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Abstract

The integration of Large Language Models
(LLMs) into recommendation systems has rev-
olutionized personalized content delivery by
addressing traditional limitations such as spar-
sity and cold-start problems. This survey
paper explores the transformative impact of
LLMs on recommendation systems, focusing
on their capabilities in enhancing personal-
ization, scalability, and performance. The
paper provides a comprehensive overview of
key areas where LLMs significantly improve
recommendation systems, including adaptive
alignment techniques, contrastive learning
pipelines, fine-tuning strategies, and feature
augmentation methods. Key findings reveal
that LLMs enable richer semantic embeddings,
more accurate token-level optimizations, and
effective prompt engineering for personaliza-
tion. Additionally, parameter-efficient fine-
tuning and large-scale data processing tech-
niques address computational efficiency and
scalability challenges while mitigating cold-
start issues. Evaluation methodologies, in-
cluding quantitative benchmarking, diary stud-
ies, and mixed-methods approaches, highlight
the importance of assessing fidelity, stability,
accuracy, and simplicity in LLM-based sys-
tems. Ethical considerations and bias discov-
ery frameworks further emphasize the need for
fairness and transparency. Advanced architec-
tures, such as retrieval-augmented generation
and graph-enhanced retrieval systems, show-
case innovative solutions for integrating LLMs
into recommendation pipelines. In conclusion,
this survey synthesizes recent advancements
and identifies open challenges, serving as a
foundational resource for researchers and prac-
titioners aiming to harness the full potential of
LLMs in recommendation systems.

1 Introduction

N(t) = α · eβt + γ, where N(t) represents the number of publications on recommender systems up to year t.

(1)

The rapid advancement of artificial intelligence
has ushered in a new era for recommendation sys-
tems, transforming how users interact with digi-
tal content and services. Large Language Mod-
els (LLMs) have emerged as a cornerstone tech-
nology in this domain, offering unprecedented ca-
pabilities in natural language understanding and
generation [2]. These models, trained on vast
amounts of textual data, enable systems to process
complex queries, generate coherent responses,
and infer user preferences with remarkable ac-
curacy. The integration of LLMs into recom-
mendation systems represents a significant leap
forward, addressing traditional limitations such
as sparsity, cold-start problems, and the inability
to capture nuanced user intent [3]. By leverag-
ing the generative and comprehension abilities of
LLMs, recommendation systems can now provide
more personalized, context-aware, and dynamic
experiences for users [4]. This survey paper fo-
cuses on the integration of Large Language Mod-
els (LLMs) into recommendation systems, explor-
ing their transformative impact across various di-
mensions [5]. The primary objective is to pro-
vide a comprehensive overview of how LLMs
enhance recommendation systems through multi-
modal reasoning, semantic enrichment, and per-
formance improvements [6]. We delve into adap-
tive alignment techniques that ensure recommen-
dations align closely with user preferences, con-
trastive learning pipelines that refine feature rep-
resentations, and fine-tuning strategies that opti-
mize model performance for specific tasks. Addi-
tionally, we examine how LLMs facilitate knowl-
edge injection and feature augmentation, enabling
richer and more accurate representations of users
and items. Furthermore, the paper discusses scal-
ability challenges and introduces methods to miti-
gate cold-start issues while maintaining real-time
responsiveness. A detailed exploration of the con-
tent reveals several key areas where LLMs sig-



Figure 1: The outline of our survey: Large Language Model for Recommendation System



nificantly enhance recommendation systems [7].
First, we analyze adaptive alignment techniques
and contrastive learning pipelines, which leverage
the generative and comprehension capabilities of
LLMs to improve personalization and contextual
reasoning. These approaches dynamically adjust
to individual user behaviors and interests, ensuring
that recommendations remain timely and relevant.
Second, we investigate token-level embedding op-
timization, prompt engineering, and feature aug-
mentation methods that enrich user and item rep-
resentations, leading to more accurate predictions.
Third, the paper examines parameter-efficient fine-
tuning, large-scale data processing, and cold-start
mitigation techniques, which address computa-
tional efficiency and scalability challenges while
enhancing system robustness. Each of these ar-
eas contributes to building more intelligent, adapt-
able, and efficient recommendation systems. Fur-
thermore, the paper explores evaluation method-
ologies and ethical considerations associated with
LLM-based recommendation systems. Quanti-
tative benchmarking and user-centric metrics as-
sess fidelity, stability, accuracy, and simplicity of
model outputs. Diary studies, persona-based eval-
uations, and mixed-methods approaches provide
qualitative insights into user experiences and sys-
tem performance. Bias discovery frameworks and
case study analyses highlight potential risks and
ethical implications, emphasizing the importance
of fairness and transparency in AI-driven applica-
tions. Finally, advanced architectures and frame-
works, such as retrieval-augmented generation,
chain-of-thought reasoning, and graph-enhanced
retrieval systems, are discussed to showcase in-
novative solutions for integrating LLMs into rec-
ommendation pipelines [8]. The contributions of
this survey paper lie in its systematic organiza-
tion and thorough analysis of the current state
of LLM-based recommendation systems [9]. By
synthesizing recent advancements and identifying
open challenges, the paper serves as a valuable
resource for researchers and practitioners in the
field. It highlights the multifaceted benefits of in-
corporating LLMs into recommendation systems,
from improving personalization and scalability to
addressing ethical concerns. Moreover, the paper
outlines promising future directions, encouraging
further exploration of hybrid models, explainabil-
ity techniques, and domain-specific adaptations.
Through this comprehensive review, we aim to in-
spire novel research initiatives and practical imple-

mentations that harness the full potential of LLMs
in recommendation systems [9].

Figure 2: Chart from overprescribing challenges fine
tuning large language models for medication recom-
mendation tasks

Figure 3: Chart from text to distribution llm for billion
scale cold start recommendation

2 Integration of LLMs in
Recommendation Systems

2.1 Multimodal and Contextual Reasoning

2.1.1 Adaptive Alignment Techniques
Adaptive alignment techniques represent a piv-
otal advancement in leveraging Large Language
Models (LLMs) for news recommendation sys-
tems. These techniques focus on aligning user
preferences with the vast array of news content
available, ensuring that recommendations are not
only accurate but also value-aligned. By utiliz-
ing the generative and comprehension capabilities
of LLMs, adaptive alignment dynamically adjusts
to individual user behaviors and interests, enhanc-
ing personalization. The core idea is to bridge
the gap between user intent and system output
through continuous learning and feedback loops,
which refine the alignment process over time. The
implementation of adaptive alignment techniques
involves sophisticated mechanisms such as token



Figure 4: Chart from gpt a robust and adaptive frame-
work utilizing large language models for navigation ap-
plications

Figure 5: Chart from experience with llm powered con-
versational recommendation systems a case of music
recommendation

Figure 6: Chart from llm enhancing large language
models as recommenders through exogenous behavior
semantic integration

Figure 7: Chart from supervised llm recommenders via
flow guided tuning

Figure 8: Chart from retrieval augmented large lan-
guage model recommendation with reasoning

optimization and context-aware embeddings. To-
ken optimization ensures that the most relevant
textual elements are prioritized during the recom-
mendation generation phase, reducing noise and
increasing relevance. Context-aware embeddings,
on the other hand, capture nuanced semantic rela-
tionships within news articles, allowing the system
to better understand and predict user preferences.
This dual approach significantly improves the sys-
tem’s ability to recommend content that resonates
with users, fostering engagement and satisfaction.
Furthermore, these techniques emphasize the im-
portance of adaptability in dynamic environments
where user preferences and news content evolve
rapidly. Adaptive alignment leverages reinforce-
ment learning paradigms to continuously update
its understanding of user behavior patterns, ensur-
ing that the recommendations remain timely and
pertinent. Additionally, by integrating external
knowledge sources through LLMs, the system can
provide diverse and informed recommendations,
addressing both the accuracy and diversity chal-
lenges inherent in traditional recommendation sys-
tems [10]. Thus, adaptive alignment techniques
not only enhance the performance of news recom-
mendation systems but also pave the way for more
personalized and engaging user experiences.

falignment(u, c) = argmaxr
(
P (r|u, c) · Relevance(r, u)

)
,

(2)
where falignment(u, c) represents the adaptive align-
ment function that optimizes recommendations r
based on user preferences u and contextual infor-
mation c.

2.1.2 Contrastive Learning Pipelines
Contrastive learning pipelines have emerged as
a pivotal component in the development of
advanced recommendation systems, particularly
those leveraging large language models (LLMs)
[11]. These pipelines focus on constructing pos-



itive sample pairs from the data and maximiz-
ing their agreement within an embedding space.
This process enhances the model’s ability to dis-
cern meaningful patterns and relationships be-
tween items or user interactions. At the cross-
sequence level, contrastive learning compares se-
quences derived from different users, clustering
them based on shared characteristics [11]. Such
an approach not only enriches the feature repre-
sentation but also aids in capturing nuanced user
preferences that might otherwise be overlooked.
At a finer granularity, intra-sequence contrastive
learning focuses on identifying and contrasting el-
ements within a single user’s interaction sequence.
By distinguishing between relevant and irrelevant
items within the same sequence, this method re-
fines the model’s understanding of temporal dy-
namics and contextual dependencies. For instance,
it can highlight which products a user frequently
alternates between, indicating potential indecision
or interest in related categories. The integration of
LLMs into these pipelines further amplifies their
effectiveness by enabling richer semantic embed-
dings, thus bridging the gap between textual de-
scriptions and item attributes. This synergy allows
for more accurate and personalized recommenda-
tions. Despite its advantages, contrastive learn-
ing pipelines face challenges such as the need for
substantial computational resources and the risk
of overfitting when dealing with high-dimensional
data. To address these issues, recent advance-
ments have introduced techniques like hard neg-
ative mining and temperature scaling, which im-
prove the robustness and efficiency of the learn-
ing process. Moreover, hybrid approaches com-
bining contrastive learning with other paradigms,
such as mutual information maximization, offer
promising avenues for future exploration. These
developments underscore the evolving role of con-
trastive learning pipelines in enhancing the capa-
bilities of modern recommendation systems pow-
ered by LLMs.

Lcontrastive = − log
exp(sim(zi,zj)/τ)∑N

k=1 exp(sim(zi,zk)/τ)
(3)

2.1.3 Fine-Tuning Strategies
Fine-tuning strategies play a pivotal role in adapt-
ing large language models (LLMs) to special-
ized tasks such as medication recommendation
[2]. These strategies aim to optimize model perfor-

Figure 9: Chart from retrieval augmented contrastive
learning for sequential recommendation

mance by leveraging domain-specific data while
minimizing computational overhead. One of the
most effective approaches is parameter-efficient
fine-tuning (PEFT), which focuses on updating
only a subset of model parameters rather than re-
training the entire architecture. This method not
only reduces resource consumption but also mit-
igates the risk of overfitting, particularly when
working with limited datasets. Among PEFT tech-
niques, low-rank adaptation (LoRA) stands out for
its ability to inject task-specific knowledge into
LLMs through low-rank decomposition matrices.
By modifying only these matrices during training,
LoRA ensures that the majority of the pre-trained
weights remain untouched, preserving their gen-
eralization capabilities. Additionally, multi-stage
supervised fine-tuning (SFT) has been proposed
to incorporate expert priors incrementally, promot-
ing diversity and enhancing alignment with human
preferences. However, this approach requires care-
ful design to avoid error propagation and poten-
tial bias amplification. Another promising strat-
egy involves leveraging in-context learning to re-
duce reliance on extensive fine-tuning altogether.
In this paradigm, LLMs utilize contextual informa-
tion provided at inference time to adapt dynami-
cally to new tasks without requiring additional pa-
rameter updates. While less computationally in-
tensive, this approach demands robust instruction
engineering and sufficient pre-training exposure to
relevant domains. Combining these fine-tuning
methods can lead to synergistic improvements, en-
abling LLMs to achieve high accuracy across di-
verse recommendation scenarios while maintain-
ing efficiency and scalability [12].

fLoRA(W,U, V ) = W + U · V T

(4)



Figure 10: Chart from a free lunch from large language
models for selective initialization of recommendation

2.2 Semantic Enrichment and Knowledge
Injection

2.2.1 Token-Level Embedding Optimization
Token-level embedding optimization is a critical
component in adapting large language models
(LLMs) for recommendation systems. This pro-
cess involves fine-tuning embeddings to better cap-
ture the nuanced semantics of user interactions
and item attributes, which are often represented
as tokens. By leveraging advanced techniques
such as low-rank adaptation (LoRA), researchers
have demonstrated that token-level embeddings
can be optimized without requiring extensive re-
training of the entire model. This not only re-
duces computational overhead but also enhances
the model’s ability to generalize across diverse rec-
ommendation scenarios. Optimizing token-level
embeddings requires addressing challenges such
as tokenization redundancy and the disparity be-
tween the vocabulary size of LLMs and the scale
of candidate items in real-world applications. To
mitigate these issues, recent approaches have in-
troduced dual-source knowledge-rich item indices,
which efficiently characterize large candidate sets
with fewer identifiers [6]. These methods incor-
porate semantic similarity by ensuring that seman-
tically related items share common identifier pre-
fixes, thereby improving the interpretability and ef-
fectiveness of the embeddings. Additionally, this
approach integrates exogenous behavioral and se-

mantic information into the decoding process, fur-
ther enriching the representation. Furthermore,
token-level embedding optimization plays a piv-
otal role in enhancing the performance of hybrid
recommendation frameworks. By aligning item
tokens with their text descriptions and user to-
kens with pre-trained embeddings, these frame-
works enable collaborative filtering models to in-
herit the rich semantics encoded within LLMs.
Such alignment paradigms facilitate more accurate
predictions and recommendations, even in scenar-
ios with sparse or cold-start data. Overall, token-
level embedding optimization represents a promis-
ing direction for integrating LLMs into recommen-
dation systems, offering significant improvements
in both accuracy and efficiency [12].

fembedding(x) = W · x+ b, where W ∈ Rd×|V |, b ∈ Rd

(5)

2.2.2 Prompt Engineering for
Personalization

Prompt engineering has emerged as a pivotal tech-
nique for enhancing personalization in recommen-
dation systems, particularly through the integra-
tion of large language models (LLMs) [5]. By
crafting specific input formats, or prompts, these
systems can effectively guide LLMs to generate
outputs aligned with user preferences. This ap-
proach allows for the dynamic adaptation of rec-
ommendations based on real-time interactions and
nuanced user feedback. The process involves con-
verting user behaviors and item descriptions into
structured textual inputs that the LLM can inter-
pret, thereby improving the accuracy and rele-
vance of the recommendations provided. A key
advantage of prompt engineering lies in its abil-
ity to leverage the inherent knowledge within pre-
trained LLMs without requiring extensive fine-
tuning. This not only reduces computational over-
head but also enables rapid adjustments to various
tasks and contexts. For instance, by incorporat-
ing user-specific details such as past interactions,
preferences, and contextual information into the
prompt, the LLM can produce more personalized
and context-aware suggestions [13]. Additionally,
this method facilitates the generation of human-
readable explanations for recommendations, en-
hancing transparency and trustworthiness in the
system’s decision-making process [14]. Despite
its potential, prompt engineering for personaliza-
tion presents several challenges [13]. Designing



effective prompts requires a deep understanding
of both the LLM’s capabilities and the nuances of
user behavior. Moreover, ensuring that the gener-
ated recommendations remain relevant and diverse
while avoiding overfitting to specific patterns is
crucial. Future research directions may focus on
automating the prompt design process, integrat-
ing multi-modal data into prompts, and address-
ing ethical considerations related to bias and fair-
ness in personalized recommendations. These ad-
vancements could significantly enhance the effec-
tiveness and scalability of prompt-based personal-
ization strategies in recommendation systems.

fprompt(x) = argmaxy P (y|x, θLLM)
(6)

Figure 11: Chart from evaluating user embedding for
prompting llms in personalized question answering

Figure 12: Chart from language reasoning for explain-
able recommendation systems

2.2.3 Feature Augmentation Methods
Feature augmentation methods have become a cor-
nerstone in enhancing the capabilities of large lan-
guage models (LLMs) for recommendation sys-
tems [15]. These methods leverage LLMs to gen-
erate additional features that enrich user and item
representations, leading to more accurate recom-

mendations [16]. By integrating external knowl-
edge sources such as semantic graphs or pre-
trained embeddings, these techniques can capture
nuanced aspects of user preferences and item at-
tributes. For instance, transformers pretrained
on extensive corpora can be fine-tuned to ex-
tract relevant information from textual descrip-
tions, thereby improving the quality of feature
representations. The effectiveness of feature aug-
mentation is further enhanced by advanced strate-
gies like in-context learning, which allows LLMs
to adapt their outputs based on specific instruc-
tions or demonstrations without requiring exten-
sive retraining. This capability enables the gen-
eration of task-specific features that align closely
with the requirements of recommendation systems.
Additionally, contrastive learning approaches have
been employed to create augmented views of users
and items, fostering better representation learning
through the comparison of similar and dissimilar
instances [11]. Such methods not only improve
the robustness of the model but also enhance its
ability to generalize across different domains.

faug(x) = ϕ(x) + gext(x),
(7)

where faug(x) represents the augmented feature
representation, ϕ(x) denotes the original feature
extraction function, and gext(x) captures the con-
tribution of external knowledge sources. Despite
these advancements, challenges remain in ensur-
ing the completeness and specificity of generated
features. Traditional quick-inference methods of-
ten result in incomplete coverage or insufficient de-
tail, necessitating the development of more sophis-
ticated techniques. To address this, researchers
are exploring hybrid models that combine the
strengths of LLMs with other machine learning
paradigms, such as collaborative filtering or rein-
forcement learning. These integrative approaches
aim to overcome the limitations of standalone
LLM-based methods, particularly in capturing col-
laborative signals and maintaining scalability in
large-scale recommendation scenarios.

2.3 Scalability and Performance
Improvements

2.3.1 Parameter-Efficient Fine-Tuning
Parameter-efficient fine-tuning (PEFT) has
emerged as a critical approach to adapt large
language models (LLMs) for specific tasks while
mitigating the computational and memory costs



Figure 13: Chart from next generation recommender
systems a benchmark for personalized recommenda-
tion assistant with llms

associated with full fine-tuning. Unlike tradi-
tional methods that update all model parameters,
PEFT focuses on modifying only a subset of
parameters or introducing lightweight modules
such as adapters. This strategy ensures that
the majority of the pretrained model’s weights
remain frozen, preserving the general knowledge
acquired during pretraining while enabling task-
specific adaptation. Techniques like low-rank
adaptation (LoRA) and prefix tuning exemplify
this paradigm by introducing structured pertur-
bations or additional learnable components to
the model architecture. The efficiency gains
from PEFT are particularly valuable in domains
such as news recommendation, where real-time
performance and scalability are essential. By
limiting the number of trainable parameters,
PEFT reduces the risk of overfitting on small
datasets and accelerates training times, making
it suitable for dynamic environments where
models need frequent updates. Moreover, PEFT
approaches often demonstrate comparable or even
superior performance to full fine-tuning when
applied judiciously. For instance, adapter-based
methods allow LLMs to retain their generative
capabilities while being tailored to recommend
articles based on user preferences, striking an
optimal balance between specialization and
generalization. Despite its advantages, parameter-
efficient fine-tuning introduces challenges related
to hyperparameter selection and architectural
design. The choice of which parameters to tune or
how to structure auxiliary modules significantly
impacts the effectiveness of the adapted model.
Additionally, while PEFT reduces computational
demands, it may still require careful optimization
for deployment in resource-constrained settings.
Ongoing research explores automated techniques
for identifying optimal configurations and in-

tegrating PEFT with other paradigms, such as
prompting, to further enhance the adaptability and
efficiency of LLMs in specialized applications
like news recommendation systems.

LPEFT =
∑N

i=1

(
Ltask(fθfixed,ϕtunable

(xi), yi) + λ · Ω(ϕtunable)
)

(8)
Here, LPEFT represents the loss function used in
parameter-efficient fine-tuning, where only a sub-
set of parameters (ϕtunable) is updated while the
rest (θfixed) remain frozen. The term Ω(ϕtunable)
denotes a regularization component.

2.3.2 Large-Scale Data Processing
Large-scale data processing has become a corner-
stone of modern recommendation systems, driven
by the exponential growth in data volume and
complexity. These systems must efficiently han-
dle vast amounts of user interaction data, con-
tent metadata, and contextual information to de-
liver personalized recommendations at scale (?).
The primary challenge lies in balancing compu-
tational efficiency with the need for high-quality
insights. Techniques such as distributed comput-
ing, parallel processing, and approximate near-
est neighbor (ANN) algorithms have emerged as
critical tools for managing this complexity. By
leveraging these methods, recommendation sys-
tems can process millions of items and interac-
tions within milliseconds, ensuring real-time re-
sponsiveness. Deep learning architectures, particu-
larly those based on transformers, have revolution-
ized large-scale data processing by enabling the
extraction of intricate patterns from unstructured
and semi-structured data. These models excel in
capturing long-range dependencies and latent re-
lationships within datasets, which are crucial for
understanding user preferences and item character-
istics. Furthermore, advancements in model com-
pression and quantization techniques have made it
feasible to deploy complex deep learning models
in resource-constrained environments without sac-
rificing performance. This capability is especially
valuable for cold-start scenarios where limited his-
torical data exists. Despite these advancements,
challenges remain in optimizing large-scale data
processing pipelines. Key issues include man-
aging data sparsity, addressing scalability limita-
tions, and mitigating biases introduced during data
preprocessing. To overcome these obstacles, hy-
brid approaches that combine traditional machine
learning techniques with deep learning models are



gaining traction. Such methods aim to enhance
both the accuracy and interpretability of recom-
mendations while maintaining computational effi-
ciency. As the volume and variety of data continue
to grow, further innovations in large-scale data pro-
cessing will be essential to sustaining the effective-
ness of recommendation systems.

f(x) =
∑N

i=1wi · xi + b
(9)

2.3.3 Cold-Start Mitigation Techniques
Cold-start mitigation techniques are essential for
addressing the challenges faced by recommen-
dation systems when dealing with new users or
items. In such scenarios, traditional collabora-
tive filtering methods often fail due to insuffi-
cient interaction data. To overcome this limita-
tion, hybrid approaches have been developed that
integrate content-based and collaborative filtering
paradigms. These methods leverage side infor-
mation, such as user demographics or item at-
tributes, to generate initial recommendations. By
incorporating auxiliary data, these techniques en-
hance the system’s ability to make informed pre-
dictions even in the absence of extensive histori-
cal interactions. Another prominent approach in-
volves utilizing probabilistic models and matrix
factorization techniques to estimate latent repre-
sentations for new entities. These models infer em-
beddings based on observed patterns from existing
users and items, thereby reducing the reliance on
direct interactions. Furthermore, recent advance-
ments in deep learning have introduced neural net-
work architectures tailored for cold-start scenar-
ios. Such models employ embedding layers to
capture semantic relationships between users and
items, enabling more accurate predictions during
the early stages of system usage. These meth-
ods also facilitate adaptability to evolving user
preferences over time. Finally, contextual ban-
dit algorithms offer a promising direction for mit-
igating cold-start issues by balancing exploration
and exploitation in real-time decision-making pro-
cesses. These algorithms dynamically adjust rec-
ommendations based on feedback received from
user interactions, ensuring continuous improve-
ment in prediction quality. Additionally, leverag-
ing large language models (LLMs) has emerged as
a novel strategy for augmenting feature represen-
tation and enhancing recommendation accuracy in
cold-start settings [15]. Overall, these techniques

collectively contribute to building robust and adap-
tive recommendation systems capable of handling
diverse challenges posed by cold-start problems.
The effectiveness of these methods can be mathe-
matically represented through the optimization of
latent factors in matrix factorization:

minU,V ∥R− UV T ∥2F + λ(∥U∥2F + ∥V ∥2F ),
(10)

where U and V represent user and item latent fac-
tors, R is the observed interaction matrix, and λ is
the regularization parameter.

3 Evaluation and Bias Analysis of LLMs

3.1 Quantitative Benchmarking and
User-Centric Metrics

3.1.1 Fidelity and Stability Assessment
Fidelity and stability assessment in the context of
large language models (LLMs) involves evaluat-
ing the consistency and reliability of model out-
puts under varying conditions. Fidelity refers to
the degree to which a model’s output aligns with
the expected or ground-truth behavior, while sta-
bility measures how consistently the model per-
forms across different inputs, contexts, or user pro-
files. This dual focus is critical for applications
requiring high levels of trustworthiness, such as
personalized recommendations, educational tools,
or decision-support systems. For instance, lack of
maintenance or difficulty in updating models can
lead to reduced recommendation performance, im-
pacting fairness and user experience (?). The fi-
delity of LLMs is often challenged by their ten-
dency to generate plausible but incorrect infor-
mation, a phenomenon known as “hallucination.”
This issue becomes more pronounced when mod-
els are deployed in complex, real-world scenarios
where inputs may deviate significantly from train-
ing data distributions. Stability, on the other hand,
ensures that minor variations in input do not result
in drastic changes in output. Both fidelity and sta-
bility are interdependent; a model that lacks one
is likely to compromise the other. For example,
rigid templates used in some systems fail to adapt
to evolving preferences, leading to repetitive or ir-
relevant suggestions over time, thereby reducing
user engagement (?). Assessing fidelity and stabil-
ity requires robust evaluation frameworks that go
beyond traditional metrics like accuracy or recall.
These frameworks must account for contextual nu-
ances, user-specific conditions, and long-term be-
havioral patterns. A standardized evaluation flow,



such as pre-training, fine-tuning, and testing with
diverse datasets, can help quantify these proper-
ties effectively. Additionally, interpretability tech-
niques, such as SHAP and LIME, provide insights
into model behavior but come with trade-offs in
terms of computational cost and reliability. Ad-
dressing these challenges will be essential for ad-
vancing the practical applicability of LLMs in dy-
namic environments.

Model Performance = α · Fidelity + β · Stability, α, β > 0

(11)

3.1.2 Accuracy and Simplicity Measurement
Accuracy and simplicity measurement in the con-
text of large language models (LLMs) involves
evaluating both the correctness of outputs and the
ease with which these outputs can be understood
by end-users. This dual focus is critical for ensur-
ing that LLMs not only provide factually accurate
information but also communicate it in a manner
that aligns with user expectations and cognitive ca-
pabilities. For instance, when recommending uni-
versities or generating personalized stories for chil-
dren, an overly complex explanation might hin-
der comprehension despite being technically cor-
rect. Thus, balancing accuracy with simplicity be-
comes essential for practical applications, partic-
ularly in domains where clarity directly impacts
user experience. The challenge of measuring sim-
plicity lies in its subjective nature, as what con-
stitutes "simple" varies across users and contexts.
To address this, researchers often employ metrics
such as sentence length, vocabulary complexity,
and readability scores to quantify simplicity ob-
jectively. However, these metrics may fail to cap-
ture nuances like cultural relevance or domain-
specific terminology. In contrast, accuracy mea-
surement typically relies on comparing model out-
puts against ground truth datasets or expert evalua-
tions. While automated methods exist for assess-
ing factual correctness, they often struggle with
ambiguous queries or those requiring nuanced rea-
soning. Consequently, hybrid approaches com-
bining human judgment and algorithmic evalua-
tion are increasingly favored. Finally, the inter-
play between accuracy and simplicity must con-
sider trade-offs inherent in different application
scenarios. For example, in international affairs
or educational settings, maintaining high accuracy
is paramount even if it sacrifices some degree of
simplicity. On ultra-small devices, however, tem-

poral and spatial glanceability constraints demand
prioritizing simplicity without compromising core
accuracy. By integrating contextual factors into
evaluation frameworks, future research can better
align LLM performance with real-world usability
requirements, ultimately enhancing both fairness
and user satisfaction.

Simplicity Score = f(sentence length, vocabulary complexity, readability)

(12)

3.1.3 Dataset Selection and Representation
Dataset selection and representation play a pivotal
role in the effectiveness of recommendation sys-
tems, particularly when addressing the limitations
of Collaborative Filtering and Content-Based Fil-
tering. Traditional datasets such as LastFM and
Movielens-1M provide foundational user-item in-
teraction data but lack the depth required for mod-
ern personalized systems. These datasets primar-
ily focus on basic metadata and historical interac-
tions, which may not adequately capture nuanced
user preferences or item features. As a result, they
are insufficient for evaluating advanced recom-
mendation algorithms that rely on richer contex-
tual information. To overcome these limitations,
recent efforts have focused on creating more com-
prehensive datasets that include diverse attributes
such as temporal dynamics, multi-modal content,
and user-generated feedback. Such datasets en-
able a deeper understanding of user behavior and
preferences, facilitating the development of hybrid
models that combine the strengths of Collabora-
tive Filtering and Content-Based Filtering while
mitigating their weaknesses. For instance, in-
corporating additional dimensions like sentiment
analysis or social network influence can enhance
the system’s ability to recommend items beyond
simple similarity measures or interaction patterns.
However, selecting appropriate datasets and repre-
senting them effectively remains challenging due
to varying application requirements and scalability
concerns. The choice of dataset must align with
the specific goals of the recommendation system,
whether it is improving accuracy, diversity, or per-
sonalization. Furthermore, efficient representation
techniques are essential for handling large-scale
data without compromising performance. Tech-
niques such as embedding learning and dimension-
ality reduction help manage complexity while pre-
serving critical information. Thus, careful consid-
eration of both dataset characteristics and repre-



sentation methods is crucial for advancing recom-
mendation system capabilities.

fhybrid(u, i) = α · fCF(u, i) + (1− α) · fCB(u, i),

(13)
where fhybrid(u, i) represents the hybrid recom-
mendation score for user u and item i, combining
Collaborative Filtering (fCF) and Content-Based
Filtering (fCB) with a weighting factor α.

3.2 Qualitative Insights and Human-AI
Collaboration

3.2.1 Diary Studies and User Feedback
Diary studies have emerged as a valuable method
for capturing user feedback in the context of per-
sonalized recommendation systems powered by
large language models (LLMs) [5]. These stud-
ies allow researchers to gain longitudinal insights
into how users interact with and perceive recom-
mendations over time. By engaging participants
in regular logging of their experiences, diary stud-
ies provide rich qualitative data that can uncover
nuanced patterns in user behavior. For instance,
participants might record moments when recom-
mendations align closely with their preferences
or when they feel dissatisfied due to irrelevant
suggestions. This approach is particularly effec-
tive for understanding the evolving nature of user
needs and preferences, which traditional one-time
surveys may fail to capture. User feedback col-
lected through diary studies plays a critical role
in refining LLM-driven recommendation systems
[5]. Feedback mechanisms embedded within these
studies enable iterative improvements by high-
lighting areas where the system fails to meet user
expectations. For example, users might indicate
that certain recommendations lack sufficient con-
textual relevance or fail to account for temporal
changes in their interests. Such insights are in-
valuable for developers aiming to enhance the ac-
curacy and personalization of recommendations.
Moreover, diary studies often reveal unmet user
needs, such as the desire for more control over rec-
ommendation parameters or clearer explanations
of why specific items are suggested. Addressing
these gaps can lead to more engaging and satis-
fying user experiences. Despite their benefits, di-
ary studies also present challenges that must be ad-
dressed to maximize their utility. Ensuring consis-
tent participation from users over extended periods
can be difficult, as fatigue or disinterest may arise.
To mitigate this, researchers employ strategies like

gamification or providing incentives to maintain
engagement. Additionally, the subjective nature
of diary entries necessitates careful analysis to ex-
tract meaningful patterns. Combining diary data
with quantitative metrics, such as interaction logs
or satisfaction scores, can help validate findings
and provide a more comprehensive understanding
of user feedback. Overall, integrating diary stud-
ies into the evaluation of LLM-based recommen-
dation systems offers a robust framework for con-
tinuous improvement and deeper user-centric de-
sign [5].

ffeedback(x) =
∑n

i=1wi · xi + b, where xi represents user feedback dimensions.

(14)

3.2.2 Persona-Based Evaluations
Persona-based evaluations represent a novel ap-
proach to assessing the performance of recom-
mendation systems, emphasizing the importance
of user-centric perspectives in evaluation method-
ologies. By constructing virtual personas that en-
capsulate diverse user characteristics, preferences,
and behaviors, evaluators can simulate real-world
interactions more effectively than traditional meth-
ods. These personas are typically derived from
extensive datasets capturing user demographics,
interaction histories, and feedback patterns, en-
abling evaluators to test how well a system adapts
to different user profiles. This method addresses
the limitations of static evaluation paradigms
by introducing dynamic, context-aware scenarios
where recommendations must align with persona-
specific expectations. The integration of large lan-
guage models (LLMs) into persona-based evalu-
ations further enhances their depth and realism.
LLMs can generate rich, detailed backstories for
each persona, providing nuanced contextual infor-
mation that traditional rule-based systems cannot
replicate. For instance, an LLM might craft a
persona who prefers niche genres of movies but
dislikes mainstream blockbusters, allowing eval-
uators to assess whether a recommendation sys-
tem can balance specificity and relevance. Such
granular insights help identify gaps in a system’s
ability to cater to diverse user needs, particularly
in subjective domains where "correctness" is less
clear-cut. Moreover, this approach facilitates the
detection of biases or inconsistencies in recom-
mendations across different personas. Despite its
advantages, persona-based evaluation faces chal-
lenges related to scalability and interpretability.



Constructing realistic personas requires substan-
tial computational resources and high-quality data,
which may not always be available. Addition-
ally, interpreting the results of these evaluations
demands careful consideration of both quantita-
tive metrics and qualitative observations. Eval-
uators must ensure that the personas used ade-
quately represent the target user population with-
out introducing artificial constraints or oversimpli-
fications. As this field evolves, future research
should focus on developing standardized frame-
works for persona creation and validation, ensur-
ing that persona-based evaluations remain a robust
tool for improving recommendation systems.

Rpersona =
∑N

i=1 Relevance(ri,pi)
N , where ri is the recommendation and pi is the persona.

(15)

3.2.3 Mixed-Methods Approaches
Mixed-methods approaches in recommendation
systems research combine qualitative and quanti-
tative data to provide a more comprehensive un-
derstanding of user interactions and system per-
formance. By integrating both types of data, re-
searchers can capture nuanced insights into user
preferences and behaviors that may not be fully re-
vealed through either method alone. For instance,
quantitative surveys might measure satisfaction
levels or accuracy metrics, while qualitative inter-
views uncover deeper motivations or challenges
users face when interacting with the system. This
dual approach helps address the limitations inher-
ent in single-method studies, such as over-reliance
on numerical indicators or subjective interpreta-
tions. In practice, mixed-methods designs often
involve sequential or parallel data collection strate-
gies. Sequential approaches begin with quantita-
tive assessments to identify trends or patterns, fol-
lowed by qualitative exploration to explain these
findings in greater detail. Conversely, parallel de-
signs collect both types of data simultaneously, al-
lowing for direct comparison and integration dur-
ing analysis. In the context of content-based filter-
ing and hybrid recommendation systems, mixed
methods enable researchers to evaluate not only
the algorithmic precision but also the user expe-
rience aspects like fairness, consistency, and emo-
tional engagement. Such evaluations are critical
for ensuring that recommendations align with di-
verse user needs.

System Performance = f(Algorithmic Precision,User Experience)

(16)

Despite their advantages, mixed-methods ap-
proaches present challenges related to data integra-
tion, interpretation, and resource allocation. Re-
searchers must carefully design instruments and
procedures to ensure compatibility between qual-
itative and quantitative components. Additionally,
balancing the depth of qualitative insights with
the breadth of quantitative results requires thought-
ful planning. However, when executed effectively,
mixed-methods approaches offer a robust frame-
work for advancing our understanding of recom-
mendation systems. They facilitate the develop-
ment of more accurate, personalized, and equi-
table solutions by addressing both technical per-
formance and human-centered factors.

3.3 Bias Discovery and Ethical
Considerations

3.3.1 Comparative Judgment Frameworks

Comparative judgment frameworks, rooted in psy-
chophysical theories such as Thurstone’s Law of
Comparative Judgment, provide a robust method
for quantifying subjective preferences [19]. These
frameworks leverage pairwise comparisons to
model human decision-making processes, partic-
ularly in contexts where ground truth is absent or
ambiguous. By analyzing the relative preferences
between items, these frameworks can construct la-
tent scales that represent user satisfaction or prefer-
ence intensity. For instance, when recommending
products or services, comparative judgments allow
systems to align recommendations with users’ per-
sonalities and situational needs, moving beyond
simplistic correctness metrics. In practical ap-
plications, comparative judgment frameworks are
employed to evaluate complex decisions, such as
selecting top universities, economically leading
cities, or travel destinations [19]. The methodol-
ogy typically involves forming triplets of options
for each task, enabling nuanced assessments of
user preferences across diverse domains. This ap-
proach is especially valuable in international af-
fairs, where decisions are often politically driven
and subjective [20]. By avoiding reliance on pre-
defined correct answers, these frameworks cap-
ture the complexity of real-world scenarios, al-
lowing for richer, more context-aware evaluations.
However, they also expose potential biases, such
as nationality bias in language models, which
may perpetuate stereotypes or marginalize certain
groups [19]. Despite their advantages, compara-



tive judgment frameworks face challenges in scal-
ability and interpretability. As datasets grow larger
and more complex, maintaining computational ef-
ficiency becomes critical. Additionally, ensuring
fairness and reducing bias in the constructed pref-
erence scales requires careful design and valida-
tion. Future research should focus on integrat-
ing these frameworks with advanced reasoning
capabilities to enhance their performance across
varying demographics and interests. By address-
ing these limitations, comparative judgment frame-
works can offer more reliable and equitable solu-
tions for recommendation systems and decision-
making tools, ultimately increasing user satisfac-
tion and trust in AI-driven applications.

P (A > B) = Φ

(
µA−µB√
σ2
A+σ2

B

)
,

(17)
where P (A > B) represents the probability that
item A is preferred over item B, µA and µB are
the mean values of the latent scales for items A
and B, and Φ denotes the cumulative distribution
function of the standard normal distribution.

Figure 14: Chart from large language models in agentic
multilingual national bias

3.3.2 Case Study Analysis
Case study analysis plays a pivotal role in under-
standing the practical implications of large lan-

Figure 15: Chart from foreign policy decisions cfpd
benchmark measuring diplomatic preferences in large
language models

guage models (LLMs) across various domains. By
examining real-world applications, such as aca-
demic career planning advisors or personalized
story-reading systems for children, we uncover
critical challenges and opportunities. For instance,
inconsistencies in multilingual outputs highlight
potential biases that may affect decision-making
processes. These issues not only impact user trust
but also underscore the necessity for robust eval-
uation frameworks to ensure reliability and fair-
ness in model responses. In another context, case
studies reveal how LLMs can enhance personal-
ized interactions by integrating contextual data
and adaptive recommendations [4]. Systems like
HEALTHGURU exemplify this approach by lever-
aging conversational AI to deliver tailored health
advice based on individual circumstances [17].
However, maintaining long-term engagement re-
quires addressing knowledge gaps dynamically
through iterative refinement mechanisms. This in-
volves analyzing user feedback and refining model
outputs to align closely with evolving user needs,
thus fostering sustained behavior change and im-
proving overall system effectiveness. Finally, case
studies provide valuable insights into designing
explainable AI (XAI) solutions that cater to di-
verse user requirements [21]. In scenarios where
human judgment is crucial, combining quantita-
tive metrics with qualitative assessments ensures
transparency and accountability. Additionally, vir-
tual personas derived from rich backstories enable
more nuanced evaluations of model performance.
Such methodologies pave the way for future in-
novations in user-centric design, emphasizing the
importance of balancing technical advancements
with ethical considerations to create impactful and



inclusive technologies.

fevaluation(x) =
∑n

i=1wi · gi(x), where gi(x) represents evaluation criteria.

(18)

Figure 16: Chart from personalized health support
through data driven theory guided llms a case study in
sleep health

3.3.3 Risk Assessment Techniques
Risk assessment techniques for large language
models (LLMs) focus on identifying vulnerabil-
ities such as prompt injection and data leakage.
Prompt injection, where malicious inputs manip-
ulate model outputs, poses a significant threat to
the integrity of LLMs [18]. Techniques to miti-
gate this risk include input sanitization and robust-
ness testing, which aim to detect and neutralize
harmful prompts before they influence the model’s
behavior. Additionally, advanced monitoring sys-
tems can track unusual patterns in user queries
to preemptively flag potential attacks. These
approaches are crucial for safeguarding LLMs
against adversarial exploitation [18]. Data privacy
is another critical area requiring thorough risk as-
sessment. Unsecured LLMs may inadvertently
expose sensitive information from their training
datasets, leading to breaches of confidentiality
[18]. To address this, differential privacy mecha-
nisms can be integrated into the training process
to ensure that individual data points cannot be
reverse-engineered from model outputs. Further-
more, fine-tuning models with domain-specific
constraints helps limit the exposure of confiden-
tial information while maintaining utility. Regular
audits and evaluations of model responses under
various scenarios are also essential for identifying
and mitigating privacy risks effectively. Finally,
comprehensive risk assessments must account for
broader security implications, particularly in high-
stakes domains like national defense or healthcare.
In these contexts, understanding the risk profile
of generative AI involves evaluating both techni-

cal vulnerabilities and ethical considerations. De-
veloping domain-specific benchmarks allows for
more accurate assessments of LLM performance
and risk levels across diverse applications [22]. By
combining technical safeguards with rigorous eval-
uation frameworks, organizations can better man-
age the risks associated with deploying LLMs in
sensitive environments. This holistic approach en-
sures that LLMs operate safely and responsibly.

R = f(vulnerabilities, privacy, ethical considerations)
(19)

Figure 17: Chart from and scalable llm based recom-
mendation systems an mlops and security by design

4 Advanced Architectures and
Frameworks for LLM-based RS

4.1 Retrieval-Augmented Generation and
Knowledge Integration

4.1.1 Consistency-Based Merging Techniques

Consistency-based merging techniques address
the challenge of integrating outputs from multi-
ple models or systems, ensuring that the final re-
sult aligns with predefined consistency criteria. In
the context of IoT systems, where heterogeneity
and fragmentation are prevalent, these techniques
play a pivotal role in unifying data streams orig-
inating from diverse sources [23]. By leveraging
unified protocols akin to HTTP and HTML in the



Figure 18: Chart from large language models on multi-
ple tasks in bioinformatics nlp with prompting

World Wide Web, consistency-based merging en-
sures that disparate data inputs can be processed
cohesively. This approach not only mitigates con-
flicts between conflicting data but also enhances
the reliability of the merged output by adhering
to established consistency rules. The core mech-
anism of consistency-based merging involves eval-
uating the outputs of specialized reasoning mod-
els alongside general-purpose models, focusing on
their alignment with domain-specific constraints.
For instance, in an IoT environment, this could in-
volve reconciling sensor data discrepancies or re-
solving ambiguities in device communication pat-
terns. The merging process employs algorithms
that prioritize consistent information, discarding
or correcting inconsistent elements. This selec-
tive integration improves the overall performance
and accuracy of the system, making it more ro-
bust against anomalies and errors inherent in frag-
mented data ecosystems. Furthermore, the adapt-
ability of these techniques allows them to ac-
commodate evolving data structures and emerging
standards within the IoT landscape. In addition to
enhancing data integrity, consistency-based merg-
ing techniques contribute significantly to the ex-
plainability of model outputs. By documenting
the rationale behind each merging decision, these
methods provide transparency into how conflicting
or overlapping data points are resolved. This is
particularly valuable in knowledge-intensive appli-
cations, such as recommendation systems or enter-
prise workflows, where reliable and interpretable
results are crucial. As IoT systems continue to
grow in complexity, the importance of consistency-
based merging will only increase, offering a scal-
able solution for managing the intricacies of inter-
connected devices and data streams.

fmerge(x) =

{
x if x satisfies consistency rules,
g(x) otherwise (where g(x) corrects inconsistencies).

(20)

4.1.2 Chain-of-Thought Reasoning
Chain-of-thought reasoning has emerged as a criti-
cal paradigm in enhancing the interpretability and
reliability of large language models (LLMs). This
approach involves decomposing complex tasks
into a sequence of intermediate steps, allowing
LLMs to articulate their reasoning process explic-
itly. By doing so, chain-of-thought reasoning not
only improves the transparency of model outputs
but also mitigates issues such as hallucinations



Figure 19: Chart from search engine for real time iot
data

and biases that arise from implicit mappings be-
tween inputs and outputs. The explicit articula-
tion of reasoning steps ensures that the model’s
decisions are grounded in logical sequences, mak-
ing it easier for users to understand and trust the
generated responses. Despite its advantages, im-
plementing chain-of-thought reasoning introduces
challenges in both design and execution. Tra-
ditional LLMs often rely on end-to-end learning
paradigms, where reasoning processes are implic-
itly encoded within the model parameters. This
black-box nature limits the ability to trace how
conclusions are reached. Chain-of-thought reason-
ing addresses this by encouraging models to break
down problems into smaller, manageable compo-
nents, each contributing to the final output. How-
ever, this requires careful prompt engineering and
fine-tuning strategies to ensure that the model ad-
heres to the desired reasoning structure. More-
over, the effectiveness of chain-of-thought reason-
ing depends heavily on the quality of training
data and the diversity of examples used to teach
the model how to reason effectively. Recent ad-
vancements have demonstrated the potential of in-
tegrating chain-of-thought reasoning into various
domains, including recommendation systems and
knowledge-intensive tasks. For instance, in rec-
ommendation systems, chain-of-thought reason-
ing can enhance explainability by detailing why
certain items are suggested over others. Simi-
larly, in legal or scientific domains, it enables mod-
els to synthesize information from retrieved docu-
ments while providing step-by-step justifications
for their conclusions. As research progresses, fur-
ther exploration is needed to optimize the balance
between computational efficiency and the depth
of reasoning, ensuring that chain-of-thought ap-
proaches remain scalable and practical for real-

world applications.

fchain(x) =
∑n

i=1wi · gi(x),
(21)

where fchain(x) represents the output of a chain-
of-thought reasoning model, gi(x) denotes the in-
termediate reasoning steps, and wi signifies the
weights assigned to each step.

4.1.3 Graph-Enhanced Retrieval Systems
Graph-enhanced retrieval systems represent a
paradigm shift in information retrieval by leverag-
ing the structured relationships encoded in knowl-
edge graphs. These systems integrate semantic
matching from vector stores with the relational
structure of knowledge graphs, enabling more
precise and context-aware search results. Un-
like traditional keyword-based approaches, graph-
enhanced systems can infer implicit connections
between entities, improving recall and relevance.
For instance, SensorsConnect employs this ap-
proach to address the challenge of searching
through vast IoT datasets [23]. By represent-
ing data as nodes and relationships in a graph,
it becomes possible to retrieve information based
on complex patterns rather than simple keyword
matches. The integration of knowledge graphs
into retrieval systems also enhances explainabil-
ity, a critical factor for trust and transparency in
decision-making processes. Knowledge graphs or-
ganize information into triplets (head entity, rela-
tion, tail entity), allowing retrieval systems to trace
the origins of their recommendations [10]. This
feature is particularly valuable in domains such as
legal or medical applications, where understand-
ing the reasoning behind a result is paramount. Ad-
ditionally, the triplet structure facilitates topic dis-
covery and domain-specific knowledge extraction,
making these systems adaptable to diverse use
cases. However, maintaining up-to-date knowl-
edge graphs remains a challenge due to the man-
ual effort required for updates. Despite their ad-
vantages, graph-enhanced retrieval systems face
challenges in scalability and computational effi-
ciency. The complexity of traversing large-scale
graphs demands optimized algorithms and infras-
tructure to ensure real-time performance. Further-
more, balancing the trade-off between precision
and recall requires careful tuning of the retrieval
mechanisms. To overcome these limitations, hy-
brid models that combine graph-based retrieval
with machine learning techniques, such as neural



networks, have shown promise. These advance-
ments pave the way for more robust and versatile
retrieval systems capable of handling the growing
volume and complexity of modern data.

fgraph(x) =
∑

e∈E we · sim(x, e),
(22)

where fgraph(x) represents the retrieval score for
a query x based on its similarity to entities in the
knowledge graph.

4.2 Agentic Systems and Proactive
Recommendations

4.2.1 Task Formulation and Planning
Task formulation and planning in the context of
IoT Agentic Search Engines (IoT-ASE) involves
defining how tasks are structured, executed, and
optimized within a dynamic environment [23].
By leveraging Large Language Models (LLMs)
and Retrieval Augmented Generation (RAG), task
formulation becomes more adaptive and context-
aware [24]. The integration of these technologies
allows for real-time processing of vast amounts
of unstructured data from IoT devices, akin to
how search engines crawl and index web con-
tent [23]. This approach ensures that task defini-
tions remain flexible yet precise, accommodating
both immediate user needs and long-term system
goals. Planning in this framework requires balanc-
ing high-recall semantic matching with structured
knowledge representation. Vector stores provide
efficient retrieval mechanisms, while knowledge
graphs offer reliable and interpretable information.
Together, they enable the system to reason over
large datasets effectively, addressing challenges
such as outdated models, bias, and hallucinations.
Furthermore, the use of Non-negative Matrix Fac-
torization (NMF) enhances topic discovery capa-
bilities, strengthening the system’s ability to adapt
its reasoning process dynamically. Through struc-
tured prompts and graph-based exploration, the
model captures both semantic relationships and
collaborative patterns, ensuring coherent and ac-
tionable outputs. To enhance reliability and ef-
ficiency, the framework incorporates workflows
like question generation and multi-stage negative
sampling [25]. These processes help detect the
knowledge boundaries of base models, guiding
their optimization and evaluation. Additionally,
the inclusion of multiple-choice questions avoids
unconstrained generation, improving the quality
of responses [25]. This systematic approach not

only refines task execution but also supports ex-
plainable reasoning, making it suitable for com-
plex applications such as contextual search, work-
flow optimization, and personalized recommenda-
tions. Overall, task formulation and planning in
IoT-ASE emphasize adaptability, interpretability,
and scalability.

f(x) = argmaxi (similarity(x, vi) + λ · knowledge_graph(vi))

(23)

Figure 20: Chart from benchmarking large language
models in e commerce leveraging knowledge graph

4.2.2 Memory and Action Components
Memory and action components form the back-
bone of agentic systems, enabling them to inter-
act dynamically with environments while retain-
ing contextual information. Memory serves as
a critical repository for storing past interactions,
user preferences, and domain-specific knowledge.
It allows systems to recall relevant experiences
and adapt their behavior accordingly. In mod-
ern architectures, memory is often implemented
through vector databases or knowledge graphs that
facilitate efficient retrieval and association of in-
formation. These structures enable seamless inte-
gration of historical data into decision-making pro-
cesses, enhancing both relevance and personaliza-
tion in system responses. The action component
complements memory by defining how an agen-
tic system interacts with its environment. Actions
can range from generating textual recommenda-
tions to executing physical operations via IoT de-
vices. The effectiveness of actions depends heav-
ily on the quality of input provided by the memory
subsystem. For instance, in retrieval-augmented
generation (RAG) systems, the action component
leverages retrieved context to produce coherent
outputs. This interplay between memory and ac-
tion ensures that the system not only remembers
but also acts intelligently based on learned patterns



and real-time inputs. Moreover, the ability to plan
sequences of actions further enhances adaptability
in dynamic scenarios. Together, these components
address key challenges in maintaining long-term
coherence and responsiveness in agentic systems.
By continuously updating memory with new ob-
servations, the system evolves over time, improv-
ing its understanding of users and contexts. Simul-
taneously, the action component adapts strategies
to optimize outcomes, ensuring alignment with
evolving objectives. This synergy enables systems
to handle complex tasks requiring both recall of
prior knowledge and execution of appropriate ac-
tions, making them suitable for applications rang-
ing from personalized assistants to autonomous
IoT networks. Thus, the design and optimization
of memory-action frameworks remain central to
advancing intelligent systems.

faction(x) = gmemory(x) + hcontext(x)
(24)

4.2.3 Continuous Adaptation Mechanisms
Continuous adaptation mechanisms are pivotal for
ensuring the seamless integration of diverse IoT
systems within a unified framework. The chal-
lenge lies in handling the heterogeneity of data
formats and communication protocols across dif-
ferent IoT systems, which often lack standard-
ized interfaces. To address this, continuous adap-
tation involves dynamically translating and nor-
malizing data streams from various sources into
a common format that can be universally pro-
cessed. This process leverages middleware so-
lutions capable of interpreting proprietary proto-
cols and converting them into standardized mes-
saging formats such as HTTP or AMQP. By do-
ing so, it becomes feasible to integrate sensing
data from disparate IoT systems without requiring
dedicated APIs for each system. The adaptability
of these mechanisms is further enhanced through
the use of protocol-agnostic frameworks that ab-
stract the complexities of underlying communica-
tion layers. Such frameworks enable real-time ad-
justments to changing network conditions, device
availability, and data schemas. For instance, when
an IoT device switches between different commu-
nication protocols, the adaptation mechanism en-
sures uninterrupted data flow by dynamically re-
configuring its translation rules. This capability is
particularly important in environments where de-
vices frequently join or leave the network, necessi-

tating rapid updates to the system’s configuration.
Additionally, machine learning techniques can be
employed to predict potential changes in device
behavior and preemptively adjust the adaptation
logic accordingly. Moreover, continuous adapta-
tion mechanisms play a critical role in maintain-
ing consistency and reliability in data processing
pipelines. They achieve this by continuously mon-
itoring data quality and integrity, detecting anoma-
lies, and applying corrective actions in near real-
time. This ensures that downstream applications
receive accurate and consistent information regard-
less of upstream variations. As a result, the over-
all robustness of the IoT ecosystem improves, en-
abling more reliable decision-making processes.
In summary, these mechanisms form the backbone
of flexible and scalable IoT infrastructures, facili-
tating interoperability and fostering innovation in
smart systems. The mathematical representation
of the adaptation process can be described as:

fadapt(x) = normalize(translate(x, protocol), schema),
(25)

where x represents the raw data stream, translate
converts the data into a standardized format, and
normalize ensures uniformity across all integrated
systems.

4.3 Multi-Methodology Evaluations and
System Design

4.3.1 Semantic Matching and Entity Linking
Semantic matching and entity linking are criti-
cal components in modern search systems, par-
ticularly for addressing the challenges posed by
unstructured data. In SensorsConnect, semantic
matching leverages advanced techniques such as
vector embeddings to capture latent relationships
between queries and documents. These methods
go beyond traditional keyword-based approaches
by encoding contextual information into dense rep-
resentations, enabling more accurate retrieval of
relevant results. Entity linking further enhances
this process by disambiguating entities mentioned
in text, ensuring that references to similar or iden-
tical entities across different sources are correctly
aligned. This is especially important in IoT ap-
plications where data streams may contain im-
plicit references to locations, devices, or other en-
tities. Knowledge graphs play a pivotal role in fa-
cilitating both semantic matching and entity link-
ing. By organizing information into structured
triplets, knowledge graphs provide a robust frame-



work for representing complex relationships be-
tween entities (?). For instance, in the context of
IoT data, knowledge graphs can encode relation-
ships such as “sensor X is located in region Y ”
or “device Z measures temperature.” These struc-
tured representations allow search systems to rea-
son about data more effectively, bridging gaps left
by purely statistical models. Moreover, integrat-
ing knowledge graphs with vector-based methods
enables hybrid approaches that combine the high
recall of semantic embeddings with the precision
of graph-based reasoning, thus improving overall
system performance. In practice, the integration
of semantic matching and entity linking within
SensorsConnect involves combining multiple tech-
nologies to address real-world challenges. For
example, when searching through vast amounts
of IoT-generated data, the system must quickly
identify relevant entities while maintaining accu-
racy. This requires leveraging pre-trained lan-
guage models for semantic understanding along-
side domain-specific knowledge graphs for entity
resolution. Additionally, the system employs topic
modeling techniques like Non-Negative Matrix
Factorization (NMF) to uncover hidden patterns
in the data, enhancing its ability to deliver mean-
ingful insights. Together, these components form
a powerful foundation for next-generation search
capabilities tailored to IoT environments.

fmatch(q, d) = cos(vq,vd) + λ ·
∑

e∈Ed
P (e|q),

(26)
where fmatch(q, d) represents the matching score
between query q and document d, vq and vd are
their respective vector embeddings, and P (e|q) de-
notes the probability of entity e given the query.

4.3.2 Latent Topic Discovery
Latent topic discovery is a critical component
in the IoT Agentic Search Engine (IoT-ASE),
enabling the system to uncover hidden pat-
terns and structures within unstructured data
streams. By leveraging advanced techniques
such as Non-Negative Matrix Factorization (NMF)
and Retrieval-Augmented Generation (RAG), the
search engine can identify latent topics that are
not explicitly mentioned in the text but are in-
ferred from contextual relationships. This capa-
bility is particularly valuable for handling the vast
amounts of data generated by IoT devices, where
meaningful insights often remain buried under lay-
ers of noise and irrelevant information. The inte-

gration of NMF into the IoT-ASE framework al-
lows for the decomposition of high-dimensional
word embedding matrices into interpretable com-
ponents, effectively capturing the underlying the-
matic structure of the data. These discovered top-
ics serve as a bridge between raw sensor data
and actionable insights, facilitating tasks such as
clustering similar cases or identifying emerging
trends. Furthermore, the use of RAG enhances
the system’s ability to retrieve relevant informa-
tion by augmenting the input to large language
models with contextually appropriate data, ensur-
ing that the generated outputs remain grounded in
real-world observations. In practice, latent topic
discovery contributes significantly to improving
the overall quality of search results provided by
SensorsConnect. By incorporating locality infor-
mation and user preferences into the model, the
system can tailor its recommendations to better
suit individual needs while maintaining scalability
across diverse datasets. This approach not only
addresses the challenges posed by the exponen-
tial growth of IoT-generated data but also ensures
that users receive accurate and timely information,
thereby enhancing their decision-making capabili-
ties.

WH⊤ = X,
(27)

where W and H represent the factorized matri-
ces obtained through Non-Negative Matrix Factor-
ization (NMF), and X denotes the original high-
dimensional word embedding matrix.

4.3.3 Real-Time IoT Search Engines
Real-time IoT search engines are becoming in-
creasingly vital as the volume of data generated
and consumed by IoT devices continues to grow
exponentially. These systems must process, in-
dex, and retrieve vast amounts of heterogeneous
data in real time to support decision-making pro-
cesses across various domains. Traditional search
engines lack the capability to handle the unique
characteristics of IoT data, such as its high ve-
locity, variety, and veracity. As a result, spe-
cialized solutions have emerged to address these
challenges. For instance, Shodan, one of the pi-
oneering IoT-focused search engines, crawls and
indexes metadata from internet-connected devices,
enabling users to query information about spe-
cific devices or networks [23]. Despite advance-



ments, designing an effective real-time IoT search
engine remains challenging due to the need for
rapid indexing and querying capabilities. To meet
these demands, recent approaches leverage ad-
vanced technologies such as Large Language Mod-
els (LLMs) and Retrieval Augmented Generation
(RAG). These models enhance the semantic under-
standing of queries and improve the relevance of
retrieved results. By integrating LLMs, the sys-
tem can better interpret natural language queries
and provide more accurate responses. Addition-
ally, RAG-based architectures allow for efficient
retrieval of relevant documents while maintaining
contextual awareness, which is crucial for process-
ing dynamic IoT data streams. The paper intro-
duces a novel framework called the Real-Time IoT
Agentic Search Engine (IoT-ASE), which com-
bines LLMs and RAG to deliver state-of-the-art
performance in IoT data retrieval [23]. IoT-ASE
not only addresses the technical challenges of real-
time processing but also enhances user interac-
tion through personalized and context-aware re-
sponses. This approach ensures that the search
engine adapts to evolving user preferences and de-
vice behaviors, making it suitable for diverse appli-
cations ranging from smart cities to industrial au-
tomation. By integrating these cutting-edge tech-
niques, IoT-ASE represents a significant step for-
ward in the development of robust and scalable
real-time IoT search engines [23].

fIoT−ASE(x) = LLM(x) + RAG(x)
(28)

5 Future Directions

While the integration of Large Language Mod-
els (LLMs) into recommendation systems has
shown significant promise, several limitations and
gaps remain. Current approaches often struggle
with maintaining real-time performance in high-
dimensional data environments, particularly when
dealing with cold-start scenarios or sparse user
interactions. Additionally, existing models may
not fully capture nuanced user preferences due
to limitations in prompt design and token-level
embedding optimization. Ethical considerations,
such as bias discovery and transparency, also
present ongoing challenges that require further in-
vestigation. The scalability of these systems re-
mains a concern, especially when integrating com-
plex architectures like retrieval-augmented gen-
eration and chain-of-thought reasoning. To ad-

dress these limitations, future research could ex-
plore more advanced hybrid models that com-
bine the strengths of LLMs with traditional ma-
chine learning paradigms. For instance, develop-
ing parameter-efficient fine-tuning techniques that
incorporate domain-specific knowledge could en-
hance adaptability while reducing computational
overhead. Another promising direction involves
automating the process of prompt engineering to
better align model outputs with user intent, po-
tentially leveraging reinforcement learning to opti-
mize prompts dynamically. Furthermore, expand-
ing the scope of feature augmentation methods
to include multi-modal data sources could enrich
user and item representations, leading to more ac-
curate recommendations. Exploring novel evalua-
tion frameworks that balance quantitative metrics
with qualitative insights would also be beneficial,
ensuring that systems meet both technical bench-
marks and user expectations. In addition to tech-
nical advancements, fostering human-AI collabo-
ration through explainable AI solutions should be
prioritized. This includes designing interfaces that
provide clear justifications for recommendations
and enabling users to interactively refine system
outputs. Addressing ethical concerns by incorpo-
rating fairness-aware algorithms and conducting
thorough bias assessments will be crucial for build-
ing trust. Finally, scaling up these systems to han-
dle industrial-sized datasets without compromis-
ing performance remains an open challenge, neces-
sitating innovations in distributed computing and
approximate nearest neighbor search techniques.

frecommend(x) = argmaxy∈Y
(
LLM(x, y) + ML(x, y)

)
(29)

The potential impact of this proposed future work
is substantial, as it aims to create recommenda-
tion systems that are not only more intelligent
and adaptable but also equitable and transpar-
ent. By overcoming current limitations, these sys-
tems could significantly enhance user experiences
across various domains, from e-commerce and en-
tertainment to healthcare and education. More-
over, they would contribute to the broader goal of
advancing artificial intelligence technologies that
align with societal values and promote inclusiv-
ity. Ultimately, such developments could pave the
way for more personalized, context-aware, and dy-
namic interactions between users and digital plat-
forms, reshaping how we engage with information
and services in the digital age.



6 Conclusion

This survey paper has comprehensively explored
the integration of Large Language Models (LLMs)
into recommendation systems, highlighting their
transformative impact across various dimensions.
Key findings include the role of adaptive align-
ment techniques and contrastive learning pipelines
in enhancing personalization and contextual rea-
soning, as well as the significance of fine-tuning
strategies such as parameter-efficient fine-tuning
(PEFT) and low-rank adaptation (LoRA) in op-
timizing model performance for specific tasks.
Additionally, semantic enrichment through token-
level embedding optimization, prompt engineer-
ing, and feature augmentation methods has been
shown to significantly improve user and item rep-
resentations. The paper also addressed scalabil-
ity challenges, emphasizing the importance of
large-scale data processing, cold-start mitigation
techniques, and efficient fine-tuning approaches
in ensuring real-time responsiveness and robust-
ness. Furthermore, advanced architectures like
retrieval-augmented generation, chain-of-thought
reasoning, and graph-enhanced retrieval systems
have demonstrated their potential to enhance ex-
plainability, reliability, and context-awareness in
LLM-based recommendation systems. The signif-
icance of this survey lies in its systematic organi-
zation and thorough analysis of the current state of
LLM-based recommendation systems. By synthe-
sizing recent advancements and identifying open
challenges, the paper serves as a valuable resource
for researchers and practitioners in the field. It
highlights the multifaceted benefits of incorporat-
ing LLMs into recommendation systems, from im-
proving personalization and scalability to address-
ing ethical concerns. The paper’s exploration of
evaluation methodologies, including quantitative
benchmarking, qualitative insights, and bias dis-
covery frameworks, underscores the importance
of fairness, transparency, and accountability in
AI-driven applications. Moreover, by outlining
promising future directions, the survey inspires
novel research initiatives and practical implemen-
tations that harness the full potential of LLMs
in recommendation systems. These contributions
collectively advance the understanding and devel-
opment of intelligent, adaptable, and equitable rec-
ommendation systems. In conclusion, the integra-
tion of LLMs into recommendation systems repre-
sents a significant leap forward in delivering per-

sonalized, context-aware, and dynamic user expe-
riences. While the surveyed advancements demon-
strate remarkable progress, several challenges re-
main, including computational efficiency, scalabil-
ity, and ethical considerations. Future research
should focus on developing hybrid models that
combine the strengths of LLMs with other ma-
chine learning paradigms, enhancing explainabil-
ity techniques to foster trust and transparency, and
exploring domain-specific adaptations to address
unique requirements in diverse application scenar-
ios. Researchers and practitioners are encouraged
to collaborate across disciplines to overcome these
challenges and unlock the full potential of LLM-
based recommendation systems. By doing so, we
can pave the way for more intelligent, inclusive,
and impactful technologies that align with evolv-
ing user needs and societal values.

RLLM(u, i) = f(Euser(u),Eitem(i),C)
(30)

Here, RLLM(u, i) denotes the recommendation
score for user u and item i, Euser(u) and Eitem(i)
represent the embeddings of the user and item re-
spectively, and C encapsulates the contextual in-
formation processed by the LLM.
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