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Abstract: Addressing the current data privacy leakage challenges faced by BERT-based sequential recommendation systems, 

this study innovatively proposes a gradient attribution-based machine unlearning scheme for recommendation systems. The 

scheme first leverages gradient attribution techniques to precisely evaluate the contribution of each intermediate neuron to the 

prediction of user behavior information. Based on these evaluation results, we adopt a filtering strategy designed to identify and 

remove redundant neurons while retaining those "privacy neurons" closely associated with specific sensitive user behavior 

information. Subsequently, the activation values of these identified privacy neurons are set to zero, thereby completely 

eliminating their contribution to model prediction. This effectively achieves the goal of erasing specific categories of user 

behavior information from the recommendation system model. Compared to traditional model retraining methods, this scheme 

offers a significant advantage in unlearning speed and has a minimal impact on the overall performance of the recommendation 

system, providing an efficient and practical new approach to addressing data privacy issues in sequential recommendation 

systems. 
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1. Introduction 

In recent years, with the development of Internet 

technology, the era of big data has arrived, where information 

explosion is occurring. Recommender systems serve as an 

effective approach to address the problem of information 

overload, playing an increasingly important role in various 

fields such as e-commerce [1, 2], social networks [3, 4], 

location-based services, and more. Unlike traditional content-

based and collaborative filtering recommender systems, 

sequence-based recommender systems aim to understand and 

model users' continuous behavior to more accurately describe 

their context, intent, and consumption trends of items, 

ultimately achieving more accurate, personalized, and 

dynamic recommendations. A well-trained recommender 

system model may have implicitly memorized user data. 

Firstly, considering privacy issues, large models such as 

recommender systems [5] and natural language models [6] 

may collect, use, and leak personal information without user 

permission. Users hope to make the model forget their 

sensitive data. Secondly, considering system utility, user 

preferences are time-sensitive and need to be updated 

continuously [7]. For example, a user who needs a certain 

product will not be interested in recommendations about that 

product for some time after completing the purchase. In this 

case, users would like to modify some data to enable the 

system to provide more accurate recommendations. Therefore, 

the recommender system model needs to forget certain 

sensitive data and its complete context in many cases. 

Machine unlearning aims to achieve the goal of unlearning 

sensitive data in the recommender system model without 

affecting performance, by erasing traces of specific 

individuals or data points in the model. The most primitive 

method of machine unlearning is to remove the data to be 

forgotten from the training data and retrain the model, but this 

method brings significant computational and time costs. 

Currently, there are some efforts dedicated to addressing the 

inefficiency of machine unlearning. Bourtoule et al. [8] 

introduced the Unlearning Framework SISA, which uses 

dividing the training data into multiple balanced slices to 

accelerate the retraining process through data fragmentation. 

Liu et al. [23] studied deleting data from the training model 

in the federated learning scenario. Similar to SISA [8], the 

retraining process can be accelerated by caching the 

intermediate parameters of the model, but these methods 

cannot be directly applied to sequence-based recommender 

systems. 

To achieve efficient machine unlearning in the 

recommendation system, Yuan et al. [10] first studied the 

problem of machine unlearning in federated recommendation 

systems and proposed a negative sampling method and an 

update selection mechanism based on the importance of 

storing only important model updates. The method calibrates 

historical model updates to quickly recover the federated 

recommendation system model. Although this method 

achieves efficient machine unlearning, it is only applicable to 

recommendation system scenarios under federated learning. 

Subsequently, Chen et al. [24] to maintain the collaborative 

information of the data, divided the recommendation data into 

balanced slices and proposed an attention-based adaptive 

aggregation method to further improve the unlearning 

efficiency. Although this data division method can improve 

the unlearning efficiency, it damages the sequential 

recommendation performance and is not suitable for the 

sequential recommendation scenario. Li et al. [25] continued 

to use the idea of dividing data and proposed a general 

framework for unlearning recommendation system models, 

LASER, by dividing users into balanced groups based on the 

similarity of collaborative embeddings. Then, following the 

idea of curriculum learning, the model was trained for all 

groups sequentially to achieve efficient machine unlearning 

while ensuring system utility. However, applying this 

framework to the sequential recommendation system based 

on Bert is more complex. In summary, existing solutions have 
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improved the unlearning efficiency of different 

recommendation architectures, but they are not suitable for 

the sequential recommendation system based on Bert. 

Addressing the limitations of existing solutions, this paper 

proposes a gradient-based attribution machine unlearning 

scheme for BERT-based sequential recommendation systems. 

This scheme aims to tackle the unlearning problem by first 

identifying and filtering privacy neurons—those expressing 

user behavior information—using a gradient-based 

attribution method. When specific categories of user behavior 

data need to be unlearned, these selected privacy neurons are 

directly set to zero. This not only achieves the objective of 

unlearning user behavior data and protecting user privacy 

information but also eliminates the impact of target data on 

the recommendation system model. Experimental results 

validate the rationality and effectiveness of this scheme. 

The main contributions of this paper can be summarized in 

three aspects: 

(1) We propose a sequential recommendation system 

machine unlearning method based on gradient attribution, 

which identifies intermediate neurons storing user behavior 

information through gradient attribution. 

(2) After identifying the neurons, we analyze and screen 

them to obtain privacy neurons and then erase them. 

(3) Experimental results on different datasets demonstrate 

that the proposed machine unlearning strategy can effectively 

eliminate the impact of user-specified behavior information 

on the recommendation system. 

2. Preliminary 

2.1. Bert 

Bidirectional Encoder Representations from Transformers 

(BERT) is a pre-trained natural language processing model. It 

consists of multiple Transformer encoders, each of which is 

composed of multiple self-attention layers and feedforward 

neural network layers. Let X ∈ ℝn×d  represent the input 

matrix, and the two modules can be expressed as follows:  

Qℎ = XWℎ
Q

, Kℎ = XWℎ
K, Vℎ = XWℎ

V          (1) 

Self − Attℎ(X) = softmax(QℎKℎ
T)Vℎ         (2) 

FFN(H) = gelu(HW1)W2             (3) 

Where Wℎ
Q

, Wℎ
K, Wℎ

V, W1, W2  is the parameter matrix; 

Self − Attℎ(X)  calculates a single attention head; H 

represents the hidden state; gelu  denotes the GELU 

activation function. The self-attention layer helps the model 

understand the context information in the input text, while the 

feedforward neural network layer helps the model learn the 

semantic information in the input text. 

With the success of BERT, some research has combined 

BERT with recommendation systems [17, 18]. For example, 

to provide more accurate recommendations, Islek and 

Oguducu [17] use BERT to extract project embedding vectors 

from unstructured project description text. However, these 

methods only use BERT to process text input. In contrast, the 

Bert4Rec [19] model has a unique positioning, focusing on 

sequential recommendation tasks, aiming to predict the next 

project that the user may interact with. 

2.2. Gradient Integration Algorithm 

Sundararajan et al. [20] attribute the predictions of deep 

networks to their input features and define two basic axioms 

that attribution methods should satisfy: sensitivity and 

implementation invariance. Based on these two axioms, a new 

attribution method called Integrated Gradients is proposed. 

The Integrated Gradients algorithm combines the design ideas 

of direct gradients and reverse-propagation-based attribution 

techniques, Let the input value be x, the baseline value be x′, 

and the function mapping be represented by F. The integral 

gradient definition for the i-th dimension of the input is as 

follows: 

IntegratedGradsi(x) : : = (xi − xi
′) ×

∫
∂F(x′+α×(x−x′))

∂xi

1

α=0
dα   (4) 

Where F: R−n → [0, 1]  represents the deep network, x ∈
Rn represents the input, and x′ ∈ Rn represents the baseline 

input. The attribution of the i -th component x  can be 

regarded as the cumulative sum of all gradients on the straight 

path from the baseline x′  to the input x . That is, the 

attribution of component i is the integral of the gradient path 

from x′ to x. Here, 
∂F(x)

∂xi
 is the gradient of F(x) along the i-

th dimension. Hao et al. [21] propose a self-attention 

attribution method to explain the information interaction 

inside the Transformer and demonstrate that the attribution 

results can be used as adversarial patterns to achieve non-

targeted attacks on BERT. Dai et al. [27] introduce the concept 

of knowledge neurons and explore how implicit knowledge is 

stored in pre-trained large models.  

3. System Model 

The main title, appearing on the first page, should be 

centered and positioned beneath the figure at the top of the 

page. It must be set in 14-point Times New Roman, boldface. 

Capitalize the first letter of all nouns, pronouns, verbs, 

adjectives, and adverbs; do not capitalize articles, 

coordinating conjunctions, or prepositions unless the title 

begins with such a word. Leave a 10.5-point space above the 

title and a 14-point space below it. 

The unlearning strategy can be generalized to most existing 

sequence recommendation systems based on BERT. In this 

paper, we consider selecting the sequence recommendation 

model Bert4Rec proposed by Alibaba [19]. 

In the sequence recommendation system, let U =
{u1, u2, … , u|U|} be the set of users, V = {v1, v2, . . . , v|V|} be 

the set of items, and Nu = [v1
(u)

, . . . , vt
(u)

. . . , vnu

(u)] be the 

user's historical behavior sequence. The goal of sequence 

recommendation is to predict the probability of user 

interaction with each item at the next time step based on the 

historical behavior sequence: p(vnu+1
u = v ∣ Nu). 

The overall framework of the proposed sequential 

recommendation system is schematically represented in 

Figure 1, comprising four interconnected components: the 

input layer, embedding layer, Transformer module (Trm 

Block), and prediction layer.  
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Figure 1. The overall model training process of our proposed architecture 

The operational workflow initiates at the input layer, which 

serves as the primary entry point for raw user interaction data. 

The user's chronological sequence of interactions, such as 

clicks, purchases, or browsing behaviors, is collected and 

organized into an ordered list, denoted as V =
{v1, v2, . . . , v|V|}. This sequence directly constitutes the initial 

input for subsequent model processing and prediction, 

ensuring that all relevant user behavior data is accurately 

captured, thus laying a robust foundation for complex 

analyses. 

The raw interaction sequence proceeds to the embedding 

layer. This layer's fundamental function is to transform 

discrete item identifiers into continuous, semantically 

meaningful vector representations—a critical prerequisite for 

deep learning models handling non-numeric data. Within this 

layer, each item ν|V| in the sequence is mapped into a dense 

vector space, yielding its corresponding item embedding. 

Crucially, recognizing that the Transformer module is 

inherently insensitive to the sequential order of input items, 

the embedding layer strategically introduces positional 

encodings (Pi). Each item's embedding vector is then element-

wise added to its corresponding positional encoding Pi, based 

on its position within the sequence. This additive operation 

enables the model to discern both the relative and absolute 

positions of items, thereby effectively leveraging the intrinsic 

sequential nature of user interactions. 

The processed sequence, now rich in semantic and 

positional information, is subsequently fed into the 

Transformer module (Trm Block), which forms the core of 

the system. This module is responsible for deep feature 

extraction and intricate pattern learning on the embedded 

sequence. Comprising L stacked bidirectional Transformer 

layers, this architecture is designed to capture long-range and 

complex global dependencies within the sequence, while 

precisely incorporating the positional information of each 

item. Each Transformer layer is further dissected into two key 

sub-components. The Multi-Head Attention  

Mechanism, a cornerstone of the Transformer architecture, 

operates by running multiple attention heads in parallel. Each 

head independently learns information from a distinct 

representation subspace,  

with their outputs then aggregated. This parallelism allows 

the model to simultaneously focus on diverse and complex 

relationships among various positions in the input sequence, 

leading to a more comprehensive understanding of item 

dependencies crucial for handling long sequences and 

capturing non-local relationships. Following the attention  

mechanism, the Position-wise Feed-Forward Neural 

Network (PFFN) performs position-wise transformations on 

the hidden representations. This involves independently 

processing the representation vector at each sequence position 

through a series of nonlinear transformations, refining feature 

representations, enhancing the expressiveness of each 

positional vector, and improving the model's understanding of 

abstract patterns in the user behavior sequence. 

Through the coordinated operation of Multi-Head 

Attention and PFFN, the Transformer module efficiently 

converts sequential information into highly abstract and 

context-rich representations, establishing a strong foundation 

for the ultimate prediction task. Finally, these sophisticated 

sequence representations generated by the Transformer 

module are passed to the prediction layer, the system's 

concluding stage. This layer typically includes one or more 

linear layers and applies an activation function (e.g., Softmax) 

to map the abstract features into a probability distribution 

over all possible items. Based on these probabilities, the 

system recommends the next item the user is most likely to 

interact with, thereby completing the recommendation 

process. In summary, this model framework, through its 

hierarchical processing and modular design, effectively 

transforms user interaction history into accurate predictions 

of future behavior, showcasing the powerful potential of 

Transformer-based architectures in the domain of sequential 

recommendation systems.  

4. Methodology 

Geva et al. [26] propose that each layer of the FFN is 

composed of multiple key-value pairs. By analogy with their 

results, we speculate that user behavior information is stored 

in specific neurons in the recommendation system. 
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Figure 2. Trm layer structures 

As shown in Figure 2, the first linear layer of the PFFN is 

analogous to the key, and the second linear layer is analogous 

to the value. User behavior information is stored in the middle 

neurons of the PFFN layer. Machine unlearning is achieved 

by editing neurons based on gradient integration. Our 

machine unlearning scheme consists of two steps: first, 

identify and select the proprietary neurons that contribute 

significantly to the final recommendation results as privacy 

neurons; second, edit the privacy neurons to erase their impact 

on the final recommendation. 

4.1. Neuron Identification 

The sequential recommendation aims to predict the project 

interacted by user u  at time step nu + 1  based on their 

historical interaction sequence Nu . It can be formulated as 

modeling the probability of all possible projects for user u at 

time step nu + 1: 

Attr(αi
(l)) = α‾ i

(l)
∫

∂PSu(
     −(l)

χαi
)

∂αi
(l)

1

χ=0
dχ         (5) 

Where 
−(l)

αi
  represents the value calculated by the pre-

trained model for the neuron; PSu
(

−(l)
χαi

)  represents the 

probability of the recommendation system predicting the 

correct next project when the value of neuron αi
(l)

 is 
−(l)
χαi

; 

∂PSu(
−(l)
χαi

)

∂αi
(l)   calculates the gradient of the model output with 

respect to αi
(l)

 . Intuitively, as χ   varies from 0 to 1, by 

integrating the gradient, Attr(α(l))  accumulates the output 

probability changes caused by αi
(l)

 changes. If a neuron has a 

significant impact on the prediction of a specific category of 

projects, the gradient will significantly increase, resulting in 

a large integration value. Therefore, the attribution value can 

measure the degree of contribution of neuron αi
(l)

  s to the 

specific category prediction. Algorithm 1 is the complete 

process of identifying neurons. 

To identify the key neural units responsible for specific 

recommendation outcomes, we propose an attribution-based 

neuronal identification algorithm. The objective is to extract 

a subset of neurons that significantly influence the model's 

decision regarding a given target category. This process 

facilitates targeted analysis, interpretability, or downstream 

tasks such as selective forgetting. The procedure is as follows: 

Sequence Recommendation Function Definition  

The algorithm begins by defining the Sequence 

Recommendation function, which is designed to model and 

compute the probability that a user will interact with a 

particular item at the next time step nu + 1  given their 

historical interaction sequence Nu. The goal is to estimate the 

likelihood of the next interaction νnu+1
u   based on prior 

behaviors.  

Gradient-Based Attribution Computation 

For each intermediate neuron 
 −(l)

αi
, the next step involves 

quantifying its cumulative influence on the model's output 

probability. This is achieved through Integrated Gradients, a 

widely-used attribution technique that accumulates the 

gradient of the output probability PSu
(

−(l)
χαi

)with respect to 

the scaled neuron value 
−(l)
χαi

.  

Initialization of Key Neuron Set 

An empty set S is initialized to store the subset of neurons 

identified as significantly contributing to the prediction of the 

target category. This set will be populated through the 

following selection procedure. 

Traversal of Relevant Sequences and Neuron Filtering 

The algorithm proceeds by iterating through all historical 

interaction sequences Nuassociated with a predefined target 

category. For each such sequence, the IntegrateGradient 

function is invoked to compute the attribution value of every 

neuron αi
(l)

in the specific context of that sequence. This step 

ensures that the attribution reflects both the model structure 

and the contextual behavioral patterns of users. 

Neuron Selection Criterion 

All intermediate neurons  αi
(l)

 are evaluated based on the 

following selection rule: 

Condition Check: If the computed attribution value of a 

neuron exceeds a predefined threshold θ, it is deemed to have 

a significant impact on predicting the target category. 

Inclusion in the Set: Neurons satisfying this condition are 

added to the set S. 

Final Output 

After processing all relevant sequences and applying the 

filtering criteria, the algorithm returns the final set S, which 

contains the neurons identified as most influential in the target 

recommendation task. 

This attribution-based selection mechanism enables fine-

grained interpretability and supports further operations such 

as concept-aware forgetting or attention modulation within 

recommendation systems. 
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Algorithm 1: Neuronal identification  

Input: 

- The sequence of historical interactions of user u: Nu 

- Intermediate neural network element: αi
(l)

 

- Constant assigned to αi
(l)

: (βi
(l)

)  

- Threshold for attributions: θ  

Output: 

- Set of selected neurons: S  

1. function SequenceRecommendation (Nu): 

2.     Psu(βi
(l)

) = p(Vtu+1
u = ν ∣ Nu, αi

(l)
= βi

(l)
) 

3.     ComputeGradient (Atr( αi
(l))) =

α‾ i
(l)

∫
∂Psu(

        −(l)
χαi

)

∂αi
(l)

1

χ=0
dχ 

4.     S = {} 

5.     for each sequence Nu  related to the target 

category: 

6.         attrib = IntegrateGradient(Atr(αi
(l)), Ni)  

7.         for each neuron  αi
(l)

: 

8.             if attrib(xi
(l)

) > θ 

9.                 S. add(αi
(l)) 

10.    return S  

4.2. Privacy Neuron Filtering and Editing 

To precisely locate the neurons and reduce the impact of 

editing operations on other categories of user behavior 

information, further neuron screening is performed. For the 

target category, we assume that different sequences at time 

step nu + 1  share a set of privacy neurons because they 

predict the same category. At the same time, it is assumed that 

as long as the sequences have diversity, they will not share 

redundant neurons. Therefore, in the case of multiple different 

sequences being given, the privacy neuron set can be screened 

by only retaining the neurons shared by the majority of 

sequences. In Algorithm 2, we provide a complete description 

of the process for screening edited neurons, with the specific 

steps for screening neurons as follows: 

For the target category, select multiple sequences. 

For the multiple sequences corresponding to the target 

category, calculate the attribution values of the neurons 

through Attr(α(l)) and filter out the neurons with attribution 

values greater than the preset threshold θ  to form a 

preliminary set of neurons.  

Set the privacy threshold P%, and consider the preliminary 

screened neuron set together. Retain the neurons shared by 

more than P% sequences as privacy neurons.  

When a user submits an unlearning request and needs to 

forget the behavior information of a specific category, set the 

parameters (activation values) of the screened neurons to zero 

in the second linear layer of the PFFN.  

 

Algorithm 2: Privacy Neuron Screening Editor 

Input: 

- The sequence of historical interactions of user 𝑢: 𝑁𝑢 

- Intermediate neural network element:  αi
(l)

 

- Percentage threshold for shared neurons: P  

Output: 

- Set of privacy neurons: S′  

1.     S′ = {} 

2.    for each neuron  αi
(l)

 inS: 

3.        shared_percentage = 

CalculateSharedPercentage(𝑁𝑢,  αi
(l)

)  

4.          if shared_percentage >P% 

5.            S′ .add( αi
(l)

)   

6.            if  αi
(l)

 in S′: 

7.                SetActivationValue( αi
(l)

, 0)   

8                      Activation( αi
(l)

)=0 

9.    return  S′   

5. Experiment 

5.1. Experimental Setup 

Experimental results on two publicly available real-world 

datasets, Movielens-1m and Steam, are presented. These 

datasets have been widely used for evaluating the 

performance of recommendation models. Users are grouped 

according to their interaction records, and the interaction 

records of users are arranged in ascending order of 

timestamps to form the user interaction sequence. Then, users 

and projects with fewer than 5 interactions are filtered out. 

Table 1 shows the statistics of each dataset after preprocessing. 

 

Table 1. Dataset statistics 

Dataset #User #Item #Interaction Sparsity  

MovieLens-1M 6 040 3 416 163.5 95.16 

Steam 
281 

428 

13 

044 
12.4 99.9 

 

For each category in the user's historical behavior sequence, 

the attribution threshold is set as 0.3 times the maximum 

attribution value. For each category, the privacy threshold is 

initialized to 50 and increased or decreased by 5 iteratively 

until the average number of knowledge neurons is within [4, 

8]. Eighty percent of user interaction sequences are selected 

for training, and the remaining 20% are used for testing. All 

experiments are conducted on an Intel(R) Core (TM) i7-

7700HQ CPU @ 2.80GHz, a GTX 1050Ti GPU, and 16GB 

RAM. 

5.2. Experimental Results 

5.2.1. Recommendation System Performance 

First, we evaluate the impact of our approach on the 

performance of recommendation system models. We 

conducted experiments on two publicly available real-world 
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datasets, Movielens-1m and Steam, which have been widely 

used for evaluating the performance of recommendation 

models. We use two widely used evaluation metrics for 

recommendation systems: Hit Ratio (HR) and Normalized 

Discounted Cumulative Gain (NDCG), which measure the 

ranking accuracy of recommendation lists and the goodness 

of search result lists, respectively. We evaluate these metrics 

with K = 1, 5, and 10. Higher values for all these metrics 

indicate better performance. 

We compare the following recommendation models: 

Original Model: The recommendation model without 

deleting any data.  

Retrained Model: The recommendation model is retrained 

after deleting data.  

GRU4Rec [28]: A recommendation model that uses gated 

recurrent units to model user sequences for session-based 

sequential recommendations. 

Caser [29]: A recommendation model that adopts 

convolutional neural networks to model higher-order Markov 

chains for sequential recommendations. 

 
Figure 3. Performance Comparison of Models in Movielens-1m 

Dataset 

 

 
Figure 4. Performance comparison of models in the Steam dataset 

As shown in the figure 3 and figure 4, the experimental 

results, evidenced by both Hit Rate (HR@k) and Normalized 

Discounted Cumulative Gain (NDCG@k) metrics, provide a 

comprehensive view of the performance of various sequential 

recommendation models and their variants.  

The Movielens-1m dataset, the original model, the 

retrained model, and the forgotten model obtained using our 

approach all outperform Caser and GRU4Rec in terms of 

NDCG@k and HR@k. The original model's NDCG@10 and 

HR@10 are 0.4903 and 0.6018, respectively. The 

performance of the retrained model is lower than the original 

model due to the change in the dataset caused by deleting data 

after retraining. Our approach uses gradient attribution to 

forget data from the model, resulting in a slightly lower 

performance due to editing neuron parameters. However, the 

HR@k of the forgotten model still reaches 94.03% to 96.49% 

of the original model, and the NDCG@k reaches 90.15% to 

94.25% of the original model. From the perspective of HR@k, 

a consistent trend of performance improvement across all 

models is observed with increasing values of k. Notably, the 

Origin Model (the original model without any unlearning 

operations) consistently achieves the best performance across 

all tested K values. This unequivocally demonstrates the 

substantial accuracy advantage of the full, unpruned model. 

The performance of the Retrain method (model retrained from 

scratch) and Our Method (the proposed approach) are 

remarkably close, exhibiting particular stability at k=10. This 

indicates that Our Method effectively maintains model 

accuracy, closely approaching that of a complete retraining. 

In contrast, baseline models such as Caser and GRU4Rec 

show suboptimal performance, especially at HR@1 and 

HR@5. GRU4Rec, in particular, highlights limitations in its 

ability to model local patterns effectively. The observed 

trends for NDCG@k largely mirror those of HR@k. The 

Origin Model again performs optimally, underscoring its 

superiority in the ranking quality of recommendation results. 

Our Method and the Retrain model also maintain high 

NDCG@k values, with only marginal differences from the 

Origin Model at k=5 and k=10. This validates the 
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effectiveness of Our Method in optimizing the ranking quality 

of recommendations. Conversely, Caser and GRU4Rec 

exhibit poorer ranking performance at smaller k values, with 

this limitation being most pronounced at k=1. 

On the Steam dataset, the performance of NDCG@k and 

HR@k is shown in the figure 4. Overall, the HR@k scores on 

the Steam dataset are slightly lower compared to those on the 

MovieLens dataset, which may be attributed to the increased 

sparsity or the presence of more long-tail items in Steam. 

Among all evaluated models, the Origin Model consistently 

achieves the best performance, reaching an HR@10 of 0.4. 

Our Method closely follows, with performance at k=10 nearly 

matching that of the Retrain model. This indicates that the 

proposed approach successfully enables effective forgetting 

while preserving recommendation accuracy. The Retrain 

model remains a strong baseline, serving as the only 

alternative that approaches the performance of the original 

model. In contrast, Caser and GRU4Rec yield significantly 

lower HR@k scores across all values of k, further 

demonstrating their limitations in handling complex 

sequential recommendation tasks. The forgotten model 

obtained using our approach is slightly lower than the original 

model and the retrained model in both metrics, but this 

decrease is within an acceptable range, ensuring the 

performance of the recommendation system model while 

erasing data. 

5.2.2. Unlearning Efficiency 

In this section, we compare our approach with the 

retraining method in terms of unlearning rate and running 

time. As shown in the table, we randomly select three classes, 

Action, Drama, and Comedy, for unlearning in the 

Movielens-1m dataset. 

 

Table 2. Running time 

Method 
Removal 

category 

Running time 

(minute [m]). 
Speedup 

Retrain 

Action 10258 0 

Drama 10401 0 

Comedy 10372 0 

Our 

Action 987 ×10.4 

Drama 943 ×11.0 

Comedy 1025 ×10.1 

 

In terms of running time, the retraining method requires 

starting from scratch each time, leading to significant time 

consumption. As shown in Table 2, our approach does not 

need to retrain the model on a large amount of raw data but 

only needs to edit the privacy neurons. Therefore, compared 

to the retrained model, our approach reduces a significant 

amount of training time. Our approach achieves an 

acceleration ratio of ×10.4, ×11.0, and ×10.1, respectively, 

when unlearning the Action, Drama, and Comedy classes. 

 

Table 3. Removal rate 

Method Removal category Removal rate 

Retrain Action 100% 

Drama 100% 

Comedy 100% 

Our Action 74.82% 

Drama 70.53% 

Comedy 72.91% 

 

Table 3 compares our approach and the retraining method 

in terms of unlearning rate. Since the retraining method 

deletes the target class data from the raw data and starts 

training the model from scratch, it can forget all the data in 

the target class. However, the unlearning efficiency is 

extremely low, especially when the model is complex and the 

original dataset is large. Our approach does not require 

retraining the model and can achieve an unlearning rate of 

70.53% to 74.82% on the three target classes, deleting most 

of the data in the target classes. It can balance the unlearning 

rate and running time. 

6. Conclusion 

To address user privacy leakage in sequential 

recommendation systems, this paper proposes an efficient 

unlearning scheme based on gradient attribution for 

recommendation models. First, refined neurons are identified 

through attribution, then filtered and edited to erase users' 

specific category behavior information from the trained 

model. Compared to training a model from scratch without 

the target category data, this approach demonstrates superior 

unlearning speed while maintaining the recommendation 

system's performance. 
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