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Abstract 

E-commerce has become one of the most widely used digital applications globally, enabling personalized product discovery and purchasing. To 

support these services, recommender systems are essential, offering item suggestions based on user preferences. Most recommender systems rely 

on machine learning algorithms to estimate user-item relevance scores, often utilizing product ratings. However, a persistent challenge in this 

domain is the issue of data sparsity, where only a small fraction of users provides explicit ratings, leading to reduced accuracy in recommendation 

results. In this study, we introduce a novel hybrid recommendation algorithm, named AMIKOM-RECSYS, designed to address the sparsity 

problem and enhance rating prediction. Our model integrates three main components included a Large Language Model (LLM) using ChatGPT, 

a Transformer-based encoder (BERT), and Probabilistic Matrix Factorization (PMF). The LLM generates descriptive information about movies 

based on specific prompts, which is then passed to BERT to encode the content into meaningful 2D vector representations. These enriched 

embeddings are subsequently utilized by the PMF algorithm to predict missing user-item ratings. We evaluate the proposed model on two 

benchmark datasets, ML-1M and ML-10M using Root Mean Squared Error (RMSE) as the evaluation metric. The AMIKOM-RECSYS model 

achieved RMSE values of 0.8681 on ML-1M and 0.7791 on ML-10M under a 50:50 data split, outperforming several baseline models including 

CNN-PMF, LSTM-PMF, and Attention-PMF. These results highlight the effectiveness of integrating LLM and Transformer-based contextual 

understanding into matrix factorization frameworks. In future work, we plan to extend this framework by incorporating other matrix factorization 

techniques such as Singular Value Decomposition (SVD) and integrating additional sources of user information, including social media activity, 

to further improve recommendation performance. 
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1. Introduction  

E-commerce is specific term for online transaction through internet platform. Began in early 1990, Amazon as an 

online shop for book commerce initiated to developed product recommendation. The company become the most 

successful e-commerce business company. Amazon is the pioneer of recommender system adoption in e-commerce. 

Many large companies expanded to online commerce, for instance Netflix for movie business, iTunes for music, 

Google store for application, Uber and Grab car for online transportation, YouTube as a video portal, and Facebook 

for social media application. All of them are the example of major popular application that required recommender 

system [1]. 

The adoption of recommender system influenced the successful of e-commerce business. The recommender system 

made customer choose the product easily. The adoption of recommender system also influenced customer loyalty 

which will encourage customers to make repeat transactions. The loyal customer influenced growth revenue of e-

commerce business. Recommender system also a part of automatically algorithm to support customer in making fit 

decision. The adoption of recommender system is a suitable strategy to handle flooding information in big data era due 

to social media application [2]. Collaborative filtering is the most popular algorithm to build e-commerce recommender 

system. Collaborative filtering owned some benefit such as effective in product recommendation result and supporting 

integration with various types of information. The algorithm of collaborative filtering relies on product rating to 
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produce recommendation. Rating is satisfied expression for product or services. In early developing collaborative 

filtering algorithm, they used traditional nearest neighbor commonly known as memory-based methods. Unfortunately, 

memory-based system faced the shortcoming in high computation cost, difficulty in applying them to small datasets, 

incompatibility with integrated information resources, and the need for extensive training. Indeed, memory-based 

systems owned the benefit in terms of ease of implementation, no need for training, and simple algorithm Most nearest 

neighbor model-based recommendation systems adopt statistical approach such as Cosine, Adjust Cosine, Spearman 

rank, and Pearson [3].  

Model based also popular called latent factor model become a solution approach to handle the weakness of memory-

based model. Most model-based algorithm involve matrix factorization. Matrix factorization is responsible for 

generating rating prediction, where they computed the intersection between product and customer based on rating. The 

adoption of matrix factorization has successfully improved the performance of memory-based approach. The big 

momentum of model-based approach performance was shown in the Netflix competition in 2006. The challenge in this 

competition was that the new model had to improve performance by 10% over the existing Netflix recommender system 

algorithm [4].  

The adoption of model-based using matrix factorization successfully enhanced the performance of memory-based 

approaches. There are several popular matrix factorization models in model-based approaches such as Singular Value 

Decomposition (SVD) [5], [6], [7], Probabilistic Matrix Factorization (PMF) [8], and SVD++ [9]. The matrix 

factorization work by decreases the density of the consuming-product engagement matrix, thereby facilitating the 

identification of hidden correlations in customer preferences and item attributes. Even though the matrix factorization 

achieved better performance, the matrix factorization faces cold start and matrix sparsity problem. The cold start 

problem arises from new consumers who lack past activity, while matrix sparsity is caused by minimum ratings in the 

dataset. Specifically for matrix sparsity issue, the performance of matrix factorization task decreases significantly when 

faced with minimum rating [10].  

The issue of matrix sparsity is a serious concern for both researchers and industrialists. To overcome the sparsity 

problem, most researchers attempt to enhance algorithm by using auxiliary or side information [11]. Side information 

refers to the information owned by consumer of product information [12]. Consumer information includes demographic 

information, consumer purchasing activity, and social media activity. Product information includes product description, 

product review information, product testimony, and product category. There is a vast amounts of information about 

product and consumer information in Big Data era. Moreover, the adoption of social media application in large society 

population produced huge information. This huge information has the potential to be implemented in recommender 

system application. 

In the initial model, Koren [13] proposed incorporating product information in the form of timestamps into matrix 

factorization. According to experimental report, the adoption of timestamp into SVD demonstrated improved 

performance compared to the generic SVD. Aiming to enhance the adoption of side information, Koren implemented 

product taxonomy [14], [15]. The shortcoming of several studies above is the adoption of simple interpretation of 

product information. 

The integration of matrix factorization model became popular approach in the early 2010s, as seen in the adoption of 

statistical approach to calculate product information understanding. They used a popular NLP approach called topic 

modelling to capture product information meaning. The product information in this study refers to product review [16]. 

According to previous works on enhancing matrix factorization with side information, the model faces the shortcoming 

in contextual understanding from an NLP perspective. The shortcoming of the model is its failure to capture the 

contextual understanding of product reviews.  

Capturing the contextual understanding of product document in recommender system application meets serious issue. 

To address the problem, several researchers proposed novel models with deep learning algorithm, i.e. a recommender 

system model with an Auto Encoder (AE) and PMF model called Collaborative Deep Learning (CDL) [17]. The model 

was successfully implemented on real datasets and achieved better performance over statistical approach in previous 

work. From a contextual perspective, AE algorithm fails to capture product document contextual. To overcome this 

problem, some researcher proposed novel model on deep learning algorithm to increase performance in capturing 
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contextual understanding such as Graph Convolutional Neural Network (CNN) [18], Long Short-Term Memory 

(LSTM), Stack Denoising Auto Encoder (SDAE) and Attention mechanism. Several models also integrated the matrix 

factorization with Word Embedding model such as GloVe, Fasttext, and Word to Vec. The adoption of deep learning 

model and word embedding platform aim to enhance the algorithm in capturing context with two mechanisms including 

detected word order and subtle word. Indeed, capturing contexl in recent year is challenges, therefore, we attempt to 

enhance matrix factorization with novel hybrid algorithm in this study. 

Building on the earlier explanation, the issue extends beyond just contextual understanding to the inherent bias present 

in customer reviews. Each review reflects a unique perspective shaped by individual preferences, experiences, and 

subjective opinions, making it difficult for the recommender system to accurately interpret the true value of a product 

or movie. Unlike numerical ratings, which provide a clear scalar value, textual reviews often convey conflicting 

sentiments within a single response. This presents a challenge, as a reviewer might praise certain aspects of a movie 

while simultaneously offering critical feedback. 

According to the shortcoming of the existing research on the e-commerce recommender system problem and the 

potential enhancement of recommendation task performance, we have described our contribution as follows. First, we 

generate movie knowledge information using LLM based on ChatGPT. This knowledge is a representation of the 

quality of product knowledge generated automatically using LLM. The LLM model produced product knowledge with 

deeper dimensional context, semantic and knowledge. Second, we adopt BERT for feature extraction to convert product 

information obtained from LLM. Third, the transformer model is utilized to gather information from product opinion 

and convert it into a 2D latent space. The transformer model is then integrated into matrix factorization, with the goal 

of producing rating predictions. Furthermore, we adopt a hybrid algorithm in which transformer models are used to 

represent both consumer and product information, and these representations are incorporated into matrix factorization 

to further improve recommendation accuracy. 

2. Literature Review 

Recommender systems play a crucial role in stimulating revenue growth for e-commerce businesses. Successful 

adoption of a recommender system has a significant impact on revenue growth. However, recommender systems 

continue to struggle with the matrix sparsity problem. The minimum rating is the root cause of the problem. It 

influences the recommendation result, which may be deemed unsuitable for the consumer. Eventually, this will lead to 

a decline in market sales. Therefore, the sparse rating matrix needs to be handled to enhance suitable e-commerce 

recommendations. Researcher aim to solve the problem through various scenario, including collecting kind of 

information, enhancing recommendation algorithm and developing hybrid algorithm of deep learning model. 

The additional information to enhance matrix factorization began in early 2010 by Koren [16], who adopted item 

information. Another author proposed traditional bag of word mechanism to capture product document information. 

The topic modelling mechanism categorical bag of word model  [16], [19]. The adoption of review for collaborative 

filtering has been proven better achievement over generic collaborative filtering based on matrix factorization. 

Unfortunately, bag of word model faces the weakness in contextual understanding. The issue influences the 

performance of collaborative filtering task to produce product recommendation. Most of e-commerce users are 

reluctant to share the product rating. Figure 1 represents sparse data due to minimum rating. According to scientific 

reference, ML.1M as popular dataset with rating matrix less than 4%, ML.10 only less than 1% [10]. 
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Figure 1. Illustration of movie sparsity data 

At the beginning of the implementation of collaborative filtering algorithms for recommendation systems, SVD became 

favorite model [20], [6], [21]. Moreover, the adoption of matrix factorization or model-based successfully improved 

gthe performance of memory-based model. In the era of deep learning around the early 2010s, many researchers strived 

to enhance the performance of collaborative filtering work by using various deep learning model, such as adoption of 

Auto Encoder and matrix factorization [22], [23]. The Auto Encoder typically features extraction mechanism with 

encoder dan decoder approach. The Auto Encoder approach is responsible for calculating text information for product 

representation. The adoption of Auto Encoder has demonstrated better achievement compared to bag of word 

mechanism. 

Product document becomes essential information to enhance collaborative filtering. According to NLP perspective, the 

capturing semantic and contextual understanding of text information is the major problem in collaborative filtering 

with product review document. Kim et al [24] proposed a novel model using CNN and word embedding based on 

GloVe. They used PMF to generate rating prediction, GloVe is in charge of text feature extraction and CNN responsible 

to capture text understanding information. The model succeeded in enhancing previous work based on auto encoder 

model and PMF. The hybrid model of CNN and PMF was implemented on two category datasets included ML.1M and 

ML.10M, which consist of movie reviews collected from the IMDB movie portal. According to the experimental report, 

the algorithm proposed by Kim achieved RMSE scores of 0.8549 (ML.1M) and 0.7930 (ML.10M) [18], whereas the 

Collaborative Deep Learning (CDL) model obtained 0.8879 (ML.1M) and 0.8186 (ML.10M) [16]. In addition, the 

Collaborative Topic Regression (CTR) achieved 0.8969 (ML.1M) and 0.8275 (ML.10M) [13]. 

Previous works using product review faced the shortcoming in contextual bias, for instance as illustrated in figure 2. A 

customer may comment the acting and storyline of a movie and highlight dissatisfaction with its pacing or plot 

development. This duality within a single review creates ambiguity, complicating the system’s ability to gauge whether 

the overall sentiment is positive or negative. Therefore, addressing such biases and understanding the nuanced nature 

of customer feedback is crucial for improving the accuracy and effectiveness of recommendation systems. 

 

Figure 2. Bias context of a movie review from IMDb 

The adoption of LLM model from collaborative filtering aim to handle unfair movie opinion. Figure 3 below shows a 

knowledge expression about movie without tendency. We believe that the result of movie expression produced by LLM 

are more objective and fair compared to movie review from customer.  
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Figure 3. A movie knowledge understanding by LLM from Chat-GPT 

Table 1 below demonstrates the previous work performance achievement and algorithm description of collaborative 

filtering in e-commerce. 

Table 1. Previous state-of-the-art of collaborative filtering methods 

One of the major challenges in recommender systems is capturing contextual information, which has been addressed 

using deep learning algorithms such as LSTM and attention mechanisms. For instance, Hanafi et al [28], [30], [31], 

[32] proposed a hybrid model combining LSTM with PMF. The hybrid model implemented in real dataset includes 

ML.1M and ML.10M. The movie text information is collected from IMDB movie review. The experimental results 

show that the LSTM and PMF achieve better performance over adoption of CNN and PMF.  The LSTM model achieved 

Method Description RMSE 

SVD 

SVD is one version of traditional collaborative filtering. SVD employs matrix factorization based on 

low-rank dimensions to find correspondence between the item and the user. The correspondence 

between them can be found by generated rating prediction [20]. 

0.8638 

PMF 

PMF is an enhanced version of the SVD model. Like the SVD model, PMF generates correspondence 

between the user and the item. Different from the SVD, PMF considers adopting the probabilistic 

mechanism [25]. 

0.8971 

LDA 

The adoption of the matrix factorization version faced shortcomings in performance, degrading 

significantly against sparse ratings. The LDA is responsible for integrating product documents into 

PMF to produce robust models in rating prediction [18]. 

- 

CTR 

Collaborative Topic Regression (CTR) is an advanced version of the LDA model. Enhancement of 

understanding product documents is integrated with PMF. Topic regression is an essential algorithm 

to capture the word vector representation of product documents [26]. 

0.8969 

CDL 

Collaborative Deep Learning (CDL) is an advanced CTR model involving PMF. Auto Encoder in the 

term in deep learning context responsible for capturing product document meaning. The document is 

contextually integrated with PMF in generating rating prediction  [16]. 

0.8879 

DCCR 

Deep Collaborative Conjunction Recommendation (DCCR). DCCR is developed using MLP and AE. 

The Multi-Layer Perceptron (MLP) is responsible for detecting user latent vectors, and the Auto 

Encoder (AE) is responsible for calculating item latent vectors [27]. 

0.8356 

ConvMF 

ConvMF is a kind of collaborative filtering model. ConvMF implements PMF and CNN. CNN, as a 

deep learning platform, is responsible for transforming item document representation. Meanwhile, 

PMF is a representation of the model-based collaborative filtering responsible for producing rating 

prediction [24]. 

0.8549 

LSTM-

PMF 

LSTM-PMF is an enhanced version of PMF. LSTM is responsible for transforming product document 

vectors. Meanwhile, PMF is responsible for generating rating predictions. LSTM is implemented due 

to its ability to detect word order [28]. 

0.8407 

SDAE-

LSTM-

PMF 

SDAE-LSTM-PMF is an advanced of LSTM-PMF. Different from LSTM-PMF, SDAE-LSTM-PMF 

considered SDAE as user latent vector representation. LSTM is considered to transform product 

documents into document vector space. PMF is responsible for producing rating predictions  [29]. 

0.8583 
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0.84079 (ML.1M) and 0.7902 (ML.10M) based on RMSE. On the other hand, the adoption of LSTM achieved better 

performance than adoption of CNN and PMF. 

The adoption of hybrid attention mechanism, SDAE and PMF to improve rating estimation performance in 

recommender system have been conducted by Hanafi [29]. In this model, user information is transformed using SDAE, 

while product information is captured through the attention model. In the common collaborative filtering approach 

based on PMF, majority model implemented zero mean spherical Gaussian to convert user information representation. 

The adoption of Attention and SDAE that integrated into PMF demonstrated better performance over ConvMF, CDL, 

and PHDMF. They believe that the performance is influenced by the use of Attention and SDAE in user information 

extraction. According to the experimental result, RMSE value for ML.1M was 0.84315, and ML.10M was 0.755189. 

The performance indicated the Attention and SDAE have significant impact in collaborative filtering task performance. 

MovieLens datasets contain two files including user information and rating of product information. The majority of 

proposed model use Gaussian normal distribution to transform user information. Meanwhile, product information is 

transformed using deep learning model such as CNN and LSTM. Unlike the previous work mentioned above, the DDL-

PMF considers adopting SDAE to convert user information representation. This model is inspired by Kim’s ConvMF 

[24] and Liu et al.’s PHDMF [33]. The adoption of SDAE and LSTM into PMF has proven to provide significant 

achievement over both ConvMF and PHDMF, achieving 0.85837 (ML.1M) based on RMSE evaluation matrix. They 

believe that the significant performance of DDL-PMF is influenced by dual side deep learning adoption to handling 

sparse rating matrix. 

Aiming to handle the lack of contextual meaning in product review, a model using Attention and CNN were created, 

with PMF responsible for producing rating prediction [34]. The proposed model was implemented in real e-commerce 

datasets including ML.1M and ML.10M from MovieLens. The adoption of CNN and Attention with PMF achieved 

0.7402 (ML.1M) and 0.7601 (ML.10M). The Attention mechanism is a novel algorithm in neural language model. 

Attention has the ability to capture essential value of word order in training process. The adoption of Attention plays 

important role in enhancement of recommender system task performance. The model achieved tremendous result 

compared with ConvMF and PHDMF. 

A novel matrix factorization model based on hybrid ensemble learning using Adaboost was proposed in [35]. In the 

initial step, they considered to clustering user-item with fuzzy technique. The model trained with neural network to 

enhance the performance of rating matrix. Another model with adoption of fusion approach that integrated with PMF 

have been proposed by [36]. The adoption of fusion approach achieved better performance over traditional matrix 

factorization. They considered to implement on four types of datasets. The adoption of deep learning has been shown 

to provide better performance in several computer science application such as Cyber security [37], [38], and enhancing 

recommender system algorithm [39], [40]. Table 2 summarizes several previous collaborative filtering algorithms and 

highlights the positioning of the proposed AMIKOM-RECSYS improvement model within this research landscape. 

Table 2. Summary of previous collaborative filtering algorithm and positioning of AMIKOM-RECSYS 

improvement model 

Ref. 
Collaborative 

Filtering 
Rating 

Item side 

document 
LLM 

Matrix 

factor 
Deep learning Pre-trained model 

P
M

F
 

S
V

D
 

A
E
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N

N
 

L
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T
M

 

A
T

T
. 

G
lo

V
e
 

W
2

V
 

B
E

R
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[15] PMF √ - - √ - - - - - - - - 

[12] LDA √ √ - √ - - - - - - - - 

[13] CTR √ √ - √ - - - - - - - - 

[16] CDL √ √ - √ - √ - - - - - - 

[23] SVD+AE √ √ -  √ √ - - - - - - 
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[18] CNN+PMF √ √ - √ - - √ - - - - - 

[24] LSTM+PMF √ √ - √ - - - √ - √ - - 

[29] SDAE+ATT+PMF √ √ - √ - - - - √ √ - - 

Our AMIKOM-RECSYS √ √ √ √ - - √ - - √ - √ 

3. Methodology 

Our model consists of several phases to improve collaborative filtering recommender systems. The evaluation method 

for the detail enhancement algorithm and data collection described in the section below. 

3.1. Hybrid Collaborative Filtering Model 

Collaborative filtering is the most popular algorithm for producing product information. The algorithm was designed 

to compute basic user activity in the past such as rating, comment, and testimony. However, collaborative filtering 

faces the problem in minimum rating. Hence, the adoption of hybrid schema with several algorithm becomes the 

essential strategy. The illustration of hybrid model in AMIKOM-RECSYS can be seen in figure 4. The hybrid model 

consists of PMF, BERT and LLM mechanism.  

 

Figure 4. Architecture of AMIKOM-RECSYS 

3.1.1. PMF for Generating Rating 

PMF is advanced version of SVD that uses the Gaussian normal distribution to distribute ratings in line with the rules 

of probability. The main method for breaking down the rating matrix can be shown with two smaller matrices used for 

calculations as follows: Let M denote a movie, N signifies a user, and the rating values range from 1 to K. Meanwhile, 

Rij represents user i preference for movie j. Where U and V denote the latent matrices for users and movies, 

respectively. Variable U is derived from URD×N, whereas variable V is derived from VRD×N. The PMF applies 

an ordinal probabilistic linear method that employs the Gaussian normal distribution. It depicts users and movies as 

vectors derived from the rating allocations of respondents. The exact formula of the distribution is presented in Eq. 1. 

𝑝(𝑅|𝑈, 𝑉, 𝜎2) = ∏ ∏[𝑁(𝑅𝑖𝑗|𝑈𝑖
𝑇𝑉𝑗,𝜎

2)]
𝐼𝑖𝑗         

𝑀

𝑗=1

𝑁

𝑖=1

 (1) 

The MovieLens datasets for recommender system consist of two information: user information and item information 

(user.dat). User information represents user demography information, while, item information (rating.dat) represents 

rating information of the product. The fundamental of probabilistic mechanism of PMF requires Probability Density 
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Function (PDF). The PDF mechanism is the basic approach to create PMF model. PDF is a crucial mathematical 

instrument for delineating the probability distribution of continuous random variables. It enables the calculation of 

interval probabilities and elucidates the distribution of potential values of a random variable. The formula to calculate 

PDF is shown in Formula 2 below. 

𝑁(𝑅𝑖𝑗|𝑈𝑖
𝑇𝑉𝑗,𝜎

2) (2) 

According to the perspective of user information, we can calculate the adoption of zero mean spherical Gaussian 

Normal Distribution. The detail formula to achieve zero mean spherical is explained in Equation 3. Statistically, the 

Zero Mean Spherical Gaussian Normal Distribution is a variant of the normal (Gaussian) distribution with two key 

features: the variance is isotropic and the mean is zero. 

𝑝(𝑈|𝜎𝑈
2) = ∏ 𝒩(𝑈𝑖

𝑁

𝑖=1

|0, 𝜎𝑈
2𝐼) (3) 

σ represents the standard deviation, 𝐼𝑖𝑗 represents indicator function that determined 1 if consumer i rated for movie j 

and 0 otherwise, and 𝜇 represents mean level. The Chatgpt variable in the formula represents the item knowledge from 

the ChatGPT-based LLM application. The Equation 4 below is the mechanism to be integrated into matrix factorization 

based on PMF. 

𝑝 ((𝑉|𝑊, 𝑋, 𝜎𝑉
2) = ∏ 𝒩(𝑉𝑗

𝑀
𝑗 |𝑐ℎ𝑎𝑡𝑔𝑝𝑡(𝑊, 𝑋𝑗)𝜎𝑤

2 𝐼) (4) 

Product or item is essential aspect to generate rating prediction. The symbol of item value represents vj ,which it was 

derived from Equation 5 as follow: 

𝑣𝑗 = 𝑐ℎ𝑎𝑡𝑔𝑝t(𝑊, 𝑋𝑗)𝜀𝑗  (5) 

The normal distribution of probabilistic mechanism can be generated with Equation 6 as follow: 

𝜀𝑗 ∼ 𝑁(0, 𝜎𝑣
2𝐼) (6) 

The document of product knowledge from ChatGPT can be transformed with Transformer and Bert mechanism. The 

formula to produce document latent factor can be calculated with equation 7 as follow: 

𝑝(𝑊|𝜎𝑊
2 ) = ∏ 𝑁(𝑊𝑘|0, 𝜎𝑊

2 )

𝑘

 (7) 

To provide a detailed explanation of the complete formula in the AMIKOM-RECSYS model, it is essential to first 

define each of the components and variables in the context of the model. The AMIKOM-RECSYS formulation 

integrates elements of collaborative filtering, matrix factorization, and deep learning with external information (like 

ChatGPT-generated knowledge). The formula is based on probabilistic matrix factorization model, incorporating both 

user and item latent features to predict ratings. Table 3 presents this detailed breakdown; it might include definitions 

of these components and how they interact within the model. 

Table 3. Detail description of symbol in equation 

Symbol Description Symbol Description 

𝑝 Probability of the ratings 𝑊𝑘 Latent factors for user k 

𝑣𝑗 Item feature vector j 𝜎𝑊
2  Variance for  (user feature variance) 

𝜀𝑗 Error term for item j 𝑊 User matrix (latent factors matrix) 

𝜎𝑣
2 Variance of the item latent factors Vj 𝑋𝑗 Feature matrix for item j 

𝜎𝑈
2 Variance of the user latent factors Ui U User matrix (latent factors matrix) 

𝑅𝑖𝑗 Rating for user i and item j V Item matrix (latent factors matrix) 

𝜎2 variance value N Total number of ratings observed 

𝑈𝑖
𝑇  Transposed user feature vector for user i M Total number of items 
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3.1.2. LLM for Generating Movie Knowledge Information 

The important phase of our proposed model is generated product information knowledge based on LLM using 

ChatGPT. ChatGPT is based on the Transformer model, introduced in the paper "Attention is All You Need" [41]. The 

Transformer uses a mechanism called self-attention, which allows it to process and relate words in a sentence regardless 

of their distance. Unlike older models such as RNNs and LSTMs, Transformers can process data in parallel, making 

training much faster and more scalable. Generative Pretrained Transformer (GPT) is a type of Transformer designed 

specifically for generating human-like text. GPT architecture consists of the decoder part of the original Transformer 

model. It is trained in an unsupervised manner on a huge amount of text data predicting the next word given previous 

words that is called causal language modelling. GPT model requires Pretraining process. The model reads a massive 

dataset like books, websites, scientific journal and learns the structure of language, grammar, facts, and reasoning 

patterns. After pretraining, it is fine-tuned using Reinforcement Learning from Human Feedback. Humans rate 

responses, and the model learns to generate better, safer, and more helpful answers. Special techniques like Proximal 

Policy Optimization are used during this step.  

Each GPT model version has different sizes. GPT-2 owned up to 1.5 billion parameters, GPT-3 owned 175 billion 

parameters, and GPT-4 owned estimated hundreds of billions of parameters. A model is made of many Transformer 

blocks stacked on top of each other, each with multi-head self-attention layers, Feed-forward neural networks, Layer 

normalization and residual connections. 

GPT represents key feature including contextual understanding, few-shot learning, and emergent abilities. Contextual 

understanding enables the model to remember the whole conversation context when generating each new response. 

Few-shot learning allows the model to perform tasks by seeing just a few examples. Emergent abilities as the model 

gets bigger, it develops surprising capabilities like reasoning, code generation, summarizing, etc. The architecture of 

ChatGPT show on figure 5. 

 

Figure 5. ChatGPT architecture 

3.1.3. BERT Pre-Trained Model 

BERT is one of the most popular pre-train models for transforming word into vector. BERT has revolutionized the 

process of creating and applying word embeddings in NLP. Unlike traditional models such as Word2Vec or GloVe,, 

which generate a single static vector for each word, BERT produces contextual embeddings. This means that the same 

word will have different vector representations depending on its surrounding the context. For example, the word "bank" 

in the sentence "I deposited money at the bank" will have a different embedding than "He sat by the river bank." This 

dynamic ability to understand context makes BERT embeddings much more powerful and flexible than earlier 

approaches.  
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The first step in BERT’s embedding process is tokenization. BERT uses a technique called word piece tokenization, 

which breaks words down into smaller sub word units. This approach allows BERT to handle rare or unseen words 

effectively by composing them from known pieces. For example, the word "unbelievable" might be broken down into 

["un", "##believ", "##able"]. Each of these sub words will have its own initial embedding, allowing BERT to represent 

a vast vocabulary without exploding the size of the model. Once the input text is tokenized, each token is mapped to 

an initial token embedding. However, this token embedding is insufficient. BERT enhances the input representation 

by combining three types of embeddings: token embeddings, segment embeddings, and position embeddings. Token 

embeddings capture the meaning of the individual token itself. Segment embeddings are used when BERT processes 

pairs of sentences, helping the model distinguish between tokens belonging to different sentences. Position embeddings 

provide information about the order of tokens in the sequence, as transformers by themselves do not have any inherent 

sense of word order. 

The real power of BERT’s embeddings comes after the input passes through its deep stack of Transformer encoder 

layers. Each layer applies self-attention mechanisms that allow every token to consider and incorporate information 

from every other token in the sequence, in both forward and backward directions. Through this process, the model 

dynamically adjusts each token’s embedding based on the words surrounding it. As a result, the output embeddings at 

higher layers become rich, context-sensitive representations that understand the nuances of the input sentence. The 

basic architecture of BERT is illustrated in figure 6.  

 

Figure 6. Basic architecture Transformer to develop BERT model 

Figure 7 illustrates the attention-based architecture used for processing text document movie information, within the 

AMIKOM-RECSYS hybrid model. On the left, sequential text inputs (Text t-2, Text t-1, Text t) represent time-ordered 

movie information or opinions derived from an LLM. Each text block is encoded into a latent representation 

(Yt−2,Yt−1,Yt-Y) that captures semantic and contextual meaning. The red arrows show temporal dependencies 

between previous time steps and the current input, enabling the model to leverage historical context when processing 

the current text.  

The right-hand section contains the attention network, where each input’s latent vector is weighted according to its 

relevance. The parameters λM (movie-specific attention) and λT (temporal attention) are combined through a weighted 

sum using factor α\alpha, balancing movie feature importance against temporal sequence information. The resulting 

attention scores (ρt−2, ρt−1, ρt) quantify how much each prior context influences the current prediction. 
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Figure 7. Transformer mechanism to transformed movie information 

Finally, a softmax function normalizes these attention scores into probabilities, ensuring interpretability and stability 

in downstream rating prediction. By integrating temporal text dependencies and attention weighting, this architecture 

enhances collaborative filtering with richer, context-aware representations of movie content, thereby mitigating bias 

from raw user reviews. 

3.2. Datasets for Recommender System 

To assess the performance and ability of our proposed algorithm to handle sparse rating matrices, we employed the 

MovieLens datasets, specifically ML.1M and ML.10M. The ML.1M dataset contains approximately 1 million ratings, 

while ML.10M includes 10 million ratings, with the former exhibiting higher sparsity. Our algorithm also incorporates 

movie review data to improve rating predictions. Using a LLM, specifically ChatGPT, we automatically generated 

movie opinions, enriching the dataset with additional insights. Table 4 provides a detailed explanation of the datasets’ 

characteristics, including sparsity levels and the integration of movie reviews into the recommendation process. 

Table 4. Characteristics of MovieLens recommender system datasets 

Dataset LLM Users Items Ratings Sparse 

ML.1M 3,706 6,040 3,706 1 million 4.47% 

ML.10M 10,677 69,878 10,677 10 million 1.34% 

To enhance the adoption of document generation with a deeper understanding, we integrated movie opinions from a 

LLM. LLMs possess a robust ability to comprehend context and the dynamics of document meaning, which 

significantly improves how collaborative filtering models generate rating predictions. Our model distinguishes itself 

from previous approaches, which typically relied on product reviews provided directly by users. In many cases, 

customer reviews can be biased or unfair, limiting their effectiveness. By using LLM-generated movie opinions, our 

model mitigates these biases, offering a more balanced and comprehensive understanding of product features, 

ultimately leading to improved recommendation accuracy. 

3.3. Evaluation result with RMSE 

This inquiry aims to assess the algorithm's efficacy using the RMSE assessment metric. This study entails partitioning 

the information set into two distinct segments: training data and testing data. The rating sparsity level is established at 

10% increments, with 10% of the data designated for training and 90% for testing. The data training is allotted the 

highest level of sparseness, whereas the data testing is assigned the lowest level of sparseness. The formula for 

computing the RMSE to evaluate the outcomes of rating prediction is below. 

𝑅𝑀𝑆𝐸 = √
1

𝑁
∑ 𝑍𝑖,𝑗

𝑃 (𝑅𝑖𝑗 − 𝑅̂𝑖𝑗)2
𝑖,𝑗   (7) 

The parameter N represents the quantity of rating numbers, whereas 𝑍𝑖,𝑗
𝑃  denotes the result of the test rating value. It 

pertains to the juxtaposition of the real rating value derived from information and the rating number forecasted by a 

model. 
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4. Results and Discussion 

In this study, we implemented several scenario experiments, including the adoption of two types of datasets. The 

scenario aims to observe how our model faced two typical datasets and level of sparsity data. The detail of the analysis 

and discussion of our experiment in two categories of datasets is described below.  

4.1. Experiment on ML.1M Datasets 

The performance of overall hybrid deep learning algorithm on ML.1M can be seen on figure 6.  The experiment applies 

five algorithms in collaborative filtering where they adopted five major algorithms incorporating both product 

document information and matrix factorization based on PMF. The first collaborative deep learning considers only the 

PMF algorithm [15]. The result of the rating prediction, evaluated using RMSE, are presented on figure 6 (ML.1M). 

As shown by the blue line color, the rating prediction result achieved lower performance over PMF and deep learning 

approach with product document enhancement. 

The second previous work was implemented on ML.1M with hybrid model using GloVe, CNN and PMF [18]. They 

collected movie document information from IMDB. IMBD is the most popular movie portal review. In this study, they 

integrated movie document information with latent factor. The result show in orange line color (figure 6). The adoption 

of product document achieved significant performance over traditional collaborative filtering using PMF only. The 

adoption of word embedding model using GloVe influences capturing contextual of the document. The proposed model 

by Kim [24] faced the shortcoming for failing in detecting product document understanding. The major reason of the 

shortcoming is the adoption of CNN where this deep learning algorithm cannot consider word order in the product 

review. On the other hand, the share weight value achieved high score representation of product document that 

represent W to support V value as represent product document. 

The drawback of CNN was improved by LSTM and Attention adoption. The performance of LSTM and Attention 

mechanism show in figure 6. The yellow and grey color represent LSTM and Attention, where they demonstrated better 

achievement over CNN. Compared to LSTM [33], the adoption of Attention achieved slightly better performance in 

rating prediction. LSTM and Attention owned the different characteristic in capturing product document context. 

Attention focused to the area with contrast value of the document information [28]. 

In the final experiment, we implemented a novel hybrid algorithm that incorporated movie knowledge information 

generated by the ChatGPT model. In contrast with the previous work, our model called AMIKOM-RECSYS considered 

essential movie knowledge information while the previous work considered movie review information. Movie review 

possible to face the bias information from user because each user owns unique perspective for a movie. The result of 

AMIKOM-RECSYS are presented in figure 8 below. The dark blue color in figure 8 represents the experiment result 

on ML.1M. 

 

Figure 8. Comparison collaborative filtering on ML.1M 

The experimental report for ML.1M is demonstrated in table 3. The data were split into training and testing sets at 10% 

interval. The experimental report shows that PMF performance achieved low performance compared to modern 

collaborative filtering with product document in overall scenario splitting datasets.  However, PMF achieved best 
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performance in splitting data scenario in 10:90 where 90% for data training and 10% representation for testing data 

representation. In this experiment scenario, PMF achieved 0.9045. 

The first initial deep learning method for collaborative filtering was introduced by Kim et al [24]. This model adopted 

word pre-trained model using GloVe, where CNN were employed to transform product document information into 

vector, and PMF was used to produce rating prediction. This Kim model achieved 0.9954 in 90.10 splitting ratio 

datasets. Kim model achieved the best performance in 0.8497 in 10:90 data ratio. They claimed that the performance 

influences word embedding and CNN. CNN are particularly effective in detecting contextual patterns using 

convolutional process. In contrast, LDA relied solely on word frequency calculation and therefore failed to detect 

product document context.  

Similar to the model proposed by Kim, another deep learning algorithm, LSTM, was adopted. LSTM is a deep learning 

model that consider sequential aspect mechanism. The adoption of sequential mechanism aims to detect word order in 

a document. Furthermore, LSTM is able to capture product document contextual. The experimental results, presented 

in table 5, demonstrate that LSTM outperformed both CNN and AE. The adoption of LSTM achieved 0.9928 in 90:10 

splitting data ratio and 0.8407 in 10:90 splitting data ratio. These findings confirm that the adoption of sequential 

mechanism provides better performance compared to CNN.  

The adoption of novel neural language model based on attention mechanism proposed by researchers [28]. The model 

inspired by previous work of Kim [24] and Hanafi [37], [39], [38], [42]. The goal of this model was to enhance deep 

contextual understanding based on sequential-to-sequential aspect. The model successfully improved upon the previous 

state-of-the-art in recommender system based on document context. Their models achieved 0.8407 in 10:90 data 

splitting ration on ML.1M. Attention mechanism only consider essential value on the training process of word vector. 

This technique becomes key essential performance of capturing document contextual. In addition, the result 

demonstrated that the share weight of W value achieved representative value. 

Table 5. Experiment result of collaborative filtering on ML.1M 

Ratio  [43] [44] [33] [28] our 

90:10  1.6469 1.2657 0.9868 0.9928 0.9478 

80:20  1.2657 0.9276 0.9488 0.9321 0.9188 

70:30  1.1118 0.9057 0.9305 0.8999 0.8947 

60:40  1.0399 0.8852 0.9132 0.8845 0.8833 

50:50  0.9906 0.8778 0.8981 0.8711 0.8681 

40:60  0.9589 0.8677 0.8893 0.8615 0.8556 

30:70  0.9336 0.8687 0.8814 0.8547 0.8441 

20:80  0.9113 0.8557 0.8723 0.8474 0.8313 

10:90  0.9045 0.8497 0.8691 0.8407 0.8231 

4.2. Experiment on ML.10M Datasets 

Sparsity issue becomes serious problem for e-commerce business. Our experiment considered to implement on large-

scale datasets characterized by extreme sparsity, specifically the ML.10M datasets. The result, summarized on figure 

9, demonstrate the performance of five algorithm in handling huge sparse data problem. The purple line represents the 

performance of PMF, which exhibited low performance in handling extreme sparse data. Furthermore, PMF also 

required more epoch to reach convergence. In contrast, the orange line represents the performance of GloVE, CNN 

and PMF. They achieved better performance compared to traditional PMF. The benefit of the hybrid model is the 

ability in reducing the number of epochs. Moreover, the adoption of product document influenced the performance of 

the model. 
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Figure 9. The comparison of collaborative filtering on ML.10M 

Another adoption of product document and deep learning model show on blue and green line. The blue line represents 

LSTM and PMF implementation. The experimental results show that the adoption of LSTM achieve better performance 

than CNN. We believe that the performance of LSTM is influenced by the ability in capturing document contextual 

understanding. The CNN mechanism employes dimensional reduction, while the LSTM implements time series 

mechanism. The benefit of time-series models is their ability to capture word order and subtle word. This is the 

mechanism to catch the semantic and contextual understanding of the document.  

In contrast to CNN and LSTM, the green line represents the Attention mechanism, a novel neural language model with 

ability to capture deeper contextual understanding of product document. The adoption of Attention achieved better 

performance than both CNN and LSTM. Unlike these models, the Attention mechanism focuses only on the most 

relevant parts of the data sequence during training, which is the key factor behind its superior performance. The 

majority of novel language model considers to implement Attention mechanism including transformer algorithm. 

In the last experiment on ML.10M, we consider to implement Bert platform. Bert is a novel word embedding pre-

trained model inspired by Transformer algorithm. In this model, we consider to generate a novel model of product 

knowledge from ChatGPT. Unlike the previous work that relied solely on customer review, our method leveraged 

ChatGPT to produce deeper and more representative product knowledge. This deeper knowledge understanding 

contributed to improving the performance of PMF in generating rating prediction. The experimental result, illustrated 

in dark green line show the adoption of ChatGPT and Bert outperformed the previous work. 

The experiment result, explained in table 6, shows the comparison result of recommender system. The experiments 

were conducted using training ratio data interval in 10%. The results indicate that PMF alone achieved relatively low 

performance [43] whereas deep learning models such as CNN [44], LSTM [33] and Attention [28] demonstrated 

superior performance over traditional PMF. The model mentioned above used product review and deep learning 

algorithm. Compared with the previous experiment on ML.1M, the experiment on ML.10M achieved tremendous 

performance with significant effectiveness. For example, PMF achieved 0.8883 in data ratio 50:50, CNN was 0.8360, 

LSTM was 0.7996, Attention was 0.8156 and LLM model achieved 0.7791. 

The result demonstrates that the adoption of various product information significantly improves performance. 

Moreover, a deeper understanding of product knowledge also influences significant performance of rating prediction. 

For instance, the adoption of LLM and PMF achieved tremendous result on 10:90 data training ratio with 0.7490. We 

attribute this performance influenced the adoption of Bert, PMF and LLM implementation for product knowledge 

information. 

Table 6. The experimental result of collaborative filtering on ML.10M 

Ratio  [43] [44] [33] [28] Our 

90:10  1.2753 0.9362 1.1782 0.9550 1.3794 

80:20  1.0523 0.8933 0.8353 0.8911 0.9006 
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70:30  0.9651 0.8662 0.8190 0.8518 0.7984 

60:40  0.9182 0.8467 0.8065 0.8273 0.7856 

50:50  0.8883 0.8360 0.7996 0.8156 0.7791 

40:60  0.8667 0.8279 0.7922 0.8096 0.7701 

30:70  0.85071 0.8205 0.7825 0.8027 0.7640 

20:80  0.8405 0.8127 0.7799 0.7973 0.7551 

10:90  0.8279 0.8050 0.7618 0.7902 0.7490 

Our proposed model, AMIKOM-RECSYS, incorporates novel movie knowledge information. Knowledge generated 

by ChatGPT provided more representative insights compared to product reviews written by consumers.  It can be 

concluded that the product knowledge suitable to integrate with matrix factorization in enhancing sparse rating matrix. 

The product knowledge from LLM achieved tremendous performance over product review. One key reason is that 

product knowledge is derived from credible sources, whereas product reviews are based on individual customer 

opinions. 

AMIKOM-RECSYS achieved better performance on ML.10M, with an RMSE of 0.7490 in 10:90 ratio splitting 

datasets. In comparison, AMIKOM-RECSYS achieved only 0.8231 on ML.1M. Notably, this improvement was 

obtained despite the extreme sparsity of ML-10M. This achievement can be attributed to the substantially larger number 

of ratings in ML.1M, which increases the contribution of product knowledge. Thereby, the results enhance the 

performance of PMF in predicting ratings.  

5. Conclusion 

The sparsity problem, which initially emerged as a significant challenge in early collaborative filtering recommender 

systems due to the insufficient availability of ratings, continues to hinder the accuracy of rating predictions. To address 

this issue, our proposed model, AMIKOM-RECSYS, enhances prediction performance by integrating advanced 

information from LLM. This novel incorporation of LLM-generated product knowledge significantly improves the 

performance of the PMF model, showcasing a marked improvement over traditional approaches that rely on customer-

generated movie reviews. The key limitations of customer reviews are the inherent bias in the opinions shared, which 

can distort the recommendation process. In contrast, the adoption of LLMs, with their deeper and more comprehensive 

understanding of product knowledge, enables the model to mitigate these biases and offer more accurate, unbiased 

insights into user preferences. As a result, the model's ability to predict ratings is significantly enhanced, offering a 

more reliable recommender system. For future work, we intend to extend the scope of knowledge integration by 

incorporating additional perspectives, including customer profiling in social information, enhancing the PMF model 

with SVD, and adopting LLM with various schematic prompt. 
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