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Abstract

This study proposes a multi-scale LoRA fine-tuning recommendation algorithm based on large
language models to address the limitations of traditional recommender systems in semantic
understanding, feature redundancy, and parameter transfer efficiency. The method preserves the
semantic representation ability of large models while achieving unified modeling of global
preferences and local interests through multi-scale semantic decomposition, low-rank parameter
adaptation, and cross-scale fusion mechanisms. The model first inputs user-content interaction
sequences into a pre-trained language model to obtain context-aware semantic embeddings. Then, a
multi-scale semantic pooling structure extracts hierarchical feature information to capture multi-
granularity preference relations. Based on this, a multi-scale LoRA module performs low-rank
decomposition and cross-scale alignment of weight matrices, significantly reducing parameter size
and improving fine-tuning efficiency. Finally, a cross-scale attention fusion layer dynamically
reconstructs global and local features to optimize recommendation ranking. Systematic experiments
conducted on the MovieLens-1M dataset validate the effectiveness of the proposed method across
multiple evaluation metrics. The results show that the model outperforms several baseline algorithms
in Precision@K, NDCGe@XK, Recall@K, and Coverage, demonstrating the advantages of multi-scale
structure and LoRA parameterization in enhancing recommendation accuracy, diversity, and
generalization. Overall, this research provides a feasible solution for structural optimization and
parameter-efficient fine-tuning of large language models in efficient recommendation tasks.

Keywords: large language model; multi-scale fine-tuning; LoRA; recommendation system

I. Introduction

In recent years, recommender systems have become a vital component of intelligent information
services, playing a central role in e-commerce, short video platforms, social media, and personalized
learning[1]. However, with the rapid growth of user behavior data and the increasing complexity of
content forms, traditional recommendation algorithms have shown limitations in capturing
multidimensional semantic associations and dynamic preference shifts. Although models based on
collaborative filtering or deep feature extraction have achieved progress in specific tasks, they still
struggle with cross-domain knowledge transfer, contextual understanding, and cold-start problems.
Especially in complex semantic scenarios, user interests often exhibit multi-scale, cross-modal, and
hierarchical characteristics[2]. A single vectorized representation cannot fully express such semantic
structures and layered relationships. Therefore, efficiently mining potential preferences and
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achieving scalable personalized recommendations from large-scale heterogeneous data have become
key challenges in the field of intelligent recommendation.

With the rapid development of large language models (LLMs), their strong capability in
semantic understanding, generation, and reasoning has brought a new paradigm to recommender
systems[3]. Unlike traditional models that rely on explicit feature engineering, LLMs learn from
massive corpora through self-supervised learning, capturing rich contextual dependencies and latent
semantic patterns. This enables a shift from "behavior-based fitting" to "semantic-based
understanding." As a result, LLM-empowered recommendation research has become a frontier topic.
However, due to the huge number of parameters and high computational cost of LLMs, directly
applying them to recommendation systems faces dual bottlenecks in inference efficiency and resource
constraints. In multi-domain or multi-scenario recommendation environments, the differences in
data distribution make it difficult for fine-tuning to balance generalization and personalization.
Hence, how to maintain strong semantic expressiveness while enabling efficient, flexible, and
transferable parameter adaptation has become a core challenge in designing LLM-based
recommendation algorithms[4].

LoRA (Low-Rank Adaptation), a lightweight parameter-efficient fine-tuning (PEFT) method,
provides a promising solution to this problem. By restricting weight updates to a low-rank subspace,
LoRA significantly reduces the number of trainable parameters and memory usage, enabling efficient
transfer and fast adaptation. However, single-scale LoRA structures remain inadequate for capturing
the multi-layer semantic relations and cross-scale features in recommendation systems[5]. User
preferences are dynamic over time and exist at multiple granularities. Recommended items often
contain semantic, visual, and emotional information. Different levels of semantic dependencies
require the model to perform feature fusion and abstraction at various scales. Thus, constructing a
multi-scale LoRA fine-tuning mechanism that allows the model to dynamically learn and reconstruct
complex user-content relationships across multiple semantic spaces becomes a key path toward
performance breakthroughs in intelligent recommendation[6].

I1. Related Work

Research on parameter-efficient fine-tuning of large language models provides an important
foundation for the proposed multi-scale LoRA-based recommendation framework. Low-rank
adaptation methods introduce trainable low-rank matrices into selected weight layers, enabling
efficient instruction tuning with strong parameter and memory savings while preserving most of the
pretrained backbone’s capacity [7]. Building on this idea, structure-learnable adapter frameworks
extend parameter-efficient fine-tuning by allowing not only adapter weights but also adapter
structures and placements to be learned, so that the adaptation topology itself can be optimized for
downstream tasks [8]. Complementary work on task-aware differential privacy and modular
structural perturbation studies how to inject privacy-aware noise and structural modifications into
the fine-tuning process in a controlled way, ensuring both security and robustness during adaptation
[9]. Federated and distillation-based approaches further consider distributed or partially observed
training settings: federated distillation with structural perturbation leverages teacher—student
distillation across participants with structural regularization to obtain robust fine-tuned models [10],
while federated fine-tuning with privacy preservation and semantic alignment integrates federated
optimization, privacy constraints, and cross-domain alignment objectives into a unified framework
[11]. Collectively, these parameter-efficient and robustness-oriented methods motivate the design of
a multi-scale LORA mechanism in this study, where low-rank updates are distributed across multiple
semantic scales and aligned across layers to achieve efficient, flexible, and structurally aware
adaptation for recommendation tasks.

Another line of work focuses on semantic structure modeling and alignment in large language
models. Context compression and structural representation methods introduce compression
modules that reduce redundant context while preserving key structural cues, enabling models to
maintain semantic expressiveness under tighter resource budgets [12]. Techniques for semantic and
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factual alignment explicitly regularize model outputs toward consistency with external or reference
knowledge, improving trustworthiness and reducing semantic drift in generated or predicted content
[13]. Approaches that fuse local and global context in large language models design architectures or
fusion modules that jointly consider fine-grained local signals and coarse-grained global
representations, leading to richer and more discriminative embeddings for sequence or document-
level decisions [14]. Dynamic topic evolution models with temporal decay and attention provide
another perspective, where temporal attention mechanisms are used to track evolving semantic
themes and adjust the importance of historical signals over time [15]. These methodological directions
are closely related to the multi-scale semantic pooling and cross-scale fusion in the proposed model,
which aims to capture hierarchical user preferences by jointly modeling local interests, global
tendencies, and their interactions in a unified semantic space.

Recent advances on retrieval-augmented modeling, prompting, and adaptation for large
language models also offer useful insights for multi-scale recommendation architectures. Retrieval-
augmented generation with compositional prompts and confidence calibration demonstrates how
prompt design and uncertainty-aware scoring can be combined to improve reliability and
controllability of model outputs under complex queries [16]. Two-stage retrieval with cross-segment
alignment proposes a decomposition of retrieval into coarse and fine phases and introduces
alignment mechanisms across segments of retrieved content, illustrating how multi-stage processing
and alignment can enhance the relevance and coherence of information fed into large models [17].
Dynamic prompt fusion for multi-task and cross-domain adaptation explores how multiple prompts
corresponding to tasks or domains can be dynamically combined, allowing a single backbone model
to adapt flexibly to different conditions without full retraining [18]. Methodologically, these works
share the idea of decomposing model behavior across multiple “channels” or “scales” (prompts,
retrieval stages, or domains) and then fusing them with learned weights or attention. The multi-scale
LoRA recommendation algorithm in this paper follows a similar spirit: it decomposes parameter
updates across semantic scales, aligns low-rank adaptations across these scales, and employs cross-
scale attention fusion to reconstruct task-specific representations, thereby improving
recommendation accuracy, diversity, and generalization under parameter and resource constraints.

III. Method

This study applies a multi-scale LoRA fine-tuning recommendation algorithm based on a large
language model, with the goal of achieving efficient parameterization and hierarchical feature
modeling while preserving strong semantic expressiveness. The overall approach comprises three
key modules: a multi-scale semantic encoding layer, a low-rank parameter adaptation layer, and a
cross-scale fusion decoding layer. In the semantic encoding stage, the framework adopts multi-scale
feature fusion strategies and graph neural integration methods as proposed by Song et al. [19],
enabling the extraction of both global and local user-content preference signals across multiple
semantic levels. For efficient parameter transfer and fine-tuning, the model utilizes modular and
composable low-rank adaptation techniques inspired by Wang et al. [20], which constrain weight
updates to low-rank subspaces while maintaining model expressiveness. The cross-scale fusion
decoding layer further integrates modular task decomposition and dynamic collaboration
mechanisms from Pan and Wu [21], allowing the model to align, aggregate, and reconstruct
preference information across different scales and contexts. The complete architecture is illustrated
in Figure 1.
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Figure 1. Overall model architecture.

First, the input user-content interaction sequence is textually expressed and embedded, and a
semantic feature matrix is generated using the contextual understanding capability of the large

X ={x,,x,,..

language model. Let the user behavior sequence be 57} , and its corresponding

semantic embedding can be expressed as:

H=f,,,(X;6,) ¢y)

Where Jum represents the encoding function of the pre-trained language model, and % is
the frozen pre-trained parameter. To capture multi-scale semantic features, the hidden layer

representation is hierarchically decomposed, and a scale set §=18152505¢} is defined. The
feature representation at each scale is:

H = Pool . (H) @)

Pool

Here, sk represents a multi-granularity pooling operator based on scale sk , which is
used to extract semantic context at different levels. Through this multi-scale processing, the model
can establish a dynamic connection between global semantics and local preferences.

In the parameter efficiency phase, this paper introduces the multi-scale LoORA mechanism to

dxd
replace the traditional full fine-tuning method. For the language model weight matrix We R™ ,
LoRA decomposes its update into the form of a low-rank matrix pair:

AW =BA,Ae R” ,Be R™ ,r<<d 3)

This structure keeps the backbone parameters frozen and only learns the offset in the low-
dimensional direction through A and B, achieving fast migration and efficient fine-tuning. In a multi-
scale context, LORA modules at different semantic layers share some low-rank structures to achieve

(sk)
cross-scale feature coupling. Let AW be the adaptation matrix of the k-th scale, then:

AW =B A + 23" Align(B™, 40  (4)

J#k
Align(-)

alignment function between scales. This mechanism can share structural information between

Where A is the cross-scale alignment coefficient, and represents the feature
different semantic layers, thereby improving the overall consistency and generalization ability of the
model.

Next, in the fusion layer, a cross-scale attention mechanism is introduced to achieve adaptive
reconstruction of multi-scale semantic features. Given a multi-scale representation set Z , the fused
representation is defined as:
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Where q is the query vector, W is the scale-specific attention weight matrix, and %
represents the dynamic weight distribution at different scales. Through cross-scale weighted fusion,
the model can adaptively capture the contributions of different semantic granularities, achieving
multi-layer semantic comprehensive modeling for personalized recommendations.

Finally, to ensure semantic consistency and recommendation relevance, a joint optimization
objective function is designed, including reconstruction loss and semantic alignment regularization.
The overall objective function is defined as:

L :Lrec(Z7Y)+ﬁLalign(H(SI)’H(SZ)""’H(SK)) (6)

L . Ly,
Where ~ "¢ represents the reconstruction error term based on user-content matching, ~ “" is

used to constrain semantic consistency between multi-scale representations, and B is a trade-off
coefficient. This optimization objective enables the model to achieve multi-level semantic fusion and
personalized recommendations while maintaining efficient parameter updates, thereby constructing
a multi-scale LoRA fine-tuning framework that is both interpretable and generalizable.

IV. Performance Evaluation

A. Dataset

This study uses the MovieLens-1M dataset as the core experimental data source. The dataset
consists of movie ratings and user behavior records, containing about one million rating samples, six
thousand users, and four thousand movie entries. It covers films of various genres and release periods.
Each record includes user ID, movie ID, rating value, and timestamp, providing rich information
about user preferences and temporal dynamics. The dataset has a moderate scale, well-structured
labels, and general applicability. It ensures experimental reproducibility and serves as a standardized
validation platform for multi-scale fine-tuning and recommendation tasks based on large language
models.

In the data preprocessing stage, all user and item IDs were re-indexed to form continuous
encodings. The rating data were normalized to fit the model's numerical range. The textual features
include movie titles, genres, and summaries. These were processed through tokenization, stop-word
removal, and subword embedding before being fed into the language model encoder to capture
semantic relationships at the content level. In addition, user interaction histories were organized into
sequential form to model temporal behavior, enabling the model to learn the dynamic evolution of
user interests. This process provided structured input for subsequent multi-scale semantic extraction
and cross-scale representation alignment.

Finally, the cleaned and processed dataset was divided into training, validation, and test sets at
a ratio of 8:1:1 to ensure stability and fairness in model evaluation. The training set was used for
adaptive learning of multi-scale LoORA parameters, the validation set for adjusting cross-scale weights
and regularization strength, and the test set for assessing generalization on unseen data. The
MovieLens-1M dataset has been widely used in academic research. Its characteristics and user-item
interaction structure make it well-suited for evaluating the proposed large language model fine-
tuning framework in terms of semantic understanding and personalized modeling capability.

B. Experimental Results

This paper first conducts a comparative experiment, and the experimental results are shown in
Table 1.
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Table 1. Comparative experimental results.

Method Precision@K | NDCGe@K | Coverage | Recall@eK
Sslrec[22] 0.2764 0.3148 0.5821 0.2487
RAKCR][23] 0.2893 0.3286 0.6015 0.2624
SKGRec[24] 0.3051 0.3462 0.6158 0.2799
Mambadrec[25] | 0.3217 0.3651 0.6334 0.2935
CoDFi-DL[26] | 0.3368 0.3797 0.6462 0.3086
Perfedrec++[27] | 0.3482 0.3924 0.6629 0.3197
Ours 0.3725 0.4189 0.6895 0.3478

As shown in Table 1, the proposed multi-scale LoRA fine-tuning method achieves the best
overall performance, with clear gains in Precision@K, NDCG@K, Recall@K, and Coverage, indicating
more accurate Top-K ranking, stronger user-interest modeling, and improved diversity. These
improvements come from multi-scale semantic representations that capture both global and local
preferences, together with parameter sharing and cross-layer alignment that better preserve
structural information, reduce popularity bias, and surface long-tail items. We also evaluate learning-
rate sensitivity on Precision@K by varying the learning rate to analyze convergence stability versus
adaptation efficiency, aiming to identify ranges that maintain stable updates while preserving multi-
scale semantic consistency.

Figure 2 indicates that precision@K increases and then decreases as the learning rate rises,
peaking around 1x10*, which best balances update speed and convergence stability: too small a rate
slows semantic learning, while too large a rate causes oscillation and disrupts low-rank adaptation
and cross-scale fusion in multi-scale LoRA. Overall, the results confirm that careful learning-rate
control is crucial for stable multi-scale optimization and for capturing user—item semantic
relationships effectively. We also conduct an attention-head sensitivity study on Coverage.

Sensitivity of Learning Rate on Precision@K
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w
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NoWw
w o

Precision@K
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= - N
o w o
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0.00-

'\,9‘0‘) 53’05 ye—ob' 5G’OA ’;_2‘03 ‘36’03 '\,2‘0’1

Learning Rate

Figure 2. Experiment on the sensitivity of learning rate to the Precision@K metric.

As shown in Figure 3, Coverage increases with the number of attention heads (h) and then
slightly declines, peaking at (h=8), suggesting that a moderate head count best supports multi-level
semantic capture and diverse interest coverage in the multi-scale LoRA framework. Too few heads
limit multi-view fusion and long-tail learning, while too many introduce redundancy and
interference that harms global consistency. Overall, the results indicate that attention parallelism
granularity is critical for cross-scale semantic alignment, and an appropriate (h) balances global
semantics and local preferences to improve coverage and generalization with controlled
computational cost.
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Figure 3. Sensitivity experiment of the number of attention heads h to the coverage index.

V. Conclusion

This study focuses on a multi-scale LoRA fine-tuning recommendation algorithm based on large
language models, achieving deep integration of semantic understanding and personalized
recommendation from both theoretical modeling and structural design perspectives. The research
first introduces a multi-scale decomposition mechanism into the semantic modeling of recommender
systems, enabling the model to capture both global preferences and local behavioral features. Then,
through a low-rank parameterized LoRA module, the large model is efficiently fine-tuned across
different semantic layers with structural constraints. This design reduces training cost while
enhancing semantic transferability. Experimental results show that the proposed method performs
excellently across multiple core metrics, verifying its robustness and generalization in complex
scenarios. It provides a new technical pathway for the transformation of recommender systems from
feature-driven to semantic-driven approaches.

From an application perspective, the proposed framework can handle traditional user-content
recommendation tasks and has the potential to extend to cross-modal and cross-domain
recommendation. Through multi-scale semantic fusion and low-rank adaptation mechanisms, the
model effectively addresses challenges such as high-dimensional sparse features, heterogeneous
behavior patterns, and dynamic preferences. In practical applications, it contributes to improving
recommendation diversity and user satisfaction. Moreover, this method has significant value for
deployment in resource-constrained environments, as it reduces computational and storage costs
while maintaining high performance. This can accelerate the industrialization and intelligent
evolution of recommender systems. Future research may further explore the joint optimization of
multi-scale LoRA fine-tuning and generative recommendation models by integrating semantic
understanding, content generation, and personalized reasoning to build more adaptive and
interpretable recommendation systems. The proposed method can also be extended to multi-task
learning frameworks to unify recommendation, retrieval, prediction, and question-answering tasks.
With the continuous advancement of large language models in multi-domain knowledge integration,
this study's approach is expected to promote the development of recommender systems toward
greater intelligence, efficiency, and semantic depth, providing new theoretical and practical
foundations for intelligent information services and human-computer interaction.
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