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Abstract: This paper addresses the limitations of user interest modeling and semantic matching in
personalized advertising recommendation by proposing a framework based on large language models. The
method first embeds user behavior sequences and advertisement features, mapping discrete and continuous
inputs into a unified semantic space to obtain denser and more expressive representations. A multi-head self-
attention mechanism is then introduced to capture deep dependencies between users and advertisements,
enabling the identification of key interest signals in long behavior sequences. A joint representation layer
aligns user and advertisement representations, and cosine similarity is used to measure their matching
degree, ensuring that recommendations better reflect real user needs. The entire model is trained end-to-end
with a cross-entropy optimization objective to improve ranking quality and click prediction accuracy.
Experiments conducted on a public advertising dataset compare the proposed approach with several
mainstream methods, using NDCG, MRR, Recall@10, and Precision@10 as evaluation metrics. Results
show that the proposed method achieves the best performance on all metrics. Sensitivity experiments further
verify the impact of hyperparameter configurations, especially in attention head number, hidden dimension,
and sequence window length, demonstrating stability and adaptability under different conditions. These
findings confirm that the proposed framework improves performance across multiple metrics and exhibits
strong robustness and practical value in complex and dynamic advertising recommendation scenarios.
Keywords: Personalized recommendations, large language models, attention mechanisms, and ad click-
through rates

1. Introduction
In the current digital era, the way information is disseminated and the scenarios of content consumption
have undergone profound changes. With the improvement of internet infrastructure and the widespread use
of mobile devices, users engage daily with massive amounts of information. Traditional advertising
strategies can no longer meet such frequent and diverse demands. Advertising recommendation systems
have emerged as an effective solution, improving the efficiency of matching advertisements with users
through data-driven approaches[1]. However, rule-based or shallow models rely on limited feature
representations and often fail to capture the deep semantic relations behind user behavior. As a result, these
systems face issues such as homogeneity of results, cold-start challenges, and preference drift. Against this
background, how to enhance the intelligence and personalization of advertising recommendations has
become a shared concern for both academia and industry[2].
In recent years, the rise of large language models has provided new opportunities for the advertising
recommendation domain. These models, trained on massive text corpora, possess strong natural language
understanding and generation capabilities. They can model user behavior, interests, and contexts at a deeper
level. Compared with traditional feature extraction methods, large language models not only capture explicit
preferences but also uncover hidden interests from interaction histories, user reviews, and contextual



information. This cross-modal and context-aware modeling ability makes them powerful in constructing
user profiles and aligning advertisements. In dynamic and rapidly changing consumption scenarios, large
language models can continuously update and reason, thus offering more flexible and fine-grained
personalized recommendations[3].
Personalization has become the core objective in advertising recommendations. Users show highly diverse
interest distributions, and the same advertisement may have very different levels of acceptance among
individuals. Hence, recommendation systems must adapt to individual characteristics rather than adopt a
"one-size-fits-all" approach. Large language model-based recommendation methods address this demand by
understanding language expressions, contextual preferences, and behavioral trajectories. They align the
semantic spaces of users and advertisements, producing recommendations that better match user needs. This
improves both click-through rates and conversion rates. It also increases the efficiency of ad delivery and
enhances user experience by reducing information overload and cognitive burden.
Moreover, advertising recommendation is not only a commercial practice but also related to information
fairness, user rights, and social value. In an environment of information overload, users seek more targeted
and valuable content to maximize their limited attention. Personalized recommendations powered by large
language models can reduce redundant information exposure and make information distribution more
precise and efficient. This improvement benefits advertisers as well, helping them achieve more effective
market reach and brand promotion. In this way, commercial value and user satisfaction form a positive cycle.
This dual effect underscores the practical significance of this research area[4].
In conclusion, research on personalized advertising recommendation driven by large language models
represents both an inevitable trend in the integration of artificial intelligence with advertising technologies
and a crucial path to addressing the challenges of the information age. On the one hand, it advances
recommendation technologies toward higher accuracy and stronger robustness through deep semantic
understanding and personalized modeling. On the other hand, it enhances advertising value while improving
user experience, thereby injecting new momentum into the growth of the digital economy. Such research
carries important academic value as well as broad application prospects and social significance.

2. Related work
In the development of advertising recommendation, early studies mainly relied on collaborative filtering and
content matching methods. Collaborative filtering analyzed similarities among users and used historical
behaviors for recommendations. It had the advantages of simplicity and scalability, but its performance was
limited under cold-start and data sparsity conditions[5]. Content matching methods analyzed the
correspondence between advertisements and user interest tags, which improved accuracy to some extent.
However, these methods depended too heavily on manually constructed features. They failed to capture
complex user behavior patterns and contextual associations and could not adapt to the fast-changing
advertising environment. Therefore, although these methods laid the foundation for advertising
recommendation systems, they still showed significant limitations in meeting personalized and dynamic
recommendation demands[6].
With the rise of deep learning, advertising recommendations gradually introduced neural network structures.
This shift enabled a transition from shallow feature representation to deep semantic modeling. Typical
neural recommendation models embed users and advertisements into a unified vector space and employ
multilayer networks to model nonlinear interactions. Such methods enhanced the expressive power of
recommendation systems and captured complex behavioral patterns. Sequence modeling approaches were
also widely applied, which effectively handled the temporal dependencies in user behaviors. However,
traditional deep learning models still had limitations in long sequence modeling and multimodal information
fusion. It was difficult to balance accuracy and efficiency. In advertising scenarios, user behaviors are often
highly sparse and dynamic, which places higher demands on model robustness[7].



On this basis, attention-based recommendation methods began to receive increasing attention. These
methods dynamically assigned weights to highlight key behaviors or features. This allowed the system to
identify the most valuable parts of massive interaction data. Self-attention structures were particularly
suitable for long sequence modeling. They captured long-range dependencies without fixed windows,
improving both flexibility and accuracy. Further research combined sequence modeling with graph-based
modeling. By constructing user-advertisement relationship graphs, graph neural networks enabled
preference propagation and representation enhancement across nodes. These approaches demonstrated
strong modeling capacity in complex interaction environments. Yet, they still faced the challenge of better
understanding semantic content and contextual factors.
In recent years, the development of large language models has opened new paths for advertising
recommendations. Their strong semantic understanding and generation abilities allow recommendation
systems to extract deep preference features from natural language. This enables high-dimensional semantic
alignment between user profiles and advertisement texts. Related studies explored combining large language
models with traditional recommendation frameworks. Examples included prompt learning, knowledge
enhancement, and context modeling to improve performance. These methods not only enhanced
recommendation accuracy but also showed advantages in cold-start and cross-domain transfer. Although
challenges remain, such as high computational cost and the need for deeper personalization, large language
model-driven personalized recommendations have gradually become an important trend. It provides a broad
space for future research in this field.
Open-source recommendation platforms and graph-aware models provide additional infrastructure for this
line of research. Unified recommendation frameworks improve reproducible evaluation and modular
algorithm comparison [8], while knowledge graph convolution, selective state-space modeling, and interest-
unit organization extend personalized recommendation through relational reasoning, efficient sequence
representation, and product-level behavioral structure [9], [10], [11].
Recent studies on intelligent infrastructure further show how learning systems can remain stable under
dynamic, sparse, and resource-constrained conditions. Game-theoretic reinforcement learning has been
applied to competitive cloud resource allocation [12], and self-supervised representation learning with
structural dependency modeling has supported early risk detection in distributed systems [13]. Multi-scale
convolution and adaptive attention have also been used for backend latency forecasting [14], while graph
neural network-driven anomaly detection, secure parameter aggregation, lightweight edge-cloud modeling,
and energy-budget task scheduling emphasize robust feature learning and deployment-aware optimization
across cloud and edge-cloud environments [15], [16], [17], [18].
These developments extend the methodological base of personalized advertising recommendation through
semantic robustness, structured interaction modeling, and decision reliability. Masked language modeling
strengthens semantic matching and text robustness [19], differentiable mixed-integer optimization provides
a way to connect social graph modeling with node-level decision-making [20], structure-aware multi-scale
behavioral learning supports anomaly identification in complex systems [21], and causal inference with
counterfactual risk estimation improves the interpretability of automated judgment under uncertainty [22].
Together, these studies broaden the technical foundation for building recommendation models that can align
user interests, advertisement semantics, and deployment constraints.

3. Method
The overall framework, centered around a large language model and incorporating structured modeling
techniques from recommendation systems, builds an end-to-end personalized ad recommendation algorithm.
First, for a user's behavior sequence, let their interaction records be a vector set U and the ad content be a
vector set A. Both are mapped into a unified semantic space through an embedding layer. The model
architecture is shown in Figure 1.



Figure 1. Overall model architecture
The embedding process can be expressed as:

ux represents the user feature input, ax represents the ad feature input, uE and aE are the embedding
functions of the user and ad, respectively, and the outputs uh and ah are both low-dimensional dense
representations. Through this process, the model can provide a foundation for subsequent semantic alignment.
In the semantic modeling stage, an attention-based structure is introduced to capture the deep connection
between user behavior and advertising content. The attention weight is calculated as follows:

Where KQ WW , is a trainable projection matrix, and ij represents the attention weight between the i-th user
behavior and the j-th ad feature. Through this mechanism, the model can adaptively highlight the feature
dimensions that contribute most to the prediction, thereby enhancing the discriminability of the representation.
The attention-weighted results are then input into the feedforward network to form a joint representation:

In the semantic alignment stage, it is necessary to measure the degree of match between the user
representation and the ad representation. For this purpose, a similarity function is introduced, and the
commonly used definition is cosine similarity:

),( auS represents the semantic similarity between the user and the ad. The larger the value, the stronger the
preference consistency between the two, and the higher the relevance of the recommendation.
Finally, to achieve end-to-end optimization, an objective function based on cross-entropy is adopted:



Where D represents the training sample set, uay represents the actual label indicating whether the user clicked
the ad, and )( represents the Sigmoid function. By minimizing the loss function, the model continuously
adjusts its parameters to make recommendations more aligned with the user's underlying preferences. This
approach fully integrates the semantic understanding capabilities of large language models with the
personalized modeling capabilities of recommendation systems, achieving a better user experience and
greater commercial value in ad recommendation tasks.
The embedding, attention, and similarity modules are therefore organized as a coupled representation pipeline.
Structural dependency modeling [13] supports the construction of behavior-advertisement embeddings,
multi-scale attention and forecasting designs [14] motivate adaptive weighting across interaction windows,
masked language modeling strengthens text robustness in advertisement descriptions [19], graph decision
modeling informs relation-aware preference propagation [20], and causal risk estimation provides a useful
basis for calibrating ranking scores under uncertain user feedback [22].

4. Experimental Results
4.1 Dataset
This study adopts the Criteo Display Advertising Challenge dataset as a unified data source. The dataset
contains hundreds of millions of advertising impression logs. It covers contextual features such as display
time, position, device, and region. It also provides anonymized discrete and continuous features from both
the user and advertisement sides, together with a binary label indicating whether a click occurred. The
dataset is large in scale, rich in feature types, and stable in distribution over time. It reflects key
characteristics of real advertising scenarios, including sparsity, long-tail distribution, and strong contextual
dependence. It is therefore widely used as a standard benchmark for personalized advertising
recommendation and click-through rate modeling.
The raw data consists of 13 numerical features and 26 high-cardinality categorical features. The categorical
features have been anonymized by hashing to protect privacy and business confidentiality. Common
practices include filling missing values and applying bucket-based normalization for numerical features. For
categorical features, frequency-based truncation and transformations such as hashing or target encoding are
often applied to mitigate dimensional explosion and sparsity caused by high cardinality. The dataset is
typically split into training, validation, and test sets based on chronological order, which allows evaluation
of generalization performance under distribution shift. The design of fields and the granularity of records
support multiple modeling perspectives, ranging from point-level click modeling to session-level sequence
modeling.
In terms of compliance, the dataset has been anonymized and contains no information that can directly
identify individuals. It is suitable for algorithmic research under privacy protection requirements. To further
reduce potential risks, studies usually follow common principles such as minimizing identifiability and
limiting usage. Sensitive contextual features such as geography and device type are often discretized or
perturbed. Derived features are used and published with care to avoid any possibility of reverse
identification. These measures ensure a balance between practical usability and privacy protection and
provide a reliable and compliant foundation for subsequent personalized modeling.
4.2 Experimental Results
This paper also gives the comparative experimental results, as shown in Table 1.

Table 1. Comparative experimental results
Model NDCG MRR Recall@10 Precision@10

Recbole[8] 0.415 0.392 0.528 0.267

RAKCR[9] 0.438 0.407 0.551 0.281



Model NDCG MRR Recall@10 Precision@10

Mamba4rec[10] 0.462 0.423 0.576 0.298

IU4Rec[11] 0.479 0.439 0.593 0.312

Ours 0.516 0.471 0.631 0.341

From the overall results, the proposed method outperforms existing baseline models on all four core metrics.
This demonstrates that large language model-driven personalized advertising recommendation has clear
advantages in semantic understanding and user behavior modeling. Both NDCG and MRR show
improvements in the overall ranking quality and the relevance of top-ranked results. This indicates that the
model captures users' potential interests more effectively, which enhances the alignment between
advertisements and user preferences.
A closer look at Recall@10 shows that the improvement in recall is the most significant. Compared with
traditional deep models, the proposed framework achieves an increase of 0.038. This suggests that the
method has stronger advantages in covering diverse user interests. It can identify and recommend more
candidate advertisements that meet real user needs. As a result, it reduces omissions and improves the
comprehensiveness of recommendations. This characteristic is especially important in advertising scenarios,
where user interests are often highly sparse and dynamic.
On the Precision@10 metric, the proposed method also achieves the best performance. This shows that the
top 10 recommended advertisements have higher relevance and less noise. Compared with traditional
methods, the proposed approach maintains the improvement in recall while also achieving higher precision.
It avoids the common trade-off in recommendation systems where broader coverage leads to lower accuracy.
This result demonstrates the effectiveness of large language models, combined with semantic modeling and
attention mechanisms, in extracting user interests and matching advertisements.
In summary, the experimental results indicate that the proposed framework not only surpasses existing
methods in overall ranking and top-ranked recommendation quality but also achieves a better balance
between coverage and precision. This means that the introduction of large language models into advertising
recommendations can provide users with more personalized and relevant content, while also delivering
higher conversion value for advertisers. These findings offer strong empirical support for the intelligent
development of future advertising recommendations.
This paper also presents an experiment on the sensitivity of the number of attention heads to NDCG@10,
and the experimental results are shown in Figure 2.

Figure 2. Experiment on the sensitivity of the number of attention heads to NDCG@10



The results show that as the number of attention heads increases, the model achieves steady improvement in
NDCG@10. When the number of heads increases from 1 to 4, the improvement is more obvious. This
indicates that the multi-head mechanism captures diverse relationships between user behaviors and
advertisement features more effectively, giving the model an advantage in ranking performance. Multi-head
attention provides parallel modeling ability across different representation spaces, which allows better
modeling of complex user interest patterns.
When the number of attention heads further increases from 4 to 8, the gain in NDCG@10 becomes smaller
and even shows a slight decline. This suggests that too many heads may introduce redundant information.
The interference makes it harder for the model to focus on key interest signals, limiting the improvement of
overall ranking performance. This result highlights the need to balance the number of attention heads and
model complexity, ensuring accuracy while avoiding unnecessary resource consumption.
By comparing performance with different numbers of attention heads, it is clear that a moderate number
improves the ability of the model to capture user interests. Too few heads limit the capacity to model diverse
features, making it difficult to fully align user and advertisement semantics. Too many heads create
redundancy, which weakens the model's focus and reduces the relevance of recommendations.
In conclusion, these results confirm the important role of attention mechanisms in personalized advertising
recommendations. They also emphasize the critical influence of proper hyperparameter selection on final
performance. Sensitivity analysis of attention head numbers guides model deployment in real applications. It
ensures recommendation quality while considering efficiency and resource use, and lays a solid foundation
for optimizing large language model-driven recommendation frameworks.
This paper also gives the influence of the sequence window on experimental results, emphasizing how the
length of the user interaction sequence considered by the model can affect its ability to capture temporal
dynamics and contextual dependencies in recommendation tasks. The sequence window defines the scope of
historical behaviors that are taken into account when generating predictions, thereby determining how much
past information contributes to the construction of user preference profiles. A shorter window may focus on
more recent interactions and highlight short-term interests, while a longer window incorporates a broader
range of behaviors, potentially capturing long-term patterns but also introducing noise or redundant signals.
By varying the sequence window, this experiment is designed to analyze the trade-offs between precision,
recall, and computational cost, while also providing a clearer understanding of how temporal context
influences the learning process.
The motivation for investigating the sequence window lies in the dynamic nature of advertising
recommendation environments, where user interests can evolve rapidly over time but may also contain
stable, long-term preferences. Determining an appropriate sequence window size is therefore critical to
achieving a balance between responsiveness to immediate changes and stability in long-term modeling.
Moreover, the choice of window length has direct implications for model complexity and runtime
performance, as larger windows increase both data processing demands and training overhead. Through this
sensitivity analysis, the study aims to highlight the importance of tailoring sequence modeling strategies to
the unique requirements of advertising recommendation systems. The experimental results are shown in
Figure 3.
From the overall results, as the sequence window length increases, all metrics show a certain degree of
improvement. The most significant gain occurs when the window length increases from 5 to 20. This
indicates that an appropriate window length can capture more contextual information in user behavior
sequences, thereby improving the overall quality of recommendation ranking. The improvement in
NDCG@10 and MRR demonstrates the enhanced ability of the model to identify relevant advertisements
and optimize top-ranked results.
For the Recall@10 metric, the recall rate gradually increases as the window length grows. This shows that
longer sequences provide the model with richer contextual cues, enabling it to cover more potentially



relevant advertisements. This is important for advertising recommendation tasks, as user interests are often
distributed across multiple dimensions. A longer history reduces omission and enhances the
comprehensiveness of recommendations.

Figure 3. The impact of sequence windows on experimental results
The results for Precision@10 reveal that when the window length becomes too long, the improvement in
precision slows down and even slightly decreases at a length of 30. This suggests that overly long sequences
may introduce redundancy or noise, weakening the model’s focus on key interest signals. In
recommendation scenarios, excessive irrelevant interactions may reduce the probability of highly relevant
advertisements being ranked at the top. Therefore, the window length needs to be reasonably constrained to
maintain recommendation relevance.
In summary, these experimental results confirm the significant impact of sequence window length on model
performance. They show that a moderate window length can achieve a balance between coverage and
precision. Short sequences fail to capture sufficient context, while long sequences may introduce noise.
Only with a proper window length can large language models maximize their effectiveness in advertising
recommendation tasks and provide more robust This paper also gives the impact of the hidden dimension
size on the experimental results, focusing on how variations in the representational capacity of the model
influence its ability to capture complex semantic patterns in user behaviors and advertisement features. The
hidden dimension is a crucial hyperparameter in deep learning–based recommendation systems, as it
determines the granularity and richness of the learned embeddings. Smaller hidden dimensions may limit the
expressive power of the model, potentially constraining its ability to represent nuanced relationships
between users and ads, while larger hidden dimensions offer greater capacity to encode fine-grained
interactions but may also introduce risks such as overfitting or unnecessary computational overhead. By
systematically adjusting the hidden dimension size, the experiment is designed to explore this trade-off and
to evaluate how different settings impact the balance between efficiency and effectiveness in
recommendation tasks.
The inclusion of this analysis is motivated by the need to understand the sensitivity of recommendation
frameworks to architectural choices that directly affect both performance and scalability. In large-scale
advertising systems, the cost of training and serving models grows with the dimensionality of the
embeddings, making it essential to identify an optimal configuration that maximizes recommendation



quality while maintaining computational feasibility. Examining the hidden dimension size also provides
valuable insights into how the proposed framework adapts to different levels of model complexity and
resource availability, ensuring that it can be effectively deployed in diverse environments with varying
constraints. The experimental results are shown in Figure 4.

Figure 4. The impact of hidden dimension size on experimental results
From the results, it can be observed that as the hidden dimension increases from 32 to 128, the model
achieves significant improvements across all metrics. The gains in NDCG@10 and MRR are particularly
notable. This indicates that higher-dimensional representations provide a richer semantic space, enabling the
model to capture more fine-grained user-advertisement preference relations. Such improvement directly
enhances the ranking quality and the relevance of top recommendations.
In Recall@10, the performance continues to rise as the dimension grows to 128. This shows that stronger
representation ability helps the model cover more potentially relevant advertisements. Higher-dimensional
embeddings reduce omission and improve the comprehensiveness of recommendations. However, when the
dimension increases further to 256, the improvement slows and even shows a slight decline. This reflects
that very high dimensions may introduce redundant features, making it harder for the model to maintain
focus on key interest signals.
The trend of Precision@10 is similar to that of Recall@10. Precision reaches its best at a moderate
dimension, but slightly drops at very high dimensions. This suggests that an excessively large hidden space
may increase noise and the risk of overfitting, leading to reduced relevance of recommendations. Therefore,
larger hidden dimensions are not always better. A balance between expressive capacity and robustness is
required.
In summary, these results highlight the critical role of hidden dimension size in personalized advertising
recommendation tasks. A suitable dimension can significantly enhance semantic modeling and
recommendation performance, while too small or too large dimensions weaken the model. Sensitivity
experiments provide valuable guidance for model design, allowing large language model–based
recommendation frameworks to achieve a better trade-off between efficiency and accuracy, and offering
stronger support for large-scale advertising applications.
This paper also presents a sensitivity experiment on Recall@10 in scenarios with increasing cold start ratios,
aiming to investigate how the performance of the proposed recommendation framework adapts when the



amount of available user interaction history becomes limited. The cold start problem is a well-recognized
challenge in recommendation systems, where insufficient user data leads to difficulties in accurately
capturing individual preferences and providing high-quality recommendations. By gradually adjusting the
proportion of users without sufficient historical behavior, this experiment is designed to simulate realistic
application environments in which new users continuously enter the system and interact with advertisements.
Such a setup allows for a more comprehensive understanding of how robust the framework is under
different levels of data sparsity and user initialization conditions.
The motivation for incorporating this experiment lies in the need to evaluate the generalization ability and
stability of recommendation algorithms in dynamic and evolving ecosystems. In large-scale advertising
platforms, user profiles are rarely static, and the presence of cold start users is inevitable as the platform
grows and diversifies. Thus, testing Recall@10 under varying cold start ratios provides critical insights into
the algorithm’s capacity to maintain recommendation coverage and adapt to scenarios characterized by
incomplete or sparse user behavior sequences. This sensitivity analysis not only deepens the understanding
of algorithmic behavior under challenging conditions but also highlights the importance of designing
recommendation frameworks that remain effective across heterogeneous user groups.

Figure 5. Sensitivity experiment on Recall@10 in scenarios with increasing cold start ratio
From the experimental results, it can be seen that Recall@10 decreases significantly as the cold-start ratio
increases. This indicates that in advertising recommendation tasks, when the system lacks sufficient user
history, the model’s ability to capture user interests is limited. As a result, the number of relevant
advertisements that can be recalled is reduced. The sparsity of data caused by cold-start directly affects
semantic modeling and recommendation performance.
When the cold-start ratio is low, Recall@10 remains at a high level. This shows that with richer interaction
records, the model can accurately capture user interests. At this stage, the recommendations achieve strong
coverage and relevance. It also demonstrates that the semantic understanding ability of large language
models can be fully utilized when sufficient data are available, providing reliable support for
recommendation tasks.
As the cold-start ratio continues to increase, the decline of Recall@10 accelerates. The drop becomes more
significant after 0.6. This suggests that when most users lack historical data, the model struggles to rely only
on semantic matching and contextual modeling to fill the information gap. The bottleneck in covering
potentially relevant advertisements highlights the need for additional mechanisms, such as cross-domain
knowledge transfer or content-based modeling.
Overall, these results highlight the sensitivity of recommendation performance to the cold-start problem.
They emphasize that relying only on historical interactions may be insufficient to support recommendation
quality. In large language model–based frameworks, how to capture latent user interests and improve recall



in cold-start conditions remains an important challenge. This finding provides practical guidance for
optimizing large-scale personalized recommendation systems in real-world applications.

5. Conclusion
This study focuses on personalized advertising recommendations driven by large language models. It
systematically explores innovative methods in semantic modeling, user interest representation, and
advertisement content matching. By combining the deep semantic understanding ability of large language
models with the personalized modeling needs of recommendation systems, the study demonstrates that such
integration can effectively address challenges such as homogeneity, cold-start, and data sparsity. As a result,
the overall quality of advertising recommendations and the user experience are improved. This conclusion
not only confirms the applicability of large language models in recommendation systems but also provides
new theoretical support for the development of recommendation technology.
In the experimental results, the proposed framework achieves superior performance in ranking quality,
coverage, and precision. The key improvement lies in the ability of large language models to align semantic
spaces and to integrate user behavior, advertisement features, and contextual information. This enables more
fine-grained personalized recommendations. Compared with traditional collaborative filtering or shallow
deep learning methods, the framework captures more complex interest dynamics and cross-modal relations,
making the recommendations more accurate. This provides strong evidence for the intelligent delivery of
advertisements and highlights the unique value of large language models in complex recommendation tasks.
From an application perspective, the significance of this research is not limited to advertising
recommendations. In real-world scenarios, users face increasingly complex information environments, and
recommendation systems must provide highly relevant content within a limited time and space. The
proposed framework reduces redundancy and ineffective recommendations, thereby enhancing user
satisfaction and interaction experience. For advertisers, this approach improves the precision and conversion
rates of advertisement delivery, leading to greater commercial returns. Thus, the study demonstrates
practical value in both user experience optimization and business outcomes.
More importantly, the proposed approach has cross-domain potential. The logic of applying large language
models in personalized recommendations can also be transferred to education, healthcare, and finance. In
these areas, understanding user needs and providing accurate services are also core challenges. Therefore,
this study not only advances advertising recommendation but also lays a methodological foundation for
building broader intelligent recommendation systems. Such cross-scenario scalability underscores the
potential and importance of large language model – driven recommendation frameworks in the future
artificial intelligence ecosystem.
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