Studies show that transparent practices,
like informing users of data use policies, improve
trust in conversational agents[120].

Table 12 is the Best Practices for Ethical Conversa-
tional Agent Development” the table outlines essen-
tial guidelines for ensuring ethical standards in data
retention, user consent, and transparency. Each prac-
tice focuses on fostering user trust, protecting priva-
cy, and meeting compliance standards in conversa-
tional Al systems.
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Table 12: Best

ractices for ethical conversational agent development[118]

tion.

- Regularly purge outdated data

Ethical Prac- Description Best Practices Implementation
tice Examples

Data Reten- | Policies on how long user - Limit data storage to necessary Periodic data dele-

tion data is stored before dele- periods tion for chat history

in support bots

User Consent

Informed consent for data
collection, storage, and pro-
cessing.

- Obtain explicit consent before data
use
- Provide opt-out options

Consent forms for
chat data storage in
healthcare bots

Transparency | Clear communication on - Publish clear privacy policies Privacy policy links
how data is collected, stored, | - Display disclaimers in interfaces in Al assistants and
and used. chat platforms

Data Mini- Collect only data essential - Limit data collection to necessary | Minimal data input

mization for functionality and user fields for onboarding in
experience. - Avoid sensitive data collection un- | customer service Al

less essential

User Data Allow users to view, update, | - Implement data access and deletion | Settings for users to

Access and or delete their data. options manage chat data in

Control - Use simple settings for data control | personal assistants

Regular Au- | Conduct periodic reviews to | - Schedule regular audits Compliance reviews

dits and ensure adherence to ethical - Maintain compliance with regula- | for conversational

Compliance | standards and legal compli- | tions like GDPR, CCPA agent platforms

ance.

Data retention policies are essential for minimizing
privacy risks by regularly deleting outdated or un-
necessary data. Ensuring user consent is vital to
keeping users informed and in control of their per-
sonal data, thereby fostering trust and meeting com-
pliance requirements. Transparency practices clarify
how user data is handled, enhancing trust and making
systems more accessible and user-friendly.

Data minimization focuses on using only essential
information, reducing the risk of unnecessary expo-
sure while maintaining system functionality. Provid-
ing user data access and control empowers individu-
als with autonomy over their data, aligning with pri-
vacy rights and enhancing user experience. Regular
audits and compliance checks are crucial for ensuring
continuous adherence to legal and ethical standards,
which helps organizations maintain credibility. These
practices collectively guide the ethical development
of conversational agents, emphasizing the importance
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of privacy, transparency, and user autonomy in build-
ing trustworthy and effective systems.

Table 13 helps guide the ethical development of
conversational agents by highlighting core practices
that enhance privacy, transparency, and user autono-
my. Figure 12 adopts a layered structure to illustrate
essential privacy protocols. At the core layer, data
encryption ensures secure transmission and storage
of sensitive information. The middle layer focuses
on data anonymization, safeguarding user identities
by removing or obfuscating personal details. Finally,
the outer layer implements retention limits, defining
time-based rules for data deletion to maintain com-
pliance with privacy standards. Each layer represents
an additional level of security, emphasizing a robust
and comprehensive approach to privacy and ethical
practices.
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Table 13: Ethical and privacy techniques

Technique

Description

Purpose

Examples of Use

Data Retention

Defines how long user data is

Minimizes unnecessary

Common in chatbots that

Policies stored and ensures it is deleted af- | data storage and reduces | handle personal information
ter a set period. privacy risks
End-to-End Encrypts data during transfer to Secures data in transit Used in messaging apps and
Encryption prevent unauthorized access. from interception customer service bots
Differential Adds noise to data to protect indi- | Ensures anonymity of Applied in large-scale con-
Privacy vidual identities in aggregated da- | user data in analytics versational analytics
tasets.
Transparency | Provides users with clear infor- Builds trust and informs | Common in virtual assis-
Measures mation on data usage, model limi- | users about data practices | tants and Al-based support

tations, and privacy policies.

systems

Anonymization

Removes identifiable information
from user data to protect privacy.

Prevents tracking or iden-

tification of users

Frequently used in health
and support chatbots

Access  Con-

trols

Limits who can access user data
within an organization.

Prevents unauthorized
data access

Applied in enterprise chat-
bots with sensitive infor-

mation

Table 13 presents key practices used to ensure
ethical handling of data in conversational agents.
This includes strategies for data retention, encryp-
tion, and transparency, which are essential for pro-
tecting user privacy and fostering trust.

Data Retention Policies ensure data is stored only as
long as needed, mitigating privacy risks. End-to-End
Encryption and Access Controls protect data from
unauthorized access, crucial in applications handling
sensitive information. Differential Privacy and
Anonymization protect individual identities, espe-
cially in large datasets used for analysis. Transparen-
cy Measures enhance user trust by openly communi-
cating data practices.

This table highlights essential practices for maintain-
ing privacy and ethical standards, guiding developers
in implementing responsible conversational Al sys-
tems.

v

Data Encryption

©
B

Data Anonymization

J

Retention Limits

Figure 12: Privacy and ethical framework for con-
versational agents[116]

Table 13: Summary of key findings across research focus areas

Research Fo- Challenges Recent Advancements Possible Improvements
cus Area
Contextual Difficulty in maintaining con- | Transformer-based models | Development of multi-turn

Understanding | text over long conversations;

context drift.

(e.g., BERT, GPT);
memory networks.

conversation models; im-
proved context tracking.

Dialogue Co-
herence

Ensuring responses are rele-
vant and logically follow pre-
vious exchanges.

Sequence-to-sequence
models; reinforcement
learning for dialogue.

Hybrid models combining
rule-based and deep learning
approaches for consistency.

Scalability and
Efficiency

High computational costs limit
deployment on resource-
constrained devices.

Techniques like pruning,
guantization, and distilla-
tion.

Enhanced optimization meth-
ods for edge computing ap-
plications.
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Privacy and | Risks of data exposure and Differential privacy; anon- | Development of more robust
Data Security | user identity compromise. ymization techniques; se- privacy-preserving Al tech-

cure data storage.

niques and user-controlled
data settings.

Ethical Trans-
parency

Lack of clarity on model deci-
sion-making; issues with bias.

Frameworks for ethical Al;
improved transparency pol-
icies.

Implementation of more
transparent, interpretable
models with reduced bias.

User Satisfac- | Difficulty in measuring satis-
tion faction accurately; varied user
expectations.

Use of user feedback loops
and satisfaction surveys.

Enhanced real-time sentiment
analysis and adaptive dia-
logue systems.

Response | Delays in response generation,
Time Optimi- | especially with complex que-
zation | ries.

Real-time response tech-
niques using caching and
lightweight models.

Improved real-time pro-
cessing methods and model
optimization for speed.

3.5  Summary of Key Findings

To consolidate insights, a summary table and radar
chart are suggested to provide a holistic view of ad-
vancements, challenges, and promising areas for fu-
ture research.

Table 13 offers a detailed view of each primary re-
search focus area in conversational Al. This table
includes associated challenges, recent advancements,
and possible areas for improvement, providing a
comprehensive snapshot of the state of the field.
Contextual Understanding and Dialogue Coherence
focus on improving how agents understand and re-
spond within multi-turn conversations. Scalability
and Efficiency address the need for lightweight mod-
els, making conversational Al feasible on devices
with limited resources. Privacy and Data Security
and Ethical Transparency outline ongoing advance-
ments in protecting user information and ensuring
ethical Al practices. User Satisfaction and Response
Time Optimization emphasize direct user experience,
targeting faster, more satisfying interactions. This
table provides a quick reference to understand cur-
rent research challenges and suggests practical im-
provements to address these needs in future devel-
opments.

Figure 13 is a chart comparing contextual models’
strengths and weaknesses across dimensions such as
scalability, ambiguity resolution, user personaliza-
tion, and privacy compliance.
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The findings outlined in this section reflect the cur-
rent landscape of contextual understanding in con-
versational agents, highlighting both the progress
made and areas that require further research and in-
novation. In particular, advancements in transformer
and graph-based models offer promising paths, alt-
hough challenges in computational efficiency, ambi-
guity handling, and ethical considerations remain
pressing. This comprehensive analysis provides a
foundation for future research focused on creating
scalable, contextually aware, and ethically responsi-
ble conversational agents.

o Scalability: This column reflects the model's abil-
ity to handle increasing workloads or more com-
plex tasks without significant degradation in per-
formance. Transformer-based and hybrid models
score highest in scalability.

H Transformer-based M emory-augmented M Graph-based = Hybrid Models

0w

Scalability Ambiguity
Resolution

o

.

Capabhility Score
M w

User Personalization Privacy Compliance

Maodel Perfarmance Dimensions
Figure 13: Chart of model capabilities vs. challenges

[6]
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Table 14: Chart of model capabilities vs. challenges [6]

Model Scalability Ambiguity Resolu- User Personaliza- | Privacy Compliance
tion tion
Transformer- | High (4.5) Moderate (3.8) High (4.3) Moderate (3.7)
based
Memory- Moderate High (4.4) Moderate (3.8) High (4.2)
augmented (3.9
Graph-based | High (4.3) Moderate (3.7) Low (3.1) High (4.0)
Hybrid Mod- | Very High | Very High (4.8) Very High (4.9) Moderate (3.8)
els (5.0)

¢ Ambiguity Resolution: This column shows the
model's ability to handle ambiguous user inputs.
Memory-augmented and hybrid models excel
here, providing clear, accurate responses to un-
clear queries.

o User Personalization: Reflects how well a model
can adapt to individual user preferences and be-
haviors. Hybrid models stand out with high per-
sonalization capabilities, while graph-based
models lag behind in this dimension.

e Privacy Compliance: This dimension evaluates
the model’s adherence to privacy standards and its
ability to ensure user data protection. Memory-

augmented and graph-based models perform well in

privacy compliance, while transformer-based models
show moderate performance.

Figure 14 allows for an easy comparison of how dif-
ferent models perform across multiple critical dimen-
sions. It highlights the strengths and weaknesses of
each model type and can guide decisions based on
the specific needs of a conversational agent applica-
tion.

Table 15 also represented in Figure 15, compares Six
key research areas based on their importance and
feasibility, with scores ranging from 1 to 5 for each
attribute.

Table 15: Comparison of the importance and  feasibility of various research areas[108]

Research Area Importance (1-5) Feasibility (1-5)
Scalability enhancements 4.8 4.0
Ethical frameworks 4.5 3.8
Contextual understanding 5.0 4.5
Real-time processing 4.3 3.9
Personalization techniques 4.7 4.2
Data security 4.9 4.1
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H Importance
Feasibility

C Real-ti Per lizati
ks Und a4 ing Techni

Data Security

Score
N o

[

il

Scalability Ethical

o

Research Area

Figure 14: A radar chart illustrating the importance
and feasibility of various future research areas identi-
fied in recent studies[108]

Scalability enhancements is highly important, with a
score of 4.8, but its feasibility is somewhat lower at
4.0. This suggests that while scalability is a priority,
it may require further technological development to
achieve effectively. Ethical Frameworks hold signifi-
cant importance, scoring 4.5, but their feasibility is a
bit more limited, with a score of 3.8. This reflects the
challenges in implementing robust ethical standards
in real-world applications. Contextual Understanding
is the most important research area, scoring 5.0 for
importance, with high feasibility at 4.5. This shows
that improving contextual understanding is both cru-
cial and relatively achievable with current technolo-
gy. Real-time Processing is moderately important,
with a score of 4.3, but it faces some challenges in
feasibility, with a score of 3.9. This highlights the
difficulty of integrating real-time capabilities into
conversational agents. Personalization Techniques
are considered important, with a score of 4.7, and are
moderately feasible, scoring 4.2. While personalizing
responses is a key area of focus, it still presents some
challenges in practical implementation. Data Security
is very important, with a score of 4.9, and has a good
level of feasibility at 4.1. This indicates that securing
user data is crucial and achievable, though there is
still room for improvement. Overall, the table pro-
vides insights into areas that require more attention,
especially those that are highly important but face
challenges in terms of feasibility.

40 SUMMARY OF MAJOR FINDINGS

Recent advancements in context modeling techniques
highlight the dominance of transformer-based mod-
els, such as BERT, GPT-3, and T5, which excel in
retaining context over long dialogues by leveraging
self-attention to track dependencies across multi-turn
conversations. Hybrid models that combine trans-
formers with memory-efficient approaches are gain-
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ing traction for balancing accuracy and computation-
al efficiency. Memory-augmented networks are ef-
fective in dynamically recalling past interactions,
making them ideal for long-term context retention in
applications like customer service and therapy chat-
bots. Graph-based models utilize knowledge graphs
to capture structured relationships and entity depend-
encies, often integrated with transformers for do-
main-specific applications like healthcare and legal
systems. The trend toward combining multiple mod-
eling approaches, such as transformers with memory-
augmented or graph-based models, has been signifi-
cant in advancing contextual understanding.

In contextual understanding, scalability is a major
challenge due to the high computational demands of
transformers, particularly in real-time deployment
scenarios with lengthy and complex dialogues. Tech-
nigques such as model pruning, gquantization, and
knowledge distillation show promise for optimizing
scalability. Ambiguity handling also remains a key
issue, as agents often struggle to resolve vague or
incomplete user references without robust context.
Advanced techniques like dual transformer layers
and contextual cueing have improved ambiguity
resolution. Computational efficiency is another con-
cern, with transformer-based models requiring sub-
stantial memory and processing resources, which
limits their application in low-resource settings.
Maintaining context consistency over long conversa-
tions, known as context drift, is a persistent challenge
as conversations grow in complexity.

Different context modeling approaches have a signif-
icant impact on dialogue coherence, personalization,
and user satisfaction. Transformers greatly enhance
dialogue coherence by capturing long-range depend-
encies, while hybrid approaches combining rule-
based systems with machine learning are being ex-
plored for improving consistency. Personalization is
achieved effectively with memory-augmented net-
works, which adapt to user preferences by retaining
long-term data, and with graph-based models inte-
grated with knowledge graphs, enabling personalized
responses in domain-specific scenarios. However,
personalization introduces privacy challenges, requir-
ing careful handling of user data. Personalized sys-
tems consistently lead to higher user satisfaction,
with ratings improving more significantly compared
to non-personalized systems.

Ethical and computational considerations emphasize
the importance of privacy protocols, such as encryp-
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tion, anonymization, and adherence to regulations
like GDPR, to safeguard user data. Techniques like
differential privacy and federated learning are rec-
ommended to balance data utility and privacy. Ethi-
cal transparency is also crucial, with clear communi-
cation of data usage policies shown to improve user
trust. Retaining user context raises ethical concerns,
particularly regarding consent and the duration of
data storage. Best practices include limiting context
retention based on session length or explicit user
consent and implementing transparency measures
such as clear privacy policies and user data controls.

5.0 CONCLUSION

This paper provides an in-depth examination of the
complexities and advancements in contextual under-
standing and modeling techniques. Despite the sig-
nificant progress made in the field, several critical
challenges persist, including the scalability of mod-
els, high computational costs, and ethical concerns
such as bias and fairness in contextual systems.
These challenges underscore the necessity of contin-
ued innovation and interdisciplinary collaboration to
build robust systems capable of performing effective-
ly in diverse, real-world environments.

The findings highlight the importance of balancing
technical innovation with ethical considerations to
ensure the development of reliable, fair, and contex-
tually aware systems. This balance is critical for ad-
vancing Al technologies that can address pressing
societal needs.

5.1  Suggestions for Future Research

Future research should prioritize the development of
dynamic and flexible models capable of adapting to
complex and evolving contexts across diverse appli-
cations. To enable broader adoption, efforts must
focus on creating scalable algorithms and architec-
tures that minimize computational demands without
sacrificing performance. Addressing bias in data and
models is another critical area, as developing equita-
ble and inclusive Al systems requires robust tech-
niques for detecting, mitigating, and preventing such
biases.

Additionally, researchers should explore methods for
integrating multimodal data, such as text, speech, and
visuals, to enhance contextual understanding and de-
cision-making capabilities. Emphasis should also be
placed on designing systems that facilitate intuitive
human-Al collaboration, empowering users in com-
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plex tasks while maintaining transparency and trust.
Testing models in diverse, real-world scenarios is
essential to validate their adaptability, robustness,
and ability to generalize effectively.

Finally, collaboration between researchers, policy-
makers, and ethicists is necessary to establish gov-
ernance frameworks that guide the responsible de-
ployment of contextual systems. Such frameworks
should address societal implications, ensure account-
ability, and provide a foundation for ethical Al de-
velopment. By pursuing these directions, the research
community can drive the creation of intelligent sys-
tems that are both technically innovative and ethical-
ly sound.
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