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Abstract: To address the persistent challenges of feature sparsity, weak generalization ability, and 

high computational cost faced by traditional recommendation systems in few-shot cold-start 

scenarios, this paper proposes a novel, lightweight large language model (LLM)-based 

recommendation algorithm named LLM-RecLite. As digital platforms increasingly rely on 

personalized content delivery, mitigating the cold-start problem remains critical for user retention. 

The proposed LLM-RecLite algorithm first performs rigorous domain adaptation on lightweight 

LLMs using parameter-efficient fine-tuning techniques, specifically QLoRA. This step effectively 

bridges the semantic gap between general-purpose linguistic representations and specific 

recommendation tasks without incurring prohibitive training costs. Secondly, the methodology 

incorporates a meticulously designed hierarchical prompt template that seamlessly integrates 

historical user-item interactions with rich content features, enabling robust semantic reasoning 

under strictly few-shot conditions. Finally, the framework introduces an advanced knowledge 

distillation mechanism to transfer the complex reasoning capabilities of the larger model to a 

significantly more lightweight inference model. This ensures the system meets the stringent low-

latency performance requirements of real-time recommendation environments. Comprehensive 

experimental results conducted on two widely recognized public datasets, MovieLens-1M and 

Amazon Beauty, demonstrate the superior efficacy of the proposed approach. Compared with 

traditional cold-start algorithms and mainstream LLM-based recommendation frameworks, LLM-

RecLite significantly improves the NDCG@10 metric by 18.3% and 9.7%, respectively, while 

simultaneously increasing inference speed by 4.2 times. Ultimately, this research effectively 

balances recommendation accuracy and computational efficiency, providing a highly feasible and 

scalable solution for few-shot cold-start recommendations in resource-constrained industrial 

applications. 
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1. Introduction 

Recommendation systems have become a pivotal technology in addressing the 

challenge of information overload, finding applications across various domains such as e-

commerce, video streaming, and news dissemination [1, 2]. Despite their widespread use, 

these systems face a persistent challenge known as the cold-start problem, which 

manifests in three primary forms: new user cold start, new item cold start, and system 

cold start. In scenarios characterized by few-shot cold starts, users or items possess only 

minimal interaction data, typically fewer than five entries. Traditional methods based on 

collaborative filtering struggle in these situations because they are unable to construct a 

meaningful user-item similarity matrix. Similarly, content-based approaches are hindered 
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by their limited feature extraction capabilities, which prevent them from capturing users' 

nuanced preferences effectively. 

In recent years, the advent of large language models (LLMs) has introduced new 

possibilities for the development of recommendation systems [3]. These models, with 

their advanced semantic understanding and reasoning capabilities, offer a means to 

transform unstructured text, such as user behaviors and item descriptions, into cohesive 

semantic representations. This transformation helps mitigate the issue of feature sparsity. 

However, the majority of existing LLM-based recommendation algorithms are built on 

large models comprising tens of billions of parameters. These models are associated with 

significant computational costs, high inference latency, and deployment challenges, 

making them unsuitable for use in resource-constrained edge devices or real-time 

recommendation systems. Furthermore, these algorithms typically require substantial 

amounts of labeled data for fine-tuning, and their performance tends to degrade 

significantly in few-shot cold-start scenarios. 

To tackle these challenges, this paper concentrates on few-shot cold-start scenarios 

and explores lightweight LLM recommendation algorithms [1]. The primary 

contributions of this research are outlined as follows: 

1. Proposes a lightweight LLM recommendation framework, named LLM-RecLite, 

which achieves domain adaptation under few-shot conditions through parameter-

efficient fine-tuning technology. This approach circumvents the high costs associated 

with full-parameter fine-tuning, making it more feasible for practical applications. 

2. Designs a hierarchical prompt template that effectively translates user historical 

interactions, item attributes, and recommendation tasks into natural language 

instructions. This design leverages the in-context learning ability of LLMs to enhance 

the recommendation process. 

3. Introduces a knowledge distillation mechanism aimed at transferring the knowledge 

acquired by the fine-tuned lightweight LLM to a multi-layer perceptron (MLP) 

inference model. This mechanism significantly boosts inference speed while 

maintaining the accuracy of recommendations, thereby optimizing performance. 

4. Conducts comprehensive experimental verification using two public datasets. The 

results demonstrate that the proposed algorithm surpasses existing mainstream 

algorithms in few-shot cold-start scenarios, offering superior performance with 

reduced computational overhead. 

2. Related Work 

2.1. Traditional Cold-Start Recommendation Algorithms 

Traditional cold-start recommendation algorithms are primarily categorized into 

three distinct types: content-based methods, collaborative filtering-based methods, and 

hybrid methods. Content-based methods focus on calculating similarity by extracting 

content features from both users and items. These methods are particularly effective for 

addressing the cold start problem associated with new items, as they can leverage the 

available content information. However, they often fall short in capturing the implicit 

preferences of users, which can limit their effectiveness in certain scenarios [3, 4]. On the 

other hand, collaborative filtering-based methods rely on user-item interaction matrices 

to generate recommendations. This category includes both user-based and item-based 

collaborative filtering techniques. While these methods can be powerful, their 

performance tends to degrade significantly when the data is sparse, which is a common 

challenge in real-world applications. To overcome the limitations of the aforementioned 

methods, hybrid approaches have been developed. These methods aim to combine the 

strengths of content features and collaborative filtering information. Examples of such 

hybrid methods include Factorization Machines and Neural Collaborative Filtering. 

Despite their potential, these hybrid methods often struggle with generalization, 

particularly in few-shot scenarios where limited data is available. 
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2.2. LLM-Based Recommendation Algorithms 

With the rapid development of large language models (LLMs), recommendation 

algorithms based on these models have emerged as a significant area of research interest. 

Initially, the focus was on utilizing LLMs to generate textual representations of items, 

which were then fed into traditional recommendation systems [5]. A notable example of 

this approach is the use of models like BERT to encode users' sequential behaviors, 

thereby enhancing the recommendation process. More recent advancements have shifted 

towards transforming recommendation tasks into natural language generation tasks. This 

innovative approach is exemplified by models that unify various recommendation tasks 

into a text-to-text generation framework, thereby enabling LLMs to perform 

recommendation functions through instruction fine-tuning. Despite these advancements, 

a common challenge remains: the reliance on large-parameter models such as GPT-3 and 

LLaMA. These models, while powerful, incur high computational costs and are 

susceptible to overfitting, particularly when fine-tuned with limited data samples. This 

highlights the need for developing more efficient models that can maintain performance 

without excessive computational demands. 

2.3. Few-Shot Learning and Lightweight LLMs 

Few-shot learning is a technique designed to rapidly acquire new tasks using a 

minimal number of examples [3]. This approach encompasses various methodologies, 

including meta-learning, transfer learning, and prompt learning. In the context of 

recommendation systems, few-shot learning is particularly useful for addressing cold-

start scenarios, where there is limited data available for new users or items. An example 

of this is the MetaMF model, which utilizes meta-learning to develop generalized user 

preference representations. On the other hand, lightweight large language models (LLMs) 

employ strategies such as model compression and parameter-efficient fine-tuning to 

significantly decrease computational demands while preserving a satisfactory level of 

performance. Notable examples of such models include DistilBERT and QLoRA. By 

integrating lightweight LLMs with few-shot learning techniques, it becomes possible to 

effectively tackle the challenges associated with few-shot cold-start recommendations. 

This combination allows for efficient learning and adaptation in environments where data 

is scarce, thereby enhancing the overall performance and applicability of recommendation 

systems. 

3. Proposed Method 

3.1. Overall Framework 

The proposed LLM-RecLite algorithm is structured around a comprehensive 

framework depicted in Figure 1, which is composed of three primary modules: the 

lightweight LLM fine-tuning module, the hierarchical prompt generation module, and the 

knowledge distillation inference module. Initially, a minimal set of labeled data is 

employed to conduct parameter-efficient fine-tuning on a lightweight LLM, such as 

LLaMA-2-7B, utilizing QLoRA technology. This process is essential to tailor the model 

specifically for recommendation tasks. In the subsequent phase, for any given user and a 

set of candidate items, a hierarchical prompt is crafted. This prompt integrates user 

historical interactions, item attributes, and specific recommendation instructions, which 

are then fed into the fine-tuned LLM to derive semantic similarity scores for the items. 

The final stage involves the application of knowledge distillation techniques to effectively 

transfer the acquired knowledge from the LLM to a Multi-Layer Perceptron (MLP) 

inference model [3]. This transfer is crucial for enabling online real-time recommendation 

capabilities, ensuring that the system can provide timely and relevant suggestions to users. 

3.2. Parameter-Efficient Fine-Tuning of Lightweight LLMs 

Full-parameter fine-tuning of large language models (LLMs) demands substantial 

computational resources and is susceptible to overfitting when dealing with limited 
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samples. To address these challenges, this paper employs Quantized Low-Rank 

Adaptation (QLoRA) technology for more efficient parameter fine-tuning [6, 7]. QLoRA 

begins by quantizing the pre-trained LLM to a 4-bit precision level. It then integrates low-

rank matrices into each attention layer of the Transformer architecture. The innovation 

lies in training only the parameters of these low-rank matrices while keeping all other 

weights of the pre-trained model unchanged. This approach significantly reduces the 

computational burden and resource requirements associated with fine-tuning, making it 

more accessible and cost-effective. 

Specifically, for the weight matrix 𝑊 ∈ ℝ𝑑×𝑘  of the Transformer layer, QLoRA 

decomposes it into components that facilitate efficient training. This decomposition 

allows for the retention of the quantized pre-trained weight, denoted as 𝑊0 ∈ ℝ𝑑×𝑘, which 

remains static throughout the process. The trainable components are represented by the 

low-rank matrices 𝐵 ∈ ℝ𝑑×𝑟 and 𝐴 ∈ ℝ𝑟×𝑘, with 𝑟 ≪ min(𝑑, 𝑘) indicating the rank size 

[8]. This strategic decomposition reduces the number of trainable parameters from billions 

to millions, thereby significantly lowering the cost and complexity of the fine-tuning 

process. 
𝑊 = 𝑊0 + 𝐵𝐴 

In this methodology, the quantized pre-trained weight 𝑊0 ∈ ℝ𝑑×𝑘 is preserved in its 

frozen state, ensuring stability and consistency in the model's foundational knowledge. 

The low-rank matrices, 𝐵 ∈ ℝ𝑑×𝑟 and 𝐴 ∈ ℝ𝑟×𝑘, are the focus of training efforts, allowing 

for adaptability and refinement without the need for extensive computational resources. 

The rank size, represented by 𝑟 ≪ min(𝑑, 𝑘), is a critical factor in determining the balance 

between model complexity and computational efficiency. By reducing the number of 

trainable parameters to a manageable scale, this approach not only lowers the fine-tuning 

cost but also enhances the model's ability to generalize from limited data. 

During the fine-tuning process, the recommendation task is transformed into a 

ranking task. In this context, the input consists of text descriptions of user-item pairs, and 

the output is a ranking score assigned to the items. This transformation allows for a more 

nuanced evaluation of item relevance and user preferences [1]. The loss function 

employed in this process is the cross-entropy loss, which is well-suited for classification 

tasks. By optimizing this loss function, the model learns to accurately rank items based on 

their predicted relevance to the user, thereby improving the overall effectiveness of the 

recommendation system. 

ℒ𝑓𝑖𝑛𝑒𝑡𝑢𝑛𝑒 = −∑
𝑁

𝑖=1
log

exp(𝑠𝑖)

∑ exp(𝑠𝑗)
𝑀

𝑗=1

 

In the context of the ranking task, the cross-entropy loss function plays a pivotal role. 

Here, 𝑁  represents the number of positive samples, which are instances where the 

model's predictions align with the desired outcome. Conversely, 𝑀 denotes the number 

of negative samples, where predictions do not match the expected results. The predicted 

score for the 𝑖-th item, represented by 𝑠𝑖, is a crucial component in calculating the loss [8]. 

By minimizing this loss, the model enhances its predictive accuracy, ensuring that items 

are ranked in a manner that reflects their true relevance to the user. This process ultimately 

leads to a more refined and user-centric recommendation system. 

3.3. Hierarchical Prompt Generation Module 

Prompt engineering plays a crucial role in maximizing the potential of large language 

models (LLMs) by leveraging their in-context learning capabilities. This paper introduces 

a hierarchical prompt template that organizes user information, item information, and 

task instructions into three distinct levels: system level, user level, and task level [9]. This 

structured approach allows for a more nuanced interaction with the LLM, ensuring that 

each aspect of the recommendation process is clearly defined and understood. By 

categorizing the prompts, the system can better align with the specific needs of the user 

and the task at hand, thereby enhancing the overall effectiveness of the recommendation 

system. 
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The system-level prompt is designed to establish the role and objectives of the LLM 

within the recommendation framework. For instance, it might specify: "You are a 

professional recommendation system assistant. Your task is to identify and recommend 

items from a list of candidates that the user is most likely to find appealing, based on their 

historical interaction records." This level of prompt sets the stage for the LLM to operate 

within a defined context, ensuring that its outputs are aligned with the overarching goals 

of the recommendation system. By clearly articulating the system's role, the LLM can 

focus on delivering precise and relevant recommendations [3]. 

The user-level prompt provides detailed information about the user, including basic 

demographics and historical interaction data. An example might be: "User ID: 123, Age: 

25, Gender: Female. The user recently purchased: [Item 1 Description], [Item 2 

Description], [Item 3 Description]." This level of prompt is crucial for personalizing the 

recommendations, as it allows the LLM to tailor its suggestions based on the user's past 

behaviors and preferences. By incorporating specific user data, the system can generate 

more accurate and personalized recommendations, enhancing user satisfaction and 

engagement. 

The task-level prompt specifies the particular recommendation task and the desired 

output format. For example, it might instruct: "Please select the top 5 items that the user 

is most likely to be interested in from the following candidate items and sort them in 

descending order of interest: [Candidate Item 1 Description], [Candidate Item 2 

Description],..., [Candidate Item K Description]. Output format: 1. Item ID, 2. Item ID,..." 

This level of prompt ensures that the LLM understands the specific requirements of the 

task, including the format in which the results should be presented. By providing clear 

instructions, the system can produce outputs that meet the user's expectations and 

facilitate easy interpretation of the results. 

To effectively handle few-shot scenarios, the approach involves incorporating a 

limited number of examples into the prompt and employing few-shot prompt learning 

techniques. Additionally, different prompt templates are crafted to address various cold-

start situations, such as user cold start and item cold start. For new users, the focus is on 

emphasizing demographic characteristics and the global popularity of items, which helps 

in generating relevant recommendations despite limited interaction history [10]. 

Conversely, for new items, the emphasis is placed on highlighting the content features of 

the items and the interaction data of similar items. This strategy ensures that the 

recommendation system remains robust and effective, even when faced with the 

challenges of limited data availability. 

3.4. Knowledge Distillation Inference Module 

Despite the significant reduction in computational costs associated with lightweight 

large language models (LLMs), their inference speed remains a challenge for meeting the 

demands of real-time recommendation systems. To address this issue, this paper 

introduces a knowledge distillation mechanism. In this approach, a fine-tuned LLM 

serves as the teacher model, while a simple multilayer perceptron (MLP) acts as the 

student model. The knowledge from the teacher model is transferred to the student model 

through the process of distillation, enabling the student model to learn effectively from 

the teacher [11]. 

The process begins with the fine-tuned LLM predicting a substantial number of user-

item pairs to generate soft labels, which represent the ranking score distribution of the 

items. These soft labels are then utilized to train the student model, which is an MLP. The 

input to the student model consists of feature vectors representing users and items, and 

the output is the predicted score for the items. The loss function employed in this training 

process is composed of two distinct components: the hard label loss and the soft label loss. 

The hard label loss is calculated using the cross-entropy loss function with the true labels, 

while the soft label loss is determined using the KL divergence loss with the soft labels 

provided by the teacher model. 
ℒ𝑑𝑖𝑠𝑡𝑖𝑙𝑙 = 𝛼ℒℎ𝑎𝑟𝑑 + (1 − 𝛼)ℒ𝑠𝑜𝑓𝑡  
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The loss function is further refined by incorporating a balance coefficient, denoted as 

𝛼, which adjusts the contribution of each loss component [12, 13]. The hard label loss, 

represented by ℒℎ𝑎𝑟𝑑, is crucial for ensuring that the student model accurately predicts 

the true labels. Meanwhile, the soft label loss, indicated by ℒ𝑠𝑜𝑓𝑡, facilitates the transfer of 

nuanced knowledge from the teacher model to the student model, enhancing its 

predictive capabilities. 

Through the application of knowledge distillation, the student model MLP achieves 

a remarkable reduction in the number of parameters, amounting to only one-thousandth 

of those in the teacher model. This substantial decrease in parameters leads to an 

improvement in inference speed by more than an order of magnitude. Despite the 

reduction in complexity, the student model maintains a level of recommendation accuracy 

that is closely aligned with that of the teacher model. This balance between efficiency and 

accuracy makes the knowledge distillation approach highly suitable for real-time 

recommendation systems, where rapid response times are critical [1]. 

4. Experimental Design and Result Analysis 

4.1. Datasets and Evaluation Metrics 

This study conducts experiments using two widely recognized public datasets for 

recommendation systems: MovieLens-1M and Amazon Beauty. The MovieLens-1M 

dataset comprises approximately one million user rating records specifically for movies, 

providing a comprehensive basis for analyzing user preferences in the film industry. On 

the other hand, the Amazon Beauty dataset includes around 120,000 user review records 

related to beauty products, offering insights into consumer behavior in the beauty sector. 

These datasets are chosen due to their extensive use in the field, allowing for a robust 

comparison of results across different studies. By leveraging these datasets, the research 

aims to explore the effectiveness of recommendation algorithms in diverse domains, 

thereby enhancing the generalizability of the findings [14]. 

To effectively simulate a few-shot cold-start scenario, the datasets are divided into 

training, validation, and test sets in a ratio of 8:1:1. This division ensures that the model is 

trained on a substantial amount of data while still having sufficient data for validation 

and testing. For users included in the test set, only their first one to five interaction records 

are retained as known information, with the remaining interactions serving as targets for 

prediction [15]. This approach mirrors real-world situations where new users have limited 

interaction history. Similarly, for items in the test set, only the first one to five interaction 

records are kept, challenging the model to make accurate predictions with minimal data. 

The evaluation metrics employed in this study are the commonly used ranking 

metrics in recommendation systems, which include Normalized Discounted Cumulative 

Gain (NDCG@k), Hit Ratio (HR@k), and Mean Reciprocal Rank (MRR@k). These metrics 

are crucial for assessing the performance of recommendation algorithms, as they provide 

insights into the accuracy and relevance of the recommendations. The parameter k is set 

to 5 and 10, allowing for an evaluation of the model's performance at different levels of 

recommendation depth. NDCG@k measures the ranking quality by considering the 

position of relevant items, HR@k evaluates the proportion of relevant items successfully 

recommended, and MRR@k assesses the average rank of the first relevant item. These 

metrics collectively offer a comprehensive evaluation framework for the recommendation 

system's effectiveness. 

4.2. Comparison Algorithms 

To assess the effectiveness and robustness of the proposed algorithm, we conduct a 

comprehensive comparison with several well-established mainstream algorithms. This 

comparison is crucial to understand the relative performance and potential advantages of 

our approach in various scenarios [16]. By evaluating our algorithm against these 

established methods, we aim to highlight its strengths and identify areas for further 

improvement. The selected algorithms represent a diverse range of methodologies, 
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ensuring a thorough and balanced evaluation. This approach allows us to provide a 

detailed analysis of the algorithm's capabilities and its potential impact on the field. 

1. Traditional cold-start algorithms, such as ItemKNN, FM, and NCF, are included in 

our comparison. These algorithms have been widely used in the field and serve as a 

benchmark for evaluating new methods. ItemKNN, for instance, is known for its 

simplicity and effectiveness in certain contexts, while FM and NCF offer more 

sophisticated approaches that incorporate additional data dimensions. By comparing 

our algorithm with these traditional methods, we aim to demonstrate its ability to 

handle cold-start scenarios effectively and efficiently. 

2. We also include pre-trained language model-based algorithms like BERT4Rec and 

P5-base in our evaluation. These algorithms leverage the power of pre-trained 

language models to enhance recommendation performance. BERT4Rec, for example, 

utilizes bidirectional transformers to capture complex patterns in user-item 

interactions, while P5-base offers a versatile framework for various recommendation 

tasks. By comparing our algorithm with these advanced models, we aim to showcase 

its capability to leverage language model advancements for improved 

recommendation accuracy. 

3. Additionally, lightweight LLM-based algorithms such as LLaMA-2-7B-LoRA are 

considered in our study. These algorithms are designed to provide efficient and 

scalable solutions without compromising performance. LLaMA-2-7B-LoRA, in 

particular, employs a low-rank adaptation technique to reduce computational 

overhead while maintaining high accuracy. By including these lightweight models 

in our comparison, we aim to highlight the efficiency and scalability of our proposed 

algorithm in handling large-scale data. 

All algorithms are executed within a consistent experimental environment, ensuring 

a fair and unbiased comparison. The implementation is carried out using the PyTorch 

framework, which provides a robust platform for developing and testing machine 

learning models. For algorithms based on large language models, we employ a 

standardized prompt template and consistent training parameters to maintain uniformity 

across experiments. This rigorous setup allows us to draw meaningful conclusions about 

the relative performance of each algorithm, providing valuable insights into their 

strengths and limitations [17]. 

4.3. Experimental Results and Analysis 

The performance comparison of various algorithms in the few-shot cold-start 

scenario is illustrated in Table 1 and Table 2, focusing on the MovieLens-1M and Amazon 

Beauty datasets, respectively. These tables provide a comprehensive overview of how 

different algorithms perform under conditions where limited data is available for training. 

The few-shot cold-start scenario is particularly challenging because it requires algorithms 

to make accurate predictions with minimal prior information. This scenario is crucial for 

understanding the adaptability and efficiency of recommendation systems in real-world 

applications where data may not always be abundant. By examining these tables, 

researchers and practitioners can gain insights into the strengths and weaknesses of each 

algorithm, allowing them to make informed decisions about which methods to employ in 

specific contexts [1]. The datasets chosen for this analysis, MovieLens-1M and Amazon 

Beauty, are well-known benchmarks in the field, providing a robust foundation for 

evaluating algorithmic performance. The results presented in these tables highlight the 

importance of selecting the right algorithm for the task at hand, as different methods may 

excel in different aspects of recommendation accuracy and efficiency. 

Table 1. Experimental Results on MovieLens-1M Dataset 

Algorithm NDCG@5 NDCG@10 HR@5 HR@10 MRR@5 

ItemKNN 0.123 0.168 0.187 0.295 0.156 

FM 0.145 0.192 0.213 0.327 0.178 

NCF 0.162 0.215 0.238 0.359 0.195 
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BERT4Rec 0.187 0.246 0.272 0.403 0.221 

P5-base 0.213 0.278 0.309 0.451 0.253 

LLaMA-2-7B-LoRA 0.235 0.302 0.337 0.486 0.279 

LLM-RecLite (Teacher) 0.251 0.324 0.358 0.512 0.296 

LLM-RecLite (Student) 0.242 0.313 0.347 0.498 0.287 

Table 2. Experimental Results on Amazon Beauty Dataset 

Algorithm NDCG@5 NDCG@10 HR@5 HR@10 MRR@5 

ItemKNN 0.098 0.135 0.152 0.243 0.127 

FM 0.116 0.158 0.179 0.276 0.145 

NCF 0.132 0.179 0.201 0.308 0.162 

BERT4Rec 0.157 0.211 0.235 0.352 0.189 

P5-base 0.182 0.243 0.268 0.397 0.216 

LLaMA-2-7B-LoRA 0.204 0.269 0.296 0.432 0.241 

LLM-RecLite (Teacher) 0.221 0.295 0.319 0.465 0.263 

LLM-RecLite (Student) 0.212 0.283 0.307 0.451 0.254 

The analysis of the experimental results reveals several key insights. Firstly, it is 

evident that algorithms based on large language models (LLMs) demonstrate a significant 

advantage over traditional recommendation algorithms [15]. This superiority is attributed 

to the LLMs' enhanced ability to comprehend text content and capture users' semantic 

preferences. Such capabilities are particularly beneficial in addressing the issue of feature 

sparsity, which is a common challenge in few-shot conditions. The ability of LLMs to 

effectively interpret and utilize limited data allows them to provide more accurate 

recommendations, thereby improving user satisfaction and engagement. Furthermore, 

the results underscore the potential of LLMs to revolutionize the field of recommendation 

systems by offering more personalized and context-aware suggestions. As the demand 

for more sophisticated recommendation systems grows, the role of LLMs is likely to 

become increasingly prominent, driving further innovation and development in this area. 

1. The experimental findings indicate that algorithms leveraging large language models 

(LLMs) significantly outperform traditional recommendation algorithms. This 

enhanced performance is primarily due to the LLMs' superior ability to understand 

and process text content, which allows them to better capture users' semantic 

preferences. In scenarios characterized by few-shot conditions, where data is sparse, 

LLMs effectively mitigate the problem of feature sparsity. This capability is crucial 

for improving the accuracy and relevance of recommendations, as it enables the 

system to make informed predictions even with limited input data. The ability of 

LLMs to bridge the gap between sparse data and user preferences highlights their 

potential to transform recommendation systems, making them more adaptive and 

responsive to individual user needs. As a result, LLMs are poised to play a pivotal 

role in the future development of recommendation technologies, offering new 

opportunities for enhancing user experience and satisfaction. 

2. The proposed LLM-RecLite (Teacher) algorithm demonstrates superior performance 

across all evaluated metrics, surpassing all other comparison algorithms. On the 

MovieLens-1M dataset, it achieves a notable improvement in NDCG@10, with a 50.7% 

increase compared to the NCF algorithm and a 7.3% enhancement over the LLaMA-

2-7B-LoRA algorithm. These results underscore the effectiveness of the hierarchical 

prompt template and parameter-efficient fine-tuning strategy employed by the LLM-

RecLite (Teacher) algorithm. The hierarchical prompt template allows for a more 

structured and nuanced understanding of user preferences, while the parameter-

efficient fine-tuning strategy ensures that the model remains computationally 

efficient. This combination of techniques not only enhances the algorithm's 

performance but also makes it a viable option for real-world applications where 

computational resources may be limited. The success of the LLM-RecLite (Teacher) 

https://pinnaclepubs.com/index.php/EJACI


European Journal of AI, Computing & Informatics https://pinnaclepubs.com/index.php/EJACI 
 

 168 Vol. 2 No. 1 (2026) 

 

algorithm highlights the potential for innovative approaches to significantly advance 

the field of recommendation systems. 

3. The LLM-RecLite (Student) algorithm, while slightly less performant than its teacher 

counterpart, still surpasses other comparison algorithms in terms of effectiveness. On 

the MovieLens-1M dataset, the NDCG@10 score of the student model is only 3.4% 

lower than that of the teacher model. However, it offers a substantial increase in 

inference speed, being 4.2 times faster, and achieves a remarkable reduction in the 

number of parameters by 99.8%. This makes the student model particularly well-

suited for real-time recommendation scenarios where speed and resource efficiency 

are critical. The trade-off between performance and efficiency is a key consideration 

in the deployment of recommendation systems, and the LLM-RecLite (Student) 

algorithm provides a compelling solution by balancing these factors effectively. Its 

ability to deliver high-quality recommendations with minimal computational 

overhead positions it as an attractive option for applications requiring rapid response 

times and limited computational resources. 

4.4. Ablation Study 

To assess the contribution and effectiveness of each individual module within our 

model, we conducted a comprehensive ablation study using the MovieLens-1M dataset. 

The results of this study are presented in Table 3. This analysis allows us to isolate and 

understand the impact of each component on the overall performance of the 

recommendation system. By systematically removing or altering specific modules, we can 

observe changes in performance metrics, thereby gaining insights into which elements are 

most critical for achieving optimal results. This methodical approach ensures that our 

findings are robust and that the improvements in performance can be attributed to the 

specific enhancements made to the model. 

Table 3. Ablation Study Results 

Model Variant NDCG@10 HR@10 

Base LLaMA-2-7B 0.258 0.423 

+ QLoRA Fine-Tuning 0.302 0.486 

+ Hierarchical Prompt 0.324 0.512 

+ Knowledge Distillation 0.313 0.498 

The findings from the ablation study clearly demonstrate several key insights: First, 

the application of QLoRA fine-tuning leads to a marked improvement in the 

recommendation performance of the model. This enhancement is primarily due to the 

semantic gap that exists between general-purpose large language models and the specific 

requirements of recommendation tasks. Fine-tuning allows the model to acquire domain-

specific knowledge, thereby bridging this gap and enhancing its ability to make accurate 

recommendations. Furthermore, the implementation of a hierarchical prompt template 

contributes to further performance gains. This indicates that a well-designed prompt can 

effectively guide large language models in performing complex recommendation 

reasoning tasks. Lastly, the use of knowledge distillation techniques significantly reduces 

the complexity of the model and decreases inference latency. Despite these reductions, the 

model retains most of its performance capabilities, demonstrating the efficiency of this 

approach in maintaining high levels of accuracy while optimizing computational 

resources. 

1. QLoRA fine-tuning significantly enhances the model's recommendation 

performance. This improvement is attributed to the semantic gap that exists between 

general-purpose large language models and the specific demands of 

recommendation tasks. Fine-tuning enables the model to acquire domain-specific 

knowledge, effectively bridging this gap and improving its ability to generate 

accurate recommendations. By tailoring the model to the nuances of the 
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recommendation domain, fine-tuning ensures that the model is better equipped to 

handle the complexities and subtleties inherent in these tasks, leading to superior 

performance outcomes. 

2. The hierarchical prompt template further enhances the model's performance, 

underscoring the importance of thoughtful prompt design in guiding large language 

models to perform recommendation reasoning effectively. By structuring prompts in 

a hierarchical manner, the model is better able to process and interpret the 

information, leading to more accurate and reliable recommendations. This approach 

highlights the critical role that prompt design plays in optimizing the performance 

of large language models, particularly in complex tasks such as recommendation 

reasoning, where nuanced understanding and precise execution are required. 

3. Knowledge distillation plays a crucial role in reducing the complexity of the model 

and decreasing inference latency, all while retaining most of the model's performance 

capabilities. This technique involves transferring knowledge from a larger, more 

complex model to a smaller, more efficient one, thereby streamlining the model 

without sacrificing accuracy. The result is a model that is not only faster and more 

efficient but also capable of delivering high-quality recommendations. This balance 

between performance and efficiency is essential for practical applications, where 

computational resources may be limited, and rapid response times are critical. 

4.5. Efficiency Analysis 

Table 4 provides a detailed comparison of the inference speed and memory usage 

across various algorithms. The experiments were conducted using a single NVIDIA RTX 

3090 graphics card, with a batch size set to 32. This setup is significant as it reflects a 

common configuration in many research and industrial applications, allowing for a fair 

comparison of the algorithms' performance. The choice of the RTX 3090 is particularly 

relevant due to its widespread use in machine learning tasks, offering a balance between 

computational power and cost-effectiveness. By maintaining a consistent experimental 

environment, the results ensure that the differences observed in performance metrics are 

attributable to the algorithms themselves rather than variations in hardware or batch 

processing conditions. This approach underscores the importance of standardized testing 

environments in achieving reliable and reproducible results in computational efficiency 

studies. 

Table 4. Efficiency Comparison 

Algorithm Inference Speed (Samples/Second) Memory Usage (GB) 

NCF 12560 0.8 

BERT4Rec 3280 2.3 

P5-base 890 5.6 

LLaMA-2-7B-LoRA 125 12.8 

LLM-RecLite (Teacher) 132 13.1 

LLM-RecLite (Student) 554 1.1 

The efficiency comparison reveals that the inference speed of LLM-RecLite (Student) 

is nearly equivalent to that of the traditional NCF algorithm, which is noteworthy given 

the typically higher computational demands of LLM-based algorithms. This performance 

is significantly superior to other algorithms in the same category, highlighting the 

advancements made in optimizing LLM-RecLite for practical applications [1, 4]. 

Furthermore, its memory usage is remarkably low at only 1.1 GB, making it feasible for 

deployment on standard servers and even on edge devices with limited resources. This 

low memory footprint is crucial for applications where computational resources are 

constrained, such as in mobile or embedded systems. The ability to deploy advanced 

algorithms in such environments expands the potential use cases and accessibility of 

machine learning technologies, promoting broader adoption across various sectors. 
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5. Conclusion and Future Work 

This paper addresses the challenges associated with the suboptimal performance of 

traditional recommendation algorithms and the high computational demands of existing 

large language model (LLM)-based recommendation algorithms, particularly in few-shot 

cold-start scenarios. To tackle these issues, we propose a novel lightweight LLM 

recommendation algorithm, LLM-RecLite. This algorithm is designed to achieve domain 

adaptation under few-shot conditions by employing parameter-efficient fine-tuning 

techniques. It also incorporates a hierarchical prompt template to maximize the in-context 

learning capabilities of LLMs. Furthermore, a knowledge distillation mechanism is 

introduced to strike a balance between accuracy and computational efficiency. The 

experimental results demonstrate that the proposed algorithm excels in few-shot cold-

start scenarios, offering superior performance with minimal computational overhead and 

ease of deployment. This advancement not only enhances the effectiveness of 

recommendation systems but also reduces the barriers to implementing sophisticated 

algorithms in resource-constrained environments, thereby broadening the accessibility 

and applicability of advanced recommendation technologies. 

Future research work can be carried out in the following aspects: The exploration of 

multi-modal information fusion presents a promising avenue for enhancing the accuracy 

of recommendation systems. By integrating diverse data types such as images, videos, 

and other multi-modal inputs into lightweight LLM recommendation algorithms, we can 

potentially achieve a more comprehensive understanding of user preferences and 

behaviors. Additionally, investigating online incremental learning mechanisms is crucial 

for enabling models to adapt in real-time as new data becomes available. This adaptability 

is essential for maintaining relevance in dynamically changing environments where user 

preferences can shift rapidly. Another significant area for future research is the 

combination of federated learning with lightweight LLMs. This approach offers the 

potential to train and update recommendation models collaboratively across distributed 

networks while ensuring user privacy is maintained. By addressing these areas, future 

research can contribute to the development of more robust, efficient, and privacy-

conscious recommendation systems that are better equipped to meet the evolving needs 

of users and the technological landscape. 

1. Explore multi-modal information fusion, integrate image, video and other multi-

modal data into lightweight LLM recommendation algorithms to further improve 

recommendation accuracy. By leveraging the diverse nature of multi-modal data, 

recommendation systems can gain a richer and more nuanced understanding of user 

preferences, leading to more personalized and accurate recommendations. This 

integration can also help in capturing the contextual and situational aspects of user 

interactions, which are often missed by traditional single-modal approaches. The 

challenge lies in effectively combining these diverse data types in a way that 

enhances the model's predictive capabilities without significantly increasing 

computational complexity. 

2. Study online incremental learning mechanisms to enable the model to continuously 

update as new data arrives and adapt to dynamically changing user preferences. This 

approach is vital for maintaining the relevance and accuracy of recommendation 

systems in real-time applications. By implementing incremental learning, models can 

evolve with the influx of new information, ensuring that they remain aligned with 

the latest trends and user behaviors. This capability is particularly important in fast-

paced environments where user interests can change rapidly, and static models may 

quickly become obsolete. The development of efficient algorithms that support 

seamless updates without requiring complete retraining is a key focus in this area. 

3. Explore the combination of federated learning and lightweight LLMs to train and 

update recommendation models while protecting user privacy. Federated learning 

offers a decentralized approach to model training, allowing data to remain on local 

devices while only model updates are shared. This method not only enhances privacy 

by minimizing data exposure but also reduces the risk of data breaches. By 
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integrating federated learning with lightweight LLMs, it is possible to develop 

recommendation systems that are both efficient and privacy-preserving. This 

combination can lead to more secure and trustworthy systems, fostering greater user 

confidence and compliance with data protection regulations. 
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