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This paper proposes an optimization algorithm that integrates lightweight graph convolutional network 
(GCN) and Transformer for recommending fast-moving consumer goods products in e-commerce. The 
method captures user-item interaction information through Lightweight GCN and optimizes the algo-
rithm using the factorization machine recommendation mechanism. Experimental results show that, un-
der the full settings, the model's logarithmic loss is reduced to 0.358, while the top 50 hit rate and the 
cumulative gain of the top 50 normalized loss are increased to 0.681 and 0.241, respectively. In experi-
ments comparing recommendations for different fast-moving consumer goods categories and resource 
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1. Introduction
In e-commerce platforms, fast-moving consumer 
goods (FMCG) are one of the most representative 
scenarios in the application of recommendation 
systems [5]. How to accurately characterize user 
preferences under large-scale data conditions is the 
core problem faced by current recommendation sys-
tems [27]. Traditional methods often have difficulty 
in effectively modeling the high-order relationship 
between users and products, and also have difficulty 
in making full use of time-series information [28]. 
Some scholars have explored from the perspective of 
hybrid recommendation. Singh et al. [23] combined 
collaborative filtering and content-based filtering 
and used recurrent neural networks to identify at-
tack behavior in hybrid recommendation. Experi-
ments verified the effective detection capability of 
this method against various attacks [23]. Li et al. 
[16] proposed an IoT intelligent recommendation 
model for consumer electronics products. The mod-
el first utilizes graph embedding techniques and 
combines product auxiliary information to alleviate 
data sparsity and cold start problems. Secondly, by 
modeling the user's historical purchase dependen-
cy relationship through multi head self attention 
and position encoding, and introducing an atten-
tion update gate loop unit to filter the interest evo-
lution path, the user's interests can be more accu-
rately represented. The experimental results show 
that the model has good performance in consumer 
electronics product recommendation [16]. Ullah et 
al. [26] proposed an entropy based multi criteria de-
cision-making method for optimizing personalized 
services in e-commerce. This method improves the 
interface, recommendation system, and informa-
tion transparency to help the platform accurately 
recommend cost-effective products based on user 
preferences. The study simultaneously analyzed 
the impact of electronic devices and energy-saving 

consumption, the model demonstrates better practicality in terms of repeat purchase hit rate, average 
ranking, and computational efficiency. Experimental outcomes indicate that the introduced approach can 
improve the performance of e-commerce fast-moving consumer goods recommendation systems and has 
good application prospects.
KEYWORDS: E-commerce recommendation system, Fast-moving consumer goods recommendation, Graph 
convolutional network, Transformer, Factorization machine

sensor networks on inventory management, user 
preferences, and shopping sustainability, and re-
vealed the complex relationship between data pri-
vacy, energy efficiency, and platform governance. 
Experimental results have shown that this method 
outperforms existing advanced schemes in multi-
ple indicators [26]. It is highly consistent with the 
lightweight deployment goal pursued in this article, 
and can provide richer theoretical support for the 
contribution of balancing lightweight design and 
robustness in this article.
Over recent years, deep learning (DL) techniques 
have seen extensive application in recommender 
system domains. Among them, graph convolutional 
networks (GCNs) can mine the collaborative rela-
tionship between users and items by modeling the 
recommendation problem as a user-item interac-
tion graph [3]. Fu et al. [7] proposed a self-super-
vised recommendation model based on GCN. This 
method uses a multi-task learning framework to in-
tegrate self-supervised tasks and main recommen-
dation tasks, thereby optimizing recommendation 
performance. Experimental results show that the 
model outperforms mainstream baseline methods 
in both recall and normalized discounted cumula-
tive gain (NDCG) metrics [7]. Tong et al. [25] pro-
posed a knowledge recommendation model that 
integrates context and user behavior. This model in-
tegrated knowledge base structure, user preferences 
and semantic information of knowledge graph, and 
usedGCNs to quantify user preferences layer by lay-
er. Experiments verified its effectiveness in knowl-
edge recommendation [25].
In the field of sequence recommendation, the 
Transformer model can effectively capture the 
long-term dependence and dynamic interest evo-
lution of user behavior, and is therefore widely 
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used [18]. Zheng et al. [29] proposed a bidirectional 
multi-behavior recommendation model for online 
recruitment. The model encoded the user's his-
torical behavior sequence through Transformer to 
obtain the expected representation, and used het-
erogeneous graph Transformer to construct a re-
cruitment market graph to extract the competitive 
representation. Experiments showed that the mod-
el was better than the current mainstream baseline 
methods [29]. Kim et al. [13] used a Transform-
er-based model to determine the optimal architec-
ture for aspect-level sentiment analysis. The model 
effectively captured the aspect-level similarity be-
tween items. The results showed that the integra-
tion of DL sentiment analysis and graph learning 
technology helped to enhance the performance of 
recommendation systems [13].
Existing research on recommendation algorithms 
for e-commerce FMCG still suffers from high 
model complexity and insufficient engineering de-
ployability. To address this, this study proposes a 
lightweight GCN approach combined with Trans-
former-based sequence modeling, and innovative-
ly integrates factorization machines (FMs) and 
deep neural network (DNN) models to construct a 
recommendation algorithm framework for e-com-
merce FMCG scenarios. This method fully explores 
high-order user-item relationships while effective-
ly characterizing the dynamic evolution of user in-
terests. It improves model stability and practical 
application value while maintaining recommenda-
tion performance.

2. Methods
2.1. A Two-stage Recommendation Framework 
Based on GCN and Sequence Modeling
2.1.1. User-item Representation Learning Based 
on Lightweight GCN
In the recall phase, the study first constructs a bipar-
tite graph structure based on user-item historical 
interaction data, and uses lightweight GCN to learn 
the representation of user and item nodes. Com-
pared with traditional graph convolutional models, 
lightweight GCN introduces a simple neighborhood 
aggregation mechanism by removing unnecessary 
feature transformations and complex parameters. 
While reducing model complexity and computational 
overhead, it can still effectively capture the high-or-
der relationships between nodes [15]. The user-item 
interaction relationship is shown in Figure 1 [12]. 
Figure 1, the user-item interaction relationship is first 
represented as a bipartite graph structure, where the 
edges between user nodes and item nodes represent 
historical interaction behaviors. Based on this, with 
the target user node as the center, the model aggre-
gates its first-order, second-order and third-order 
neighborhood information layer by layer, and includes 
items and other users that have direct or indirect in-
teraction relationships with the user into the receptive 
field. Through multi-layer neighborhood expansion 
and information propagation, the model can explore 
the potential association relationship between users 
and items through common interaction paths, thereby 

Figure 1
User project interaction relationship.
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alleviating the issue of inadequate information stem-
ming from the sparse nature of the original interac-
tion data. The study adopts a lightweight GCN model 
to learn the embedding representation of users and 
items. GCN can effi  ciently learn the relationship and 
feature representation between nodes based on graph 
structure [8]. The fundamental concept revolves 
around iteratively refi ning the node embedding by ag-
gregating neighborhood information, and the specifi c 
process is shown in Equation (1) [17].

2. Methods

{ }( )+ = . (1)

In Equation (1), cu
k represents the user u's embedding 

at layer k, cu
k+1 represents the user u's updated embed-

ding at layer k+1, ci
k  is the embedding of the item i ad-

jacent to the user u at layer k, Nu is the set of the user  
u's neighboring nodes, and AGG(·) is the aggregation 
function. The lightweight GCN layer consists of mes-
sage passing and feature aggregation. It performs 
weighted aggregation of neighbor features through a 
concise propagation rule, thereby effi  ciently updating 
the node representation. After k layers of lightweight 
GCN computation, the fi nal user and item represen-
tations are obtained by weighted combination of the 
embeddings of each layer, as shown in Equation (2).
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In Equation (2), cu and ci represent the fi nal embed-
dings of user u and item i, respectively, and ωk rep-
resents the weight coeffi  cient of layer k embedding. 
By concatenating cu and ci, the user-item joint rep-
resentation is obtained, the calculation of which is 
presented in Equation (3) [10].
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In Equation (3), cui represents the user-item joint 
vector, W is the trainable weight matrix (WM), and 
b is the bias term. To facilitate the implementation 
and discussion of existing models, the matrix of the 
lightweight GCN is set as shown in Equation (4).
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In Equation (4), Ck represents the node embedding 
matrix of the k-th layer, Ck+1 is the node embedding 
matrix of the k+1th layer, D is the degree matrix, and  
O is the adjacency matrix. The fi nal embedding ma-
trix is shown in Equation (5).

+

+

=

=

=

=

( )= +

+ =

+

+

= + + + +

=

=

=

…=

µ
= +

µ

= + +

. (5)

In Equation (5), C is the node embedding matrix 
used for prediction.

2.1.2. Recall Model Integrating Lightweight GCN 
and Transformer
The study uses a multi-head attention Transform-
er encoder to encode cui, to learn user purchasing 
behavior more eff ectively. Transformer is a DL ar-
chitecture grounded in self-attention mechanism. 
Its encoder is formed by stacking multiple identical 
sub-modules. Each module contains multi-head at-
tention, normalization and feedforward neural net-
work (FNN) layers [6]. The attention weight of each 
attention head in the multi-head attention layer is 
calculated as shown in Equation (6) [19].
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In Equation (6), ωi
ij represents the contribution 

weight of position j in the i-th attention head to the 
current position. Qi is the query vector, Kj

T is the 
transpose of the key vector, and dK represents the 
dimension of the key vector. After obtaining the at-
tention weights, the corresponding value vectors are 
weighted and summed to obtain the output of the 
i-th attention head, as presented in Equation (7).
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In Equation (7), Hi represents the output of the i-th 
attention head, Vj is the value vector at the j-th po-
sition, and m is the sequence length. The outputs 
of each attention head are concatenated and trans-
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formed using a linear projection matrix, as shown in 
Equation (8).
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In Equation (8), ew
ui represents the user u's behavior 

sequence input vector, Wo is a trainable linear map-
ping matrix. To further train the model, a normaliza-
tion layer is used for calculation, as shown in Equa-
tion (9) [2].
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In Equation (9), Hide represents the hidden vector 
after layer normalization, and μ and σ are the mean 
and standard deviation of the input features in the 
current layer, respectively, and α and β are both 
trainable parameters. The expression of the FNN 
layer is shown in Equation (10) [21].
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In Equation (10), F(Hide) represents the output of 
the FNN layer, W1 and b1 are the WM and bias of the 
fi rst layer of the FNN, respectively, and W2 and b2

are the WM and bias of the second layer. Finally, the 
two-layer FNN is used to predict the user's rating as 
shown in Equation (11).

= + + . (11)

In Equation (11), Pa
u represents the probability that 

item a will be selected in the user u's next action,  WP1 

and WP2 are the weight matrices of the rating predic-
tion layer, and bP1 and bP2 are the bias terms. Through 
the joint learning of temporal modeling of user be-
havior sequences and user-item graph structure 
information, a recommendation model integrating 
lightweight GCN and Transformer (LGTRM)is con-
structed. Among them, the user item embeddings 
learned by lightweight graph convolution and the 
behavior sequence features are jointly input into 
the Transformer encoder, which is not a simple fea-
ture stacking, but a complementary design based on 
the semantic level of the two types of information. 

Graph convolution embedding mainly encodes the 
high-order collaborative relationship between us-
ers and items in the interaction graph, refl ecting 
the static community structure of user preferences; 
The behavioral sequence features record the tem-
poral sequence of user interactions, refl ecting the 
dynamic evolution process of interests. Both inputs 
are simultaneously fed into the Transformer, allow-
ing the self attention mechanism to jointly model 
two types of information in a unifi ed space: "who the 
user is similar to" and "what the user may like next", 
without redundancy or confl ict. This is because the 
former provides global neighbor constraints in the 
interaction graph, while the latter provides local 
temporal dependencies.
Furthermore, the relative importance of the two in-
formation sources depends on the specifi c patterns 
of user historical behavior. When the user interaction 
sequence is long and the behavior pattern is stable, 
sequence information dominates, and Transformer 
can eff ectively capture long-distance dependencies 
and predict the next behavior; When user interaction 
data is sparse or behavior patterns are irregular, the 
collaborative fi ltering information provided by graph 
convolution embedding becomes the main basis, com-
pensating for the lack of individual behavior sequenc-
es through similar user interaction paths. In addition, 
in the cold start scenario, the behavior sequence of 
new users is extremely short. At this time, graph con-
volution relies on the neighborhood information as-
sociated with the user's demographic characteristics 
or contextual attributes, and its contribution weight 
is signifi cantly higher than the sequence information; 
For active users, their rich interaction history makes 
the ability to predict sequence information stronger. 
At present, this study has not conducted rigorous the-
oretical condition analysis or hypothesis testing on 
this dynamic weight relationship, which is a limita-
tion of the current work. Subsequent research can in-
troduce gating mechanisms or adaptive fusion strat-
egies to dynamically adjust the fusion weights of two 
types of information based on indicators such as user 
behavior entropy, sequence length, and neighborhood 
density, and design corresponding statistical testing 
methods to verify the signifi cant diff erences in infor-
mation source dominance under diff erent conditions. 
The structural framework of the LGTRM model is 
shown in Figure 2. 
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In Figure 2, LGTRM takes user-item interaction data 
as input. First, it constructs initial feature represen-
tations of users and items in the input layer, and then 
uses a lightweight GCN layer to propagate high-order 
neighborhood information through the user-item 
graph, obtaining embedding vectors for users and 
items. Subsequently, the representations learned 

Figure 2
LGTRM structure.

from the graph structure are fused and concatenated 
with behavioral sequence features, and then fed into 
the Transformer encoding layer. Multi-head self-at-
tention and an FNN are used to model the temporal 
dependence and dynamic preferences of user behav-
ior. Finally, in the rating prediction layer, a multi-lay-
er perceptron (MLP) is used to map the fused fea-

Figure 3
Recall process based on LGTRM.
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tures, outputting the predicted probability of the user 
for candidate items, thus achieving recommendation 
decision-making. Based on this, the study further 
presents a recommendation recall process based on 
LGTRM from a system application perspective, as 
shown in Figure 3. 
Figure 3 illustrates the recall phase process of LG-
TRM in a recommender system. Starting with user 
interaction data, after data preprocessing, user be-
havior sequence features and user-item interaction 
bipartite graphs are constructed. Inside the model, 
the Transformer encoding module models the tem-
poral dependence and dynamic interests of user 
behavior, while the lightweight LightGCN module 
aggregates high-order neighborhood information 
to learn the potential associations between users 
and items. Finally, candidate items are scored and 
fi ltered, and the Top-N items are selected to form a 
candidate item set, completing the recommendation 
process in the recall phase.

2.2. Multi-order Feature Interaction 
Modeling Based on FM and DNN
In the ranking stage of the recommendation system, 
the candidate products have often been prelimi-
narily screened in the recall stage. At this time, the 
model needs to further characterize the complex in-
teraction relationship between user features, prod-
uct attributes and contextual behavioral features in 
order to achieve refi ned ranking of candidate prod-
ucts [20]. In view of the problem that users have 
high purchase frequency, diverse behavior patterns 
and sparse feature dimensions in the e-commerce 
FMCG scenario, this study constructs a multi-level 
feature interaction modeling method based on FM 
and DNN in the ranking stage to learn the feature 
relationship at diff erent levels collaboratively. In or-
der to model low-level feature interaction, the study 
introduces the FM model. FM adds a second-order 
feature combination term to the general linear mod-
el, and its form is shown in Equation (12) [4].

= = = +

= + + . (12)

In Equation (12), Y(x) represents the model's pre-
dicted output for sample x, v0 is the global bias value, 

and xi and xj are the values of the i-th and the j-th in-
put features.  λi is the fi rst-order weight parameter 
corresponding to the i-th feature, λij is the weight 
parameter of the second-order interaction term 
between the features xi and xj, and M is the number 
of features of the sample. To reduce the scale of the 
second-order interaction parameters and enhance 
the generalization ability of the model, FM uses la-
tent vector decomposition to model the second-or-
der feature interaction, and its prediction function 
is shown in Equation (13) [30].

= = = +

= + +

= +

= +

=

= +

. (13)

In Equation (13), YFM is the predicted output of the 
FM, and zi and zj are the latent vectors corresponding 
to the i-th and j-th features. To obtain richer feature 
interaction information, this study further explores 
higher-order feature relationships grounded in the 
FM model. For the transaction sequence data of 
FMCG on mobile e-commerce platforms, user be-
havior sequences are fi rst constructed in chronolog-
ical order, and the embedded representation of the 
sequence is obtained by using a pre-trained Word-
2vec model. Then, the representation is input into 
the DNN for higher-order feature interaction learn-
ing [14]. The output of the fi rst layer of the DNN is 
shown in Equation (14) [22].

= = = +

= + +

= +

= +

=

= +

. (14)

In Equation (14), YDNN represents the output of the 
DNN at layer l, and ωl and bl are the weights and bias-
es of layer l, respectively, and sl–1 is the input vector 
of layer l–1. In the output layer, the model predicts 
the probability of a user clicking or making a pur-
chase, and its calculation form is presented in Equa-
tion (15).

= = = +

= + +

= +

= +

=

= +

. (15)

In Equation (15), Ŷ  is the fi nal predicted probability 
of the user clicking or making a purchase. The loss 
function used during model training is defi ned as 
shown in Equation (16).
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Figure 4
DNN-FM structure.

= = = +

= + +

= +

= +

=

= +
 
. (16)

In Equation (16), L represents the overall loss value 
of the model during training, Yi represents the true la-
bel of the i-th sample, and Ŷi represents the predicted 
probability given by the model for the i-th sample. In 
the ranking stage, in order to learn and integrate the 
nonlinear relationship between the multi-dimen-
sional features of user purchasing behavior, a DNN-
FM model is constructed, the structure of which is 
shown in Figure 4. 
Figure 4, the DNN-FM model takes user, item, and 
multi-dimensional behavioral features as inputs 
and maps sparse features into low-dimensional 
vector representations through feature embedding. 
On the one hand, it explicitly models the low-order 
interaction relationships between features in the 

FM module, and on the other hand, it performs non-
linear combination of sequence embedding vectors 
and context features in the DNN to learn high-order 
feature interactions [9]. At the same time, Word2Vec 
is introduced to perform representation learning on 
user behavior sequences, and sequence information 
and static features are input into the deep network 
together [24]. Finally, the prediction outcomes are 
output through the Sigmoid activation function to 
realize the modeling of user behavior or click prob-
ability. The ranking process based on DNN-FM is 
shown in Figure 5.
In Figure 5, the ranking stage takes the candidate 
product set obtained from the recall as input. First, in 
the feature engineering stage, features are extracted 
and combined from the candidate products to form 
composite features for modeling. Then, the compos-
ite features are input into the Word2vec and DNN-
FM modules respectively for representation learning 
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Figure 5
Ranking process based on DNN-FM.

and high-order feature modeling. Based on this, the 
candidate products are rated and ranked, and finally 
a recommendation list is generated to complete the 
recommendation decision in the ranking stage.

2.3. An Optimization Algorithm for 
E-commerce FMCG Recommendation Based 
on LGTRM and DNN-FM
Building upon the LGTRM recall model and the 
DNN-FM ranking model, this study further propos-
es an e-commerce FMCG recommendation opti-
mization algorithm that integrates LGTRM, DNN, 
and FM to construct a complete "recall-ranking" 
integrated recommendation process. This algorithm 
employs targeted modeling strategies at different 
stages to efficiently mine users' potential interests 

and refine the recommendation results, thus bal-
ancing recommendation performance and system 
efficiency. The specific recommendation process is 
shown in Figure 6. 
In Figure 6, the LGTRM-DNN-FM algorithm starts 
by reading user interaction data. After data pre-
processing, it constructs user behavior sequence 
vectors and a user-item interaction bipartite graph 
during the recall phase. Based on the LGTRM mod-
el, it models user interests to select Top-K items to 
form a candidate set. Subsequently, the candidate 
items are ranked, and after feature construction, the 
DNN-FM model is used to complete prediction and 
ranking, outputting a personalized recommenda-
tion list, thus completing the entire recommenda-
tion decision-making process. In addition, the study 
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provides new theoretical constructions at the level 
of fusion architecture. Specifically, this article ana-
lyzes the complementarity between the high-order 
collaborative relationships captured by lightweight 
graph convolution and the dynamic temporal de-
pendencies modeled by Transformer self attention 
from the perspective of graph sequential joint rep-
resentation learning. The former performs isotropic 
neighborhood aggregation on the user item bipartite 
graph, which is essentially a low-pass filtering oper-
ation that can alleviate the sparsity problem of inter-
active data. The latter achieves selective attention 
to key behaviors in the sequence through adaptive 
weight allocation, and its attention distribution can 
be explained as an explicit characterization of user 
interest drift. The combination of the two forms a hi-
erarchical feature extraction framework from stat-
ic graph structure to dynamic behavior sequence, 
which is theoretically superior to using any module 
alone. At the same time, the DNN-FM joint model-
ing strategy proposed in the ranking stage provides 
a theoretical basis from the perspective of feature 
interaction order: FM explicitly models the com-
bination of first-order and second-order features, 
compensating for the opacity of deep networks in 

low-level interaction modeling, while DNN auto-
matically learns high-order nonlinear relationships, 
which together constitute a complete coverage of 
the feature interaction space.

3. Results
3.1. LGTRM-DNN-FM Algorithm 
Performance Test
To comprehensively evaluate the effectiveness and 
stability of the introduced LGTRM-DNN-FM rec-
ommendation optimization algorithm in e-com-
merce FMCG scenarios, this study experimentally 
validated the algorithm from multiple dimensions, 
including overall recommendation performance, 
ranking quality, and model generalization ability. 
The study selected the Amazon Grocery and Gour-
met Food public dataset, which consisted of Amazon 
product reviews and user behavior records, cover-
ing users' purchasing and interaction behaviors in 
FMCG fields such as food and daily necessities, ex-
hibiting high-frequency consumption and repeat 
purchase characteristics. This dataset is highly 

Figure 6
Process of recommendation optimization algorithm integrating LGTRM-DNN-FM.
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sparsity, of moderate size, and its scenario closely 
matches the actual needs of e-commerce FMCG rec-
ommendation, thus it is broadly applied in research 
related to recommendation systems and sequence 
recommendation. The experimental environment 
and parameter configuration are shown in Table 1. 
In terms of data partitioning and training strategy, 
this study adopts the following settings: the original 
dataset is randomly partitioned into training set, val-
idation set, and test set in an 8:1:1 ratio, with a fixed 
random seed of 2024 during partitioning to ensure 
the reproducibility of experimental results. The val-
idation set is used for early stopping strategy and 
hyperparameter selection. The monitoring amount 
for early stopping is the AUC value on the validation 
set. If there is no improvement in the AUC of the val-
idation set after 10 consecutive training epochs, the 
training will be stopped and the model parameters 

Category Configuration item Specific configuration

Operating system OS Ubuntu 20.04.6 LTS (64-bit)

CPU Processor Intel Core i9-13900K

Memory RAM 128 GB DDR5

GPU Graphics card NVIDIA RTX 4090 24GB

Storage Disk 2 TB NVMe SSD

CUDA CUDA Toolkit CUDA 11.8

Behavioral sequence L 50

Batch size Batch_size 1024

Training rounds Epochs 200

Optimizer Optimizer Adam

Learning rate Learning rate 0.001

L2 regularization coefficient L2_reg 0.0001

Number of GCN layers GCN_layers 3

Embedding dimension Embedding_dim 64

Number of attention heads Transformer_heads 4

Dropout rate Dropout 0.2

Early stopping patience Early_stopping_patience 10

Table 1 
Hardware and software environment.

will be restored to the optimal epochs. The hyperpa-
rameter search adopts a grid search strategy, and the 
search range includes: learning rates {0.0001, 0.0005, 
0.001, 0.005}, L2 regularization coefficients {1e-5, 5e-
5, 1e-4, 5e-4}, embedding dimensions {32, 64, 128}, 
GCN layers {1,2,3}, and attention heads {2,4,8}. Re-
garding the temporal partitioning method, this ar-
ticle strictly arranges the user behavior sequence in 
timestamp order when constructing it, with a fixed 
sequence length of 50. This processing method ac-
tually follows the principle of temporal partitioning, 
ensuring the temporal order of the training, valida-
tion, and testing sets and avoiding future information 
leakage. In the overall architecture of the LGTRM-
DNN-FM algorithm, the recall phase and sorting 
phase adopt independent training strategies, which 
are sequentially connected on the data stream but do 
not share parameters. The recall phase takes the us-
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er's historical interaction sequence and the user item 
bipartite graph structure as inputs, with a sequence 
length of 50 and an item embedding dimension of 64. 
The lightweight graph convolution module obtains 
the final embedding representation of users and 
items through 3-layer neighborhood aggregation. 
The embeddings of each layer are weighted and fused 
with equal weights to output a node embedding vec-
tor with a dimension of 64. At the same time, the user 
behavior sequence is embedded in a Transformer en-
coder for temporal modeling. The encoder includes 
4 attention heads, and the hidden layer dimension 
of the feedforward network is 256. The node embed-
dings output by the graph convolution are concate-
nated with the sequence representations output by 
the Transformer in the feature dimension, resulting 
in a joint representation vector with a dimension 
of 128. This vector is mapped to a prediction score 
through a two-layer feedforward network. The recall 
phase adopts Bayesian personalized sorting loss as 
the optimization objective, and optimizes it through 
paired training of 1024 positive and negative sample 
pairs per batch. The negative samples are randomly 
sampled from items that the user has not interacted 
with, with a sampling ratio of 1:1.
The sorting stage takes the Top-K candidate item set 
output from the recall stage as input, and combines 
user features, item features, and contextual features 
to construct a combined feature vector with a fea-
ture dimension of 128. The factorization module ex-
plicitly models the interaction between first-order 
and second-order features, and outputs a low order 
feature representation with a dimension of 64; The 
deep neural network module consists of three hid-
den layers, with 256, 128, and 64 neurons in each 
layer, used for learning high-order nonlinear feature 
interactions. The Word2Vec module performs pre 
training representation learning on user behavior 
sequences, generating a 64 dimensional sequence 
embedding vector. This vector is concatenated with 
the output of the factorization machine and the orig-
inal dense features before being input into a deep 
neural network. The output layer of the sorting stage 
uses the Sigmoid activation function to map the fi-
nal features to click or purchase probabilities, and 
trains with cross entropy loss as the optimization 
objective. The recall phase and sorting phase are 
trained independently, without joint parameter up-

dates during the training process, in order to reduce 
system coupling and improve the flexibility of engi-
neering deployment.
To further analyze the contribution of each com-
ponent module to the overall performance, an ab-
lation experiment was designed and conducted on 
the complete model LGTRM-DNN-FM. This model 
consisted of three parts: LGTRM, DNN, and FM. By 
removing or replacing each of these modules, the 
role of each component in user interest modeling 
and recommendation performance improvement 
could be systematically evaluated. In terms of eval-
uation metrics, the study selected the area under 
the receiver operating characteristic curve (AUC) 
and logarithmic loss (LogLos) as overall predictive 
performance metrics. AUC evaluates how well a 
model can differentiate between positive and neg-
ative samples, while LogLoss characterizes the fit 
between the predicted probability and the true label. 
Furthermore, to evaluate the model's performance 
in ranking and recommendation quality, the top-50 
hit ratio (HR@50) and the NDCG@50 were used 
as Top-K recommendation evaluation metrics, re-
flecting the hit coverage and ranking sensitivity of 
the recommendation results, respectively. The out-
comes are presented in Table 2.
From Table 2, it can be seen that the performance 
of the model without fusion operation, i.e. w/o Fu-
sion, decreased compared to the complete model 
LGTRM-DNN-FM. The area under the curve of 
the complete model was 0.902, and w/o Fusion de-
creased to 0.887. The normalized cumulative loss 
gain of the complete model was 0.241, while w/o Fu-
sion decreased to 0.223. This is because the core of 
the fusion operation is to embed the nodes output 
by lightweight graph convolution and concatenate 
them with the behavioral sequence features encod-
ed by Transformer, which achieves semantic align-
ment of two types of heterogeneous information. 
The area under the curve of w/o LightGCN is 0.885, 
and the area under the curve of w/o Transformer is 
0.889, both of which are lower than the 0.902 of the 
complete model; In terms of normalized cumula-
tive loss gain index, w/o LightGCN is 0.220 and w/o 
Transformer is 0.224, both lower than the 0.241 of 
the complete model. The above results indicate that 
removing either the graph convolution module or 
the Transformer module alone leads to performance 
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degradation, and removing the Transformer has a 
slightly greater impact on ranking quality indicators 
than removing the graph convolution. This is con-
sistent with the strong temporal dependence of user 
behavior sequences in fast-moving consumer goods 
scenarios. From a theoretical perspective, the inter-
action between graph convolution and self atten-
tion can be explained as a synergistic mechanism of 
structure and timing. Graph convolution performs 
neighborhood aggregation on the user item bipartite 
graph, which is essentially a Laplacian smoothing 
operation that can propagate collaborative signals 
along the graph structure to alleviate data sparsity 
issues. However, the output of graph convolution is 

a static node representation, which cannot distin-
guish the intention changes of the same user in dif-
ferent time windows. In contrast, the self attention 
mechanism of Transformer can dynamically capture 
the user's interest drift trajectory by calculating the 
similarity between positions within the sequence. 
When two types of mechanisms are fused, graph 
convolution embedding provides a global structural 
prior for self attention, which clarifies which items 
are similar to the user's historical preferences in the 
collaborative filtering sense, thereby guiding atten-
tion weights to shift towards items with high collab-
orative relevance in sparse sequence positions. At 
the same time, sequence information dynamically 

Method AUC LogLoss HR@50 NDCG@50

Full: LGTRM-DNN-FM 0.902 0.358 0.681 0.241

w/o LGTRM(DNN-FM only) 0.872 0.394 0.631 0.212

w/o Transformer(LightGCN-DNN-FM) 0.889 0.374 0.659 0.224

w/o LightGCN(Transformer-DNN-FM) 0.885 0.379 0.652 0.22

w/o DNN(LGTRM-FM) 0.881 0.381 0.646 0.218

w/o FM(LGTRM-DNN) 0.892 0.368 0.666 0.231

w/o Fusion 0.887 0.376 0.656 0.223

Table 2 
Outcomes of ablation experiment.

(a) Training  set (b) Test set

Figure 7
Comparison of AUC results.
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modulates graph convolution embedding through 
temporal context, avoiding outdated recommen-
dations of static graph structures when user inter-
ests shift. From an information theory perspective, 
fusion operations reduce the conditional entropy 
of joint representations, as graph information and 
sequence information encode different orthogonal 
dimensions of user preferences. When both work 
together, they provide a more complete depiction of 
the user's true intention. The above analysis veri-
fies the rationality of the current fusion design from 
both theoretical and empirical perspectives.
To further confirm the validity and superiority of 
the introduced LGTRM-DNN-FM algorithm in the 
e-commerce FMCG recommendation task, the pro-
posed LGTRM-DNN-FM algorithm was compared 
with Heterogeneous Graph Convolutional Network 
Recommendation with Adaptive Denoising Train-
ing (HGCRD) [11] and Consumer Purchasing Power 
Prediction via Barracuda Swarm Optimization Al-
gorithm Driven Deep Learning (CP3-BSOADL) [1]. 
The AUC results of the three algorithms on the data-
set are shown in Figure 7.
Figures 7(a) and 7(b) show the AUC outcomes of the 
three algorithms on the training and test sets, re-
spectively. In Figure 7(a), during the training phase, 
the ROC curve of LGTRM-DNN-FM consistently 
ranked at the top, with an AUC of 0.94, demonstrat-
ing its strongest ability to distinguish between pos-
itive and negative samples. In Figure 7(b), the AUC 
of LGTRM-DNN-FM further improved to 0.96, and 

its ROC curve rose more steeply in the low false pos-
itive rate region. When the false positive rate was 
less than 0.2, the true positive rate approached 0.9, 
demonstrating outstanding early recognition ability. 
The reason for the difference compared to the AUC 
values in Table 2 is as follows. The AUC values in 
Table 2 are the final generalization performance in-
dicators obtained on the test set after selecting the 
optimal training round based on the early stopping 
strategy on the validation set in the complete data-
set, representing the true performance of the model 
on unknown data. The AUC value on the training set 
is used to reflect the model's sufficient learning level 
from the training data; The AUC value on the vali-
dation set comes from the optimal training round 
selected by the early stopping strategy, reflecting 
the peak discriminative ability reached by the model 
on the validation set. This is because it is the peak 
performance of the model's discriminative ability 
during the optimal training round, and the user pur-
chasing behavior in the fast-moving consumer goods 
scenario has clear time dependence and repeat pur-
chasing patterns, which provides a strong discrim-
inative signal for the model, making the AUC reach 
0.96 within a reasonable range. These results veri-
fied that LGTRM-DNN-FM had stronger discrim-
inative and generalization abilities in FMCG rec-
ommendation. The Mean Reciprocal Rank (MRR) 
results of different algorithms are shown in Figure 8.
Figures 8(a)-(b) show the MRR results of the three 
algorithms on the training and test sets, respectively. 

(a) Training  set (b) Test set

Figure 8
MRR results comparison.
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In Figure 8(a), LGTRM-DNN-FM consistently per-
formed best, with an MRR close to 0.7 in the Top-5. 
As K increased to above 20, the MRR improvement 
of each model slowed down, but LGTRM-DNN-FM 
still maintained a stable lead, approaching 1.0 near 
the Top-50, consistently maintaining an advantage 
of approximately 0.05-0.10. This indicated that the 
model had a significant advantage in ranking accura-
cy and top-ranking ability. In Figure 8(b), LGTRM-
DNN-FM maintained a significant advantage in the 
Top-5 to Top-10 region, with the fastest MRR in-
crease, indicating that it could better capture users' 

core interests. This result reflected the model's good 
ranking performance and generalization ability. The 
training time comparison of the three algorithms is 
shown in Figure 9.
Figures 9(a)-(b) compare the training times of the 
three algorithms on the training and test sets, re-
spectively. In Figure 9(a), LGTRM-DNN-FM took 
14 seconds after 20 rounds, 17 seconds after 100 
rounds, and 21 seconds after 200 rounds, saving 5 
seconds compared to HGCRD and 1 second com-
pared to CP3-BSOADL, demonstrating that this 
model had better computational efficiency during 

(a) Training  set (b) Test set

Figure 9
Comparison of training time.

(a) PR curves (b) F1 scores

Figure 10
Comparison between PR and F1 score.
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(a) Repeat purchase hit rate

(b) Category hit ratio

(c) Average rank of relevant items

Figure 11
Comparison of recommendation effects.

the training phase. In Figure 9(b), the time ranking 
of the three methods remained unchanged. The re-
sults on the training and test sets were consistent, 
indicating that this time difference stemmed from 
the computational efficiency of the model itself, 
rather than the randomness of the data partitioning. 
In summary, LGTRM-DNN-FM maintained superi-
or recommendation performance while having low-
er training time overhead, demonstrating good engi-
neering deployability.

3.2. Analysis of the Recommendation Effect 
of E-commerce FMCG Based on LGTRM-
DNN-FM
To further analyze the recommendation quality and 
application effect of the proposed LGTRM-DNN-
FM algorithm in the actual e-commerce FMCG 
recommendation scenario, this study conducted an 
in-depth analysis from the aspects of precision and 
recall balance, classification comprehensive perfor-
mance, and the stability of recommendation results 
of different algorithms, to verify its comprehensive 
trade-off ability between coverage and accuracy. Fig-
ure 10 shows the precision-recall (PR) and F1 score 
of e-commerce FMCG recommendations based on 
three different algorithms. 
Figures 10(a)-(b) compare the PR curves and F1 
scores of the three algorithms, respectively. In Fig-
ure 10(a), when the recall rate was below 0.6, the 
precision of LGTRM-DNN-FM remained stable 
above 0.9. As the recall rate increased to the 0.7-0.8 
range, the precision of LGTRM-DNN-FM could still 
be maintained at about 0.85, while CP3-BSOADL 
dropped to about 0.7, and HGCRD was below 0.6. 
LGTRM-DNN-FM had a better balance between 
coverage breadth and recommendation accuracy. 
In Figure 10(b), LGTRM-DNN-FM consistent-
ly had the highest F1 score, reaching about 93% in 
the early stages of training and increasing to about 
95% around 200 rounds, with small fluctuations and 
stable convergence throughout. In theory, LGTRM-
DNN-FM integrates graph structure information 
and temporal information, which can more com-
prehensively characterize user interests. Therefore, 
achieving an F1 value of 95% on the balance between 
accuracy and recall does not exceed a reasonable 
range. In summary, LGTRM-DNN-FM not only 
outperformed the comparison methods in terms of 
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precision and recall, but also demonstrated superior 
overall classification performance and training sta-
bility, further validating the model's effectiveness 
and practical value in FMCG recommendation tasks. 
This study focused on FMCG recommendation sce-
narios in e-commerce, categorizing products into 
four typical categories: food and beverages, person-
al care and cleaning products, household goods, and 
baby products. The recommendation performance 
of different methods in each category was compared 
and analyzed, as shown in Figure 11. 
Figures 11(a)-(c) compare the repurchase hit rate, 
category hit rate, and average ranking results of relat-
ed products for the three algorithms across different 
FMCG categories. In Figure 11(a), LGTRM-DNN-
FM maintained the highest category repurchase hit 
rate across all four FMCG categories, consistently 
remaining within the 90%-98% range. Specifically, it 
achieved 92% and 93% in the food and beverage and 
personal care/cleaning categories, respectively, and 
maintained 92% and 94% in the household and baby 
products categories. In Figure 11(b), LGTRM-DNN-
FM maintained the highest category hit rate across 
all four FMCG categories, consistently remaining 
within the 90%-98% range. It reached 96% and 94% 
in the food and beverage and personal care/clean-
ing categories, respectively, and 95% and 93% in the 
household and baby products categories. As shown 
in Figure 11(c), LGTRM-DNN-FM achieved the 

lowest average ranking across all categories, indicat-
ing its ability to prioritize products that users were 
truly interested in at the top of the recommendation 
list. In summary, LGTRM-DNN-FM demonstrated 
stronger accuracy and stability in both specific prod-
uct repurchase prediction and category-level prefer-
ence matching, validating its practical application 
value in FMCG recommendation scenarios.
To further evaluate the robustness and stability of the 
proposed LGTRM-DNN-FM algorithm in scenarios 
with incomplete user-item interaction information, 
this study constructed experimental environments 
with 0%, 10%, 20%, and 30% interaction loss by ran-
domly discarding different proportions of interac-
tion edges in the user-item interaction graph. The 
performance of LGTRM-DNN-FM, CP3-BSOADL, 
and HGCRD was compared and analyzed in terms of 
AUC, LogLoss, HR@50, NDCG@50, and MRR@50. 
The comparison results under different proportions 
of missing interaction edges are presented in Table 3. 
As shown in Table 3, as the proportion of discard-
ed interactive edges gradually increased from 0% 
to 30%, all three methods showed a continuous de-
cline in metrics such as AUC, HR@50, NDCG@50, 
and MRR@50, while LogLoss gradually increased, 
indicating that the lack of interactive information 
had a significant negative impact on recommenda-
tion performance. However, under different discard 
ratios, LGTRM-DNN-FM consistently performed 

Edge dropout Method AUC LogLoss HR@50 NDCG@50 MRR@50

0%

LGTRM-DNN-FM 0.902 0.358 0.681 0.241 0.425

CP3-BSOADL 0.889 0.374 0.659 0.224 0.389

HGCRD 0.885 0.379 0.652 0.22 0.372

10%

LGTRM-DNN-FM 0.895 0.365 0.671 0.235 0.413

CP3-BSOADL 0.88 0.384 0.646 0.216 0.374

HGCRD 0.875 0.39 0.639 0.212 0.357

20%

LGTRM-DNN-FM 0.887 0.374 0.659 0.228 0.399

CP3-BSOADL 0.869 0.396 0.632 0.206 0.356

HGCRD 0.862 0.404 0.623 0.201 0.338

30%

LGTRM-DNN-FM 0.878 0.384 0.648 0.221 0.385

CP3-BSOADL 0.856 0.411 0.614 0.193 0.335

HGCRD 0.847 0.421 0.602 0.187 0.316

Table 3 
Comparison under different proportions of missing interaction edges.
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(a) HGCRD (b) CP3-BSOADL (c) LGTRM-DNN-FM

Figure 12
Comparison of resource consumption.

best with the smallest performance decline. For ex-
ample, its AUC dropped from 0.902 to 0.878, a de-
crease of approximately 2.4%, while CP3-BSOADL 
and HGCRD decreased by approximately 3.7% and 
4.3%, respectively. In terms of ranking metrics, LG-
TRM-DNN-FM's MRR@50 decreased from 0.425 
to 0.385, but was still significantly higher than 
CP3-BSOADL's 0.335 and HGCRD's 0.316. Under 
the condition of 30% edge dropout, its HR@50 and 
NDCG@50 remained at 0.648 and 0.221, respec-
tively, while the comparison method decreased to 
0.614/0.193 and 0.602/0.187. Overall, although the 
lack of interactive edges reduced model perfor-
mance, the LGTRM-DNN-FM, which integrated 
graph structure and sequence modeling, was more 
robust to structural perturbations and could main-
tain relatively stable recommendation performance 
under high edge dropout scenarios. The resource 
consumption of the three algorithms in e-commerce 
FMCG recommendation is shown in Figure 12.
Figures 12(a)-(c) compare the fluctuation amplitude 
and resource consumption of the three algorithms. 
In Figure 12(a), HGCRD exhibited the most severe 
fluctuation. It oscillated frequently within 150 sec-
onds, with the fluctuation range initially between 
±80-120 and later showing multiple peaks close to 
±200, indicating a serious lack of stability. Simulta-
neously, its resource consumption continued to rise 
and remains high, peaking at approximately 70-80, 
indicating low efficiency. In Figure 12(b), the fluctu-
ation of CP3-BSOADL showed some improvement: 
it is generally concentrated in the ±80-100 range, 
with fewer extreme peaks and a relatively smooth 

trend, indicating a more stable response. However, 
it still exhibited continuous oscillations in some ar-
eas, and the peak resource consumption was around 
60, showing room for optimization. In Figure 12(c), 
LGTRM-DNN-FM performed best: its fluctuation 
remained within a very narrow range of ±60-80 
throughout the entire process, with a stable trend, 
indicating strong perturbation suppression and high 
robustness. Meanwhile, its resource consumption 
remained consistently low, around 40-50%, signifi-
cantly lower than the previous two methods. Overall, 
LGTRM-DNN-FM demonstrated outstanding per-
formance in both stability and efficiency.

4. Conclusion
This study proposed a recommendation optimi-
zation algorithm, LGTRM-DNN-FM, which inte-
grated lightweight graph convolution, Transformer, 
and DNN-FM for e-commerce FMCG recommen-
dations. Its performance was systematically vali-
dated on publicly available datasets. Experimen-
tal findings showed that the introduced approach 
significantly outperformed comparative models in 
prediction accuracy, ranking quality, and robust-
ness. In overall performance evaluation, LGTRM-
DNN-FM achieved an AUC of 0.902 and reduces 
LogLoss to 0.358. In Top-K recommendation met-
rics, its HR@50 and NDCG@50 reached 0.681 and 
0.241, respectively, demonstrating stronger recom-
mendation coverage and ranking accuracy. Robust-
ness analysis showed that even with a 30% drop-
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out rate for interactive edges, LGTRM-DNN-FM 
maintained high AUC and MRR, with a significantly 
smaller performance degradation than compara-
tive methods, demonstrating its good adaptability 
to structural perturbations. Furthermore, in rec-
ommendation experiments across different FMCG 
categories, the model maintained a stable advantage 
in metrics such as repurchase rate, category hit rate, 
and average ranking, while also exhibiting lower re-
source consumption and training time, demonstrat-
ing good engineering practicality. However, there 

are still limitations in the research, such as the cur-
rent model mainly relying on static interaction and 
behavior sequence information, without explicitly 
introducing interpretability modules. Future work 
will explore embedding lightweight interpretable 
mechanisms without significantly increasing com-
putational overhead, such as using neighborhood 
aggregation paths in graph convolution to generate 
recommendation criteria, or combining attention 
weights to provide users with retrospective analysis 
of key behavioral features.
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