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ABSTRACT

The recommendation system (RS) on the strength of Graph Neural Networks (GNN) perceives a user-item inter-
action graph after collecting all items the user has interacted with. Afterward the RS performs neighborhood
aggregation on the graph to generate long-term preference representations for the user in quick succession. How-
ever, user preferences are dynamic. With the passage of time and some trend guidance, users may generate some
short-term preferences, which are more likely to lead to user-item interactions. A GNN recommendation based
on long- and short-term preference (LSGNN) is proposed to address the above problems. LSGNN consists of four
modules, using a GNN combined with the attention mechanism to extract long-term preference features, using
Bidirectional Encoder Representation from Transformers (BERT) and the attention mechanism combined with
Bi-Directional Gated Recurrent Unit (Bi-GRU) to extract short-term preference features, using Convolutional
Neural Network (CNN) combined with the attention mechanism to add title and description representations
of items, finally inner-producing long-term and short-term preference features as well as features of items to
achieve recommendations. In experiments conducted on five publicly available datasets from Amazon, LSGNN
is superior to state-of-the-art personalized recommendation techniques.
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1 Introduction

Internet technology has increased the information available to users, resulting in an information overload
problem. It is essential to recommend the content that users are interested in from the vast amount of
information available. In this context, the concept of recommendation systems (RS) was proposed [1]. RS
model users’ interest preferences based on their personal information and browsing history and then make
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personalized recommendations for users based on their interest preferences. RS is currently attracting
extensive research in academia and industry [2,3].

In real-world scenarios, the interaction data in RS is essentially a large graph structure where most
objects are connected explicitly or implicitly. This inherent data characteristic makes it necessary to
consider complex inter-object relationships when making recommendations. Therefore, with the research
and development of Graph Neural Network (GNN), more and more researchers are using GNN for RS to
extract node information about the associations between users and items. Berg et al. [4] used a GNN to
fill in the missing rating information in the interaction graph. Ying et al. [5] combined a random walk and
a GNN to generate node embeddings that contain the nodes’ graph structure and feature information.
Zhang et al. [6] proposed using multi-connected graph convolutional encoders to learn node
representations. Wang et al. [7] introduced the idea of residuals into a GNN to multiple aggregate layers
of neighbor representations into the final node representation.

Although GNN-based RS excels in feature extraction, current GNN-based RS usually constructs a user-
item interaction graph using all items that users have interacted with in the past [8,9], and then generates
long-term preference representations by performing neighborhood aggregation on the graph. In addition
to relatively stable long-term preferences, user preferences are inherently dynamic, and over time and
with some trend guidance, they may also generate some short-term preferences. Further, short-term
preferences are more likely to lead to user-item interactions. Therefore, on top of the long-term preference
representation captured by the user-item interaction graph, combining the long-term preference
representation with the short-term preference representation will yield better recommendation results. At
the same time, due to the data sparsity caused by the huge amount of data, the item features obtained by
constructing the user-item interaction graph using IDs alone may not be sufficient. Therefore, based on
the features of item nodes captured by GNN, combining other attribute information of items can further
capture more adequate item features.

In summary, we propose a GNN recommendation model based on long- and short-term preference
(LSGNN), with the following main contributions:

1) Design a new methodological framework. This recommendation framework fuses long-term
preference features and short-term preference features. It combines item title and description
information to achieve predictive recommendations based on the fused features.

2) Design a new short-term preference feature extraction model. First, semantic information is extracted
using Bidirectional Encoder Representation from Transformers (BERT). Then, the information of
recent interaction data is captured by Bi-directional Gated Recurrent Unit (Bi-GRU) to empower
the model to analyze recent preference features. Finally, the recent interaction features are given
different attention weights by the attention mechanism, which allows the model to extract more
helpful preference features.

3) Design a new item text feature extraction model. First, semantic information is extracted using BERT.
Then, the hidden word representations in the item words are captured by a Convolutional Neural
Network (CNN). Finally, the final text representation is obtained by the attention mechanism.

4) Conducted experiments with the model on five publicly available Amazon datasets. The proposed
method proved better than the existing recommendation methods with improved results.

2 Proposed Frameworks

In this section, we describe the proposed LSGNN, which is structured as shown in Fig. 1. LSGNN
consists of four modules: (1) long-term preference and item node feature extraction module, which uses
GNN combined with the attention mechanism to extract long-term user preference representation and
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item node feature representation; (2) short-term preference extraction module, which uses Bi-directional
Gated Recurrent Unit (Bi-GRU) combined with the attention mechanism to extract short-term user
preference representation; (3) item text feature extraction module, which uses a CNN combined with the
attention mechanism to extract item text feature representation; (4) prediction module, which cascades
users’ final representation and items’ final representation to predict recommendation scores.

Short-term preference Long-term preference and item node Item text feature
extraction feature extraction extraction

BE8-8 2 L 2 S 868
— i o

woow, w, \___/\___/\‘_/ woow, w,

I S 3

BERT mapping BERT mapping

o
Neighbors of u | | | Neighbors of i

|

i

1

]

h

| |

1 1

i i

i -
< i P . -
/ Voo i N |
| N OIOR := @ @ o s i
| H 1 i o by .‘Q“x.& !
1 ] ] / St
: N ) Vo Cese» !
D@ | | [ [ | NS
\ GRU/ ! @ @ N T ow/
___________ ! ! .Y

i i

: (k) --1 -1 e(“ :

! [T T L Fe

1 1

i |

| |

Recommendation |

Figure 1: The overall framework of the proposed model

2.1 Long-Term Preference and Item Node Feature Extraction Module

The long-term preference and item node feature extraction module includes the long-term preference
extraction of users and the node feature extraction of items. Since the extraction methods are the same,
we only describe the users’ long-term preference extraction method.

2.1.1 ID Feature Embedding Layer
This layer illustrates the feature embedding representation of users and items. We construct user-item
interaction graphs using the complete historical interaction data, embedding each user and item into a

dense vector by their respective IDs.
If there are m users and n items, we denote the initial embedding vector of users as the set
ei(lo) = [e&?), egg), e 6531)] and the initial embedding vector of items as the set ego) = [eﬁf”, eg)), A el(’?)].

The ID embedding vectors of users and items are in their initial state. We further refine the embedding by



3070 CSSE, 2023, vol.47, no.3

propagating them in the forward propagation layer so that the ID embedding vectors can better express their
connoted association relationships.

2.1.2 Forward Propagation Layer

This layer computes the node representations of all users and items. We aggregate the neighboring nodes
in the interaction graph by a Graph Convolutional Network (GCN) [10] and perform forward propagation to
obtain the embedding representations of long-term preference and item nodes.

First, we aggregate the initial ID embeddings of the item nodes in all neighboring nodes of user u. Thus,
we obtain the first layer embedding expression of user u in the GCN, as shown in Eq. (1).

o0 ]
,EZN\/W Nk @

where, e ) denotes the first-order feature of user u on the first GCN layer, e< denotes the first-order feature
of item i on the first GCN layer, 1/ (\/7 VN; ) denotes the aggregation operation in the original GCN design,
N, denotes the set of neighboring nodes of user u, and N; denotes the set of neighboring nodes of item i. In
short, Eq. (3) aggregates the initial item node ID embedding of all neighboring nodes of user u to obtain the
first level embedding representation of user u in the interaction graph.

Then, according to the computation of first-order propagation, we can stack multilayer graph
convolution in a GCN to model the higher-order association relationship features between users and
items, as shown in Eq. (2).

=X I @
iEN, |N |N
where, e ) denotes the features of user u on the kth GCN layer and e 1) denotes the features of user « on the
k — 1th GCN layer.

Finally, we stitch the user node representation by layer forward propagation to obtain the final
representation e, = el”) @ ell) @ - .. @ el of the user node.

2.1.3 Attention Layer
This layer assigns attention weights to the different layer embeddings to determine the importance of
each layer embedding.

We calculate the attention distribution o for each embedding layer, as shown in Eq. (3).
%, = Softmax(w, x tanh(wy; x e!)) 3)

where, o, contains the weights of the embedding representations from layer 0 to layer &, w, is the weight
matrix of guery in the attention mechanism, wy is the weight matrix of key in the attention mechanism,
and Softmax() function is used to normalize the weights of the kth layer embedding.

We use the attention distribution to weigh and sum the embedding vectors of each layer to obtain the
long-term preference representation U; of users in the total interaction data, as shown in Eq. (4).

k
Ur=> oulz)eu(z) 4)
Z=0

Similarly, we use the methods in Sections 2.1.2 and 2.1.3 to obtain the node feature representation /; of
the items in the total interaction data.
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2.2 Short-Term Preference Feature Extraction Module

The short-term preference feature extraction module extracts the short-term preferences of users through
their recent interaction history.

2.2.1 Item Sequence Embedding Layer

This layer transforms the sequence of the items into a low-dimensional vector output. We use Bidirectional
Encoder Representation from Transformers (BERT) because BERT is composed of multiple transformer
overlays, which can solve the problem of multiple meanings of a word; also, BERT can selectively utilize
information from all layers, allowing the multilayer properties of words to be exploited [11].

First, given a sequence of ¢ items with which user u has recently interacted, we obtain a textual
representation W = [wy, ws, ..., w,] of the corresponding items in the item sequence.

Then, to get the vector of the sequence low-dimensional, we input the item text into the BERT model, get
the low-dimensional vector through the encoder, and denote the obtained vector as S = [s1, s2, ...,/

Finally, since each item sequence has different lengths, the obtained vectors have different sizes, and too
much difference in the vectors will affect the overall effect of the model. Therefore, we adopt the fixed-length
strategy and select only a fixed number of low-dimensional vectors. Among them, the vectors that exceed the
fixed length are truncated, and zero vectors complement the vectors that do not reach the fixed length.

2.2.2 Vector Encoding Layer

This layer captures the order information in the low-dimensional vectors. When the encoding layer
encodes the word vectors, it needs to include contextual information. The standard encoders only keep
the data content of the current moment and ignore the data content of the last moments, which can
significantly increase the prediction error. To overcome this problem, we use Bi-directional Gated
Recurrent Unit (Bi-GRU) [12] to encode the word vectors.

First, we use Bi-GRU to forward and backward encoding of the low-dimensional vectors of item
information, as shown in Egs. (5) and (6). The forward encoding performs feature extraction in the order
from vector s; to vector s,. The backward encoding performs feature extraction in the order from vector s;
to vector s;.

hﬁ = GRl]forward(Si)a i€ [17 27 ) t] (5)
hb,- = GRUbackward(Si)a 1€ [17 27 ceey t] (6)

Then, we cascade the forward features 4, and backward features %, to obtain the order information
features 4 of each item vector as a whole, as shown in Eq. (7).

hi:/’l_ﬁ@hbi,iE[l,Z,...,t] @)

Finally, we integrate and output the order information of each item vector as a whole, denoted as
H=[hy, hy, ... k.

2.2.3 Attention Layer
This layer assigns different attention weights to each item vector [13], which determines the importance
of the user’s recently interacted items and empowers the model to extract short-term preference features.

We calculate the attention distribution f for the importance of each interaction item, as shown in Eq. (8).
f = Softmax(w; x tanh(w; x H')) (8)

where, to distinguish from the attention mechanism of the long-term preference extraction module, we denote
the weight matrix of query as w;, the weight matrix of key as wy, ff contains the embedding representation
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weights of the 1st to the tth item vector, and Softmax() function is used to normalize the weights of the kth
layer embedding.

We add the weight of the order information provided by the vector coding layer based on attention

distribution and represent the overall feature of items’ order information as C = [¢y, ¢, ..., ¢/, which
is calculated as shown in Eq. (9).
C=pH )

2.2.4 Feature Mapping Layer
This layer multiplies the sequential features after adding attention weights with the learnable weight
matrix to get the short-term preference representation of the user, as shown in Eq. (10).

Uvzwlxc+bl (10)

where, m; is the weight parameter of the feature mapping layer and b; is the bias parameter of the feature
mapping layer.

2.3 Item Text Feature Extraction Module

The item text feature extraction module extracts the textual representation of the item from the item
title and description information. Due to the sparsity of the data in the RS, capturing the features of the
items using IDs alone may not be sufficient, so we use this module to extract additional textual
representations of the items.

2.3.1 Item Sequence Embedding Layer
_ This layer embeds the title and description information of the items. We obtain the vector sequence
S =51, 52, ...,5] of item title and description information by the method shown in Section 2.1.1.

2.3.2 Convolutional Neural Network Layer

This layer captures the hidden contextual word representations in the item words. The local context of
words in the input text is essential for learning their representations. Therefore, we design a Convolutional
Neural Network (CNN) to learn contextual word learning by capturing its local context.

We denote the contextual word sequence of items as C= [¢1, €2, ...,¢], and its convolution is
calculated as shown in Eq. (11).
& = Relu(wy x S, + b)) (11

where, $;1; is the vector sequence stitching from position i — k to i 4 &, w; is the convolutional kernel weight
of the CNN filter, b, is the bias parameter of the CNN filter, and Relu() is the activation function.

After the convolutional computation, we design the attention mechanism to assign different attention
weights to contextual words to select the essential words in the context.

We calculate the attention weight y for each word in the sequence, as shown in Eq. (12).
7 = exp(tanh(ws x C) + b3) (12)

where, w3 is the weight parameter of word attention and b3 is the bias parameter of word attention.

We assign impact to each input text according to the attention weights and obtain the feature
representation r of the word context, as shown in Eq. (13).
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r=yC (13)

We input the title and description information of the item into this module to obtain the title
representation 7, of the item and the description representation r; of the item. Then, we cascade the two
representations to obtain the textual feature representation D of the item as a whole, as shown in Eq. (14).

D=r®ry (14)

2.4 Prediction Module

The prediction module cascades long- and short-term preference features and item text features for the
final prediction of the matching score.

We cascade the long-term preference representation of the user with the short-term preference
representation to obtain the final representation of the user, as shown in Eq. (15).
U=U®U; (15)

Similarly, we cascade the item’s long-term preference representation with the item’s text feature
representation to obtain the final representation of the item, as shown in Eq. (16).

I=1&D (16)

Finally, we inner-product the user’s final representation with the item’s final representation to predict the
matching score of their interaction, as shown in Eq. (17).

Fi=UT Q1 (17)

2.5 Model Objective Function

We train and optimize the model using the BPR loss function to predict the interactions between users
and items. In the BPR loss function, observed interactions are assumed to represent the user’s preferences
better, so higher prediction values are produced than unobserved interactions [14]. This objective function
is defined as shown in Eq. (18).

Loss = Z —IHU(?ui—’A”uj)‘i‘)\“@H% (18)

(u,ij)€o

where, 0 = {(u, i, j)|(u, i) € R, (u, j) € R} is the pairwise training data, R is the observed interaction,
R~ is the unobserved interaction, () is the activation function, we choose the sigmoid function,
0 = {wy, ok, 0z, w5, o1, by, wa, by, w3, b3} is the set of all trainable parameters of the model and A
controls the L2 regularization strength to prevent overfitting.

3 Experiment and Analysis

In this section, we perform experiments on the Amazon public dataset, which consists of parameter
optimization experiments, performance analysis experiments, ablation experiments, and case analysis to
confirm the effectiveness of LSGNN from various aspects.

3.1 Datasets

The Amazon dataset, one of RS’s most widely used datasets [15], has a large dataset to support our
experiments. Therefore, we choose five datasets with review text in the Amazon dataset as the datasets
for our experiments, namely Automotive (Auto), Baby, Sports & Outdoors (SO), Video Games (VG),
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and Toys and Games (TG). The number of users, number of items, number of interactions, and data sparsity
are shown in Table 1. To ensure feasibility and fairness, we randomly divide each dataset into a training set, a
test set, and a validation set in the ratio of 7:2:1. On the validation set, we debug the optimal parameters. On
the test set, we evaluate the model’s performance.

Table 1: Datasets details

Dataset Number of users Number of items Number of interactions Data sparsity
Auto 15280 8157 226477 99.82%
Baby 19445 7050 160792 99.88%
SO 33816 17142 533041 99.91%
VG 19412 11924 167597 99.93%
TG 24303 10672 231780 99.84%

As seen in Table 1, although the data for each sample differed considerably, these datasets are sufficient
to train and validate the proposed model because the data is large enough. In addition, the sparsity of each
dataset is above 99%, which illustrates the significance of our adding item text features to alleviate sparsity.

3.2 Experimental Setup

3.2.1 Evaluation Metrics

Since the recommendation rating prediction is essentially a regression problem, we use the Root Mean
Square Error (RMSE) and the Mean Square Error (MSE) [16], the most common evaluation metrics for
regression problems, as shown in Egs. (19) and (20), respectively.

1
RMSE = | = 3" (P —ru) (19)
‘Z’ ueZzZ,icZ
1
MSE =— > (Fui — 7ui) (20)
|Z‘ ueZ icZ

where, Z is the number of interactions, 7,; is the predicted rating of item i by user u, and r,; is the actual rating
of item 7 by user u. The smaller the RMSE and MSE, the lower the model’s prediction error and the higher the
prediction accuracy.

3.2.2 Baselines

We classify the baselines into three categories: traditional recommendation method (BPRMF), long- and
short-term preference-based recommendation methods (CLSR, LSMA, and SLSTNN), and GNN-based
recommendation methods (LightGCN, HA-GNN, and LDGC-SR).

BPRMF [17]: The Bayesian Personalized Ranking (BPR) matrix factorization method allows the
interaction information to be used directly as the final target value.

CLSR [18]: The short-term interest representation of users is learned using the self-attention mechanism,
the long-term features of users are extracted using Bi-GRU, and finally, the long- and short-term features are
fused.

LSMA [19]: Combines multilayer attention mechanisms and spatiotemporal information to model users’
long- and short-term preferences and studies users’ preferences at a coarse-grained semantic level.
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SLSTNN [20]: Improves the representation of spatiotemporal data by combining a two-layer attention
mechanism and a long and short-term neural network.

LightGCN [21]: Uses a GCN to model user-items higher-order connectivity and simplifies the GCN’s
redundant parts.

HA-GNNN [22]: Dependencies between items are captured using a self-attentive GNN, the higher-order
relationships in the graph are learned using a soft-attention mechanism, and finally, the embeddings of items
are updated using a fully connected layer.

LDGC-SR [23]: Global contextual information of nodes is integrated using normalization and adaptive
weight fusion mechanisms, and the current interest of users is captured more accurately by a global context-
enhanced short-term memory module.

3.2.3 Parameter Setting
To better improve the recommendation effect of the model, we debug the essential parameters of the
model.

We choose the appropriate GNN embedding dimension in {16, 32, 64}, and the results are shown in
Fig. 2. The best result is achieved when the embedding dimension of the GNN is 32. However, the
model performance is worse when the embedding dimension is larger, which may be because the
overfitting of the model is caused by too large embedding dimension. Therefore, we set the GNN
embedding dimension to 32.

1.05 P — 1.05
0.95 0.95
0.9 0.9
T ===y
+
0.85 ‘\ 0.85
0.8 0.8
0.75 0.75
16 32 64 16 32 64
“@rAuto “4=Baby “=50 TG VG «feAuto “0=Baby S0 TG AVG
(a) RMSE (b) MSE

Figure 2: The effect of GNN embedding dimension on the model

We choose the appropriate GNN layers in {1, 2, 3, 4}, and the results are shown in Fig. 3. The number of
GNN layers achieves the best result at layer 3. At the same time, deeper GNN layers do not improve the
model’s performance much, which may be because of the model smoothing, as the representation
between nodes is too similar after multilayer neighborhood aggregation. Therefore, we set the GNN
layers to 3.

We choose the appropriate word embedding dimension for item text in {50, 100, 200, 300}, and the
results are shown in Fig. 4. There is no significant improvement in model performance as the word
embedding dimension increases, which may be because the smaller word embedding dimension captures
enough implicit information. Therefore, to speed up the model’s training, we set the word embedding
dimension to 50.
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Figure 3: The effect of GNN layers on the model
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Figure 4: The effect of word embedding dimension on the model

We choose the appropriate number of recent interaction items in {1, 3,5, 7,9, 11} and use these items as
the sequence of items used in the user’s short-term preference extraction. The results are shown in Fig. 5. As
the number of recent interactions increases, the best model performance is achieved when the number is 7,
which proves that combining user short-term preference features can improve the recommendations’
performance. However, when the number of recent interactions is higher, the model’s performance starts
to decrease, which may be because too many interactions make the short-term preference representation
similar to the long-term preference representation, and combining similar feature representations reduces
the model’s expressiveness. Therefore, we set the number of recent interaction items to 7.

3.3 Experimental Results and Comparison

We conducted experiments with optimal parameters, set the optimal parameters for each model by
corresponding literature, and compared each model’s RMSE and MSE metrics under the optimal
parameters. The results are shown in Table 2. Among them, the bolded data are the best results in the
same group of comparison experiments, the underlined data are the second-best results in the same group
of comparison experiments, and the Improved value is the growth ratio of the best effect compared with
the second-best effect. As seen from Table 2, the LSGNN model proposed in this paper has the best
overall performance, as expected.
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Figure 5: The effect of the number of recent interaction items on the model

Table 2: Comparison of experimental results of LSGNN and each model

Auto Baby SO VG TG
RMSE MSE RMSE MSE RMSE MSE RMSE MSE RMSE MSE
BPRMF 1.331  1.338 1.325 1.33 1301 1.337 1209 1.338 1.208 1.232
CLSR 1.079 1.240 1.080 1.109 1.162 1.136 1.077 1.163 0.991 1.036
LSMA 1.083 1.212 1.146 1.045 1.145 1.211 1.038 1.209 1.013 1.062
SLSTNN 1.098 1.013 1.132 1.231 1.142 1.168 1.031 1.043 1.062 1.053

LightGCN 1.203  1.323 1.237 1.230 1.204 1.307 1.125 1.223 1.055 1.232
HA-GNNN 1.190 1.228 1.224 1269 1.148 1.101 1.205 1.205 1.035 1.043
LDGC-SR 1.182 1.232 1.119 1.043 1.139 1.115 1.133 1.202 1.006 1.046
LSGNN 0.979 0942 0.967 0.925 0942 0.926 0.869 0.859 0.899 0.974
Improved (%) 9.27 7.01 1046 1131 17.30 15.89 1571 17.64 9.28 5.98

To visually analyze the effectiveness of the fusion of long- and short-term preferences and the
effectiveness of the proposed model, we show histograms for each model on five datasets, as shown in Fig. 6.

First, the traditional recommendation method (BPRMF) has the worst results for both metrics, which
indicates that a simple interaction multiplication of user-item interaction information cannot capture the
hidden higher-order relationships between users and items. Thus, its recommendation performance does
not perform well in datasets with large amounts of data.

Second, the GNN-based recommendation methods (LightGCN, HA-GNN, and LDGC-SR) achieve
better results than the traditional recommendation method, which demonstrates the superior performance
of GNN in capturing higher-order relationships. Specifically, LightGCN simplifies the embedding process
by removing nonlinear activation and feature transformations but does not consider the importance of
each node embedding. HA-GNN utilizes an attention mechanism to learn hidden features and a fully
connected layer to learn the representation of multimodal features, which has achieved good results in
extracting node features using GNN. LDGC-SR uses a normalization and adaptive weight fusion
mechanism with a global context-enhanced short-term memory module to capture more latent information
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from recent interactions and neighboring sessions, thus achieving the best experimental results among the
GNN-based methods.

BPRMF BPRMF

LDGC-SR LDGC-SR
04 HA-GNNN 04 HA-GNNN
LightGCN LightGCN

02 SLSTNN 02 SLSTNN

Baby Baby
) SO
VG - vo 16
BLSGNN =CLSR ®LSMA »SLSTNN #LighGON = HA-GNNN WLDGC-SR BPRMF WLSGNN ®CLSR ®LSMA »SLSTNN #LightGCN ®HA-GNNN WLDGC-SR ® BPRMF
(a) RMSE (b) MSE

Figure 6: The effect comparison histogram

Third, the long- and short-term preference-based recommendation methods (CLSR, LSMA, and
SLSTNN) achieve in most cases due to the traditional recommendation method and GNN-based
recommendation methods. Specifically, CLSR models users’ recent behaviors, uses a self-attentive
mechanism for long-term preference mining and combines long- and short-term to solve the sequential
recommendation problem. Although CLSR works well for the extraction of user-item interactions, it does
not consider data other than the interactions and thus needs to be improved. LSMA constructs long-term
preference modeling through LSTM, achieves short-term preference modeling through RNN and attention
mechanism, and can mine users’ motion behavior models through a multilayer attention mechanism.
Although LSMA models long- and short-term preferences through temporal sequences well, it only
models interaction data without considering other attributes, so it needs to be improved. SLSTNN
represents user long- and short-term sequences through a hierarchical attention mechanism and uses a
feature crossover network to achieve feature representation to recommend more beneficial orders for
online taxi drivers. Although the recommendation effect of SLSTNN makes the order completion rate

much higher, it is too single in its modeling objectives and does not integrate more objectives into the
model, so it needs improvement.

Finally, our proposed LSGNN works better than the other baselines in every dataset. In particular, in two
datasets with high sparsity, SO and VG, the improvement of LSGNN is higher than several in other datasets,
which proves that LSGNN plays a role in alleviating data sparsity. Meanwhile, by fusing long and short-term
preference features and item text features, LSGNN can extract deeper hidden features in interaction
information and obtain more acceptable user preferences, thus achieving better recommendation results.

3.4 Analysis of Ablation Experiments

To further verify the effectiveness of the LSGNN model, we do ablation experiments for the critical parts
of the model, long-term preference and item node feature extraction module, short-term preference feature
extraction module, and item text feature extraction module, and select the experimental results on SO and
VG datasets with high sparsity to demonstrate the results as shown in Table 3, where LSGNN-LP is the
model with only long-term preference and item node feature extraction module, LSGNN-SP is the model
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with only short-term preference extraction module, and LSGNN-IT is the model with item text feature
extraction module removed.

Table 3: Results of ablation experiments of LSGNN

SO VG
RMSE MSE RMSE MSE
BPRMF 1.301 1.337 1.209 1.338
CLSR 1.160 1.143 1.058 1.166
LSMA 1.137 1.257 1.083 1.309
SLSTNN 1.147 1.112 1.013 1.043

LightGCN 1.204 1.307 1.125 1.223
HA-GNNN 1.148 1.101 1.205 1.205
LDGC-SR 1.139 1.115 1.133 1.202
LSGNN-LP 1.141 1.129 1.074 1.134
LSGNN-SP 1.149 1.141 1.101 1.194
LSGNN-IT 1.241 1.279 1.186 1.301

First, the model with only a long-term preference and item node feature extraction module outperforms
the absolute majority of models in the baselines, which is because LSGNN-LP uses an attention mechanism
on top of GNN to obtain feature representations on all interaction graphs, which further optimizes the
performance of GNN in learning long-term preferences by targeting node embeddings based on the
attention weights.

Then, the model with only a short-term preference feature extraction module achieves good
recommendation results because LSGNN-SP introduces the BERT as an embedding layer that can
effectively extract semantic information from interaction data. Meanwhile, the Bi-GRU combined with
the attention mechanism can capture the contextual information of words from both directions, enabling
the model to more accurately capture the meanings expressed in the recent interaction data and focus on
more relevant recent preferences.

Finally, the effect of the model after removing the item text feature extraction module is lower than most
of the models in the baselines, because when no data or attributes other than the interaction graph are added, it
will cause data sparsity on the one hand. On the other hand, it will lead to over-fusion of data leading to
repeated interactions, which reduces the recommendation effect after fusion.

In summary, the roles and effects in each module of LSGNN achieve good results.

3.5 Case Analysis

To better understand the recommendation process, we take the user with ID 232 in dataset Auto as an
example and use 3-hop propagation with Top10 recommendations for the case study. The specific process is
shown in Fig. 7. First, user 232 constitutes the first embedding, i.e., embedding_0. Second, the first-order
neighbors of user 232, i.e., their direct purchases, are items 16, 375, 7296, etc., which generate the first-
order embedding of user 232, i.e., embedding_1. We take the next hop of item 16 as an example. Item
16 has been purchased by users 40, 211, 4696, i.e., it is part of the second-order neighbors of user 232.
All second-order neighbors are aggregated to get the second-order embedding of user 232, i.e.,
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embedding 2. Similarly, all third-order neighbors are aggregated to get the third-order embedding of user
232, i.e., embedding 3.

Top10 recommendation
for user 232

171
6244
325
41
1106

4124

5089

GeddiE 0 aibeddig._| enbediling 3 anbedine D 6D
att_0=0.147 att_1=0.203 art_2=0367 att_3=0.283 3160

Item text information set of user 232 E text _embedding 1120

Figure 7: Case analysis

The attention mechanism assigns attention weights of 0.147, 0.203, 0.367, and 0.283 to each order of
embedding. From the weights, we can see that the second-order embedding has the largest weight,
followed by the third-order embedding. This indicates that the second-order embedding plays an essential
role in the end-user representation and verifies the validity of choosing 3 layers for the GNN layers. After
adding the attention weights, long- and short-term preferences for interactions are generated.

The item text information set of user 232 is generated by the BERT and a CNN to generate the item text
feature embedding text_embedding. This feature embedding is co-guided with the interactive long- and short-
term preference embedding to give the item recommendation sequences of user 232, i.e., item 171, 6244,
325, etc. The presence of item 6244 and item 41 in the item recommendation sequence is observed. The
recommendations of these two items are consistent with the embedding generation process in the
previous graphs, demonstrating the interpretability of our proposed model LSGNN.

4 Conclusion

In this paper, we propose a GNN recommendation model based on long- and short-term preference, called
LSGNN. This model extracts long-term preferences by a GNN combined with the attention mechanism, short-
term preferences by the Bi-GRU combined with the attention mechanism and item text features by a CNN
combined with the attention mechanism, and fuses these features to achieve recommendations. LSGNN
showed better performance than the baselines on five publicly available datasets from Amazon.

In future research work, we will extend our work in two directions: first, the complexity of the model
leads to the low speed of recommendations, especially for machines with insufficient arithmetic power, so
we intend to simplify the structure of the model to speed up the recommendations without affecting the
results. Second, since the interaction data is too large to be simply randomly sampled, we intend to
design a sampling strategy that improves the performance of the recommendation while speeding it up.
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