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Abstract. In cultural digital resource recommendation, the accurate matching between
resources and user interests plays a key role. Traditional recommendation methods ig-
nore the influence of contextual information on the user’s choice of resources, resulting
in poor recommendation accuracy. For this reason, this paper applies the Location-based
Social Network (LBSN) and attention mechanism to Huizhou ancient village cultural dig-
ital resource recommendation. Firstly, non-textual information such as user, resource,
social, etc. is obtained from the resource access records of LBSN and processed into
vectors using Embedding, and GRU is introduced to process the text vectors mapped by
BERT model into semantic content vectors, so as to obtain the embedded representation
of contextual information of LBSN. Then LSTM is used to gain the short-term predilec-
tion of users. Meanwhile, the temporal, spatial and location sequences of user’s visits
are integrated into the multi-attention scheme to gain users’ long-term predilections for
resources. Finally, the Common Attention Network (CAN) is adopted to fuse the long
and short-term predilections and contextual information, obtain the probability value of
each resource by Softmax, and recommend the top N resources to the user. The experi-
mental outcome indicates that the designed approach has a recommendation accuracy of
0.92, which is improved by 0.05-0.19 compared with the other three methods, and can
recommend resources to users more accurately.
Keywords: Location-based social network; Attention mechanism; LSTM; GRU; Cul-
tural digital resource recommendation

1. Introduction. Huizhou ancient villages are the most vivid display places of Huizhou
regional culture. Due to the relative isolation of the natural environment, the historical
and cultural landscapes of Huizhou ancient villages have been preserved in the long histor-
ical evolution. However, with the rapid socio-economic development, the ancient villages
are facing serious challenges because they cannot adapt to the needs of the modern so-
ciety, and the consequences are often the destruction of the traditional historical style of
the ancient villages and the loss of their vitality [1, 2]. Since then more and more ancient
villages in Huizhou have begun to enter people’s eyes, and while the public awareness of
the protection of historical and cultural heritage has increased, people have also become
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aware of the value of tourism resources of ancient villages in Huizhou. Under the back-
ground of digitalisation, the form of tourism changes, and people can select the cultural
digital resources of Huizhou ancient villages through online [3]. However, the vast amount
of cultural resources can not accurately match the growing cultural needs of users, how
to find and recommend the resources that meet the user’s interests in the vast amount of
information has been an exigent issue to be addressed nowadays [4, 5]. Therefore, research
on the recommendation method of cultural digital resources has far-reaching significance
and value for the development of Huizhou ancient villages.

1.1. Related work. Early recommendation of cultural digital resources used collabora-
tive filtering (CF) approach, Javari et al. [6] offered a recommendation approach relied
on CF that fuses user information with geolocation information, but it needs to manually
look for the user’s check-in record. Ren and Wang [7] establish geographic, social, and
categorical correlations to predict users’ relevance scores for unvisited digital resources
based on SVM and recommend appropriate resources to users. With the increasing ma-
turity of GPS technology, Location-based social networks (LBSN) have also developed
significantly [8]. Ma et al. [9] fused user preference features with geographic information
to recommend cultural digital resources to users. Sánchez and Belloǵın [10] used the LDA
latent probability generating model to integrate social relationships, geographic factors,
and other factors for resource recommendation. These CF-based recommendation algo-
rithms incorporate geographic and temporal factors, but they are not expressive enough
and suffer from the cold-start problem.

Recently, deep neural networks have brought great performance improvement for dig-
ital resource recommendation due to their powerful fitting ability [11]. Khan and Niu
[12] suggested a Convolutional Neural Network (CNN) content-enhanced digital resource
recommendation model, but the recommendation accuracy is not high. Liu et al. [13] de-
signed a CNN-based sequence characterization approach by treating the check-in sequence
as a two-dimensional image and using CNNs for modelling. CNN-based recommendation
methods do not take into account the key spatio-temporal contextual factors affecting the
user’s trips, but Recurrent Neural Networks (RNNs) can solve these problems well and
are widely used in modelling sequential data. Ding and Chen [14] proposed to use RNNs
to predict the category of the digital resources that a user will visit next, which effec-
tively takes into account the importance of the category attribute for recommendation.
Unfortunately, due to the disadvantage of gradient vanishing, RNN can only model short
sequences.

LSTM, GRU as a variant of RNN can better model long and short sequences. Lai and
Zeng [15] used LSTM to model sequential check-in records to improve recommendation
performance. Wang et al. [16] suggested the ST-CLSTM approach, which uses a combina-
tion of time gates and distance gates to predict resources that may be of interest to users
in the future. Safavi et al. [17] used GRUs to learn the feature representations of check-in
sequences within each time window, and combined the resource category information with
the feature representations to achieve 83.7% recommendation accuracy.

With deeper research, scholars have found that incorporating the Attention Mechanism
(AM) captures the degree of influence of different components to obtain more accurate
user preferences. Yang et al. [18] utilized cascading attention to adequately capture users’
interests in different dimensions. Cao et al [19] proposed an RNN-AM model for digital
resource recommendation, which uses the AM to reflect the importance of the position in
the sequence for user signing in. Zhang and Yuan [20] introduced an attention mechanism
based on LSTM and used a bilinear matching scheme to calculate the recommendation
score for all candidate resources, with a recommendation accuracy of 87%.
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1.2. Contribution. Although the above research can help users quickly find interested
resources from a large number of candidate resources, it ignores the problem of incon-
sistency of users’ short-term and long-term predilections, which leads to unsatisfactory
recommendation accuracy. Based on this, this paper designs a digital resource recommen-
dation method for Huizhou ancient village culture based on LBSN and AM. The chief
work of the method is summarized as bellow.

(1) Obtain non-textual information from LBSN records and process it into vectors using
Embedding, introduce the BERT model to map the resource textual information
into a sequence of textual vectors, and process the textual vectors into semantic
vectors by using GRU, so as to obtain the embedded representation of contextual
information.

(2) The user’s most recent sequence of accessed resources is fed into the LSTM to catch
short-term resource predilections, and the temporal, spatial, and location sequences
of the accesses are then incorporated into the Multiple Attention Mechanism (MAM)
to gain the user’s long-term preferences.

(3) Adopt a Common Attention Network (CAN), study the user’s long-term and short-
term predilections and integrate them with the contextual information of the LBSN,
output the probability value of each resource through the Softmax function, and
recommend the top N resources to the users.

(4) The experimental results on the public check-in dataset in Huizhou District, Huang-
shan, Anhui Province, show that when the recommended sequence is 20, the Pre-
cision, Recall, and NDCG of the suggested model are 0.9409, 0.9251, and 0.5865,
individually, which can significantly enhance the accuracy rate of the recommenda-
tion model.

2. Theoretical analysis.

2.1. Location-based social network. Resource recommendation in LBSN is not only
about social relationships between users, but also about location connections, which can
be used to recommend resources of interest [21, 22]. As shown in Figure 1, the relationship
graph between social, check-in and location on LBSN is illustrated.

Social Relationships: Interactions and connections between users result in different
types of social relationships, reflecting similarities in preferences between users.

Check-in relationship: The location that a user checks in can establish a correspon-
dence between the user and the location, which can reflect the user’s interest in different
locations. The more often a user checks in at a location, the more interested the user is
in that location.

Location Relationships: Each location has its own unique latitude/longitude geographic
identifier, place name, and location type, etc. The closer the location is to the user’s
checked-in location or the more similar the location type is, the more likely it is to be
checked-in by the user.

2.2. Recurrent neural network. RNN as a sequence-to-sequence model dominates the
task of recommending cultural digital resources [23]. Unlike BP, CNN, etc., it learns the
sequential dependencies of the user’s historical accesses using cyclic operations in the
internal memory. However, the ability to transfer information is greatly limited as the
sequence becomes longer, and the problem of gradient explosion occurs. The variant of
RNN, LSTM, GRU can solve the above problems well by introducing the gate structure.
For most of the tasks, the performance of GRU is close to that of LSTM. The commonly
used formulas in LSTM are as follows.
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Figure 1. Relationship diagram for LBSN

ft = δ(Vf · [ht−1, xt] + bf ) (1)

it = δ(Vi · [ht−1, xt] + bi) (2)

ot = δ(Vo · [ht−1, xt] + bo) (3)

where Vf , Vi, Vc, Vo are the weight matrices corresponding to the forgetting gate, the
input gate, the intermediate state of neurons and the output gate individually; bf , bi, bc, bo
are the offsets corresponding to the forgetting gate, the input gate, the intermediate state
of neurons and the output gate individually; δ represents the activation operation, ht =
ot⊙tanh(ct) represents the obscured state at moment t, and ct = ft⊙ct−1+it⊙c̃t represents
the neuron state at moment t; xt represents the input state; c̃t = tanh(Vc · [ht−1, xt] + bc)
is the intermediate state of the neuron; ft, it, and ot are the output states of the forget
gate, input gate, and output gate, individually; ⊙ is the dot product operation.

2.3. Attention mechanism. The AM learns the sequence information while processing
the sequence and focuses more on the crucial information and suppresses or ignores the
unimportant information [24], after which better recommendation results can be obtained
by continuously adjusting the weight of the information in the sequence. MAM uses
different weight matrices on the basis of AM to linearly transform the query to obtain
multiple queries, which are computed in parallel by multiple self-attention heads, and
then the outputs of all the heads are stitched together to gain the final outcome. The
structure of the MAM is indicated in Figure 2, and the specific expressions are as bellow.{

MultiHead(Q,K, V ) = Concat(head1, . . . , headh)W
O

headi = Attention(QWQ
i , KWK

i , V W V
i )

(4)

where Q,K, V stand for query, robustness and value vectors individually, head stands
for attention head, Concat stands for splicing operation, W stands for weights and
Attention(K,V,Q) =

∑n
i=1 aivaluei, ai stands for the result of Softmax normalization.

3. Embedding contextual information embedding for LBSN based on Embed-
ding coding and GRU. To fully mine the contextual information of the user’s accessed
resources, the contextual information in the LBSN is categorized into non-textual and
textual types [25]. Time series T , geographic location L, social groups G, etc. belong to
non-text type, while cultural digital resources are in the form of text, which needs to take
into account the information of word order and semantics of the text, while the context
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Figure 2. The structure of the MAM

information of the non-text type does not need to be taken into account, so it is essential
to consider these two types of data separately.

(1) Non-text type. Since the non-text data in LBSN are discrete types of characters, it is
not possible to input the information directly into the neural network for processing.
Therefore, discrete symbols or information need to be converted into vectors that
can be processed by the neural network. Common vectorization methods include
One-Hot coding and Embedding [26], where One-Hot coding results in extremely
sparse location matrices, while Embedding uses low-dimensional dense matrices to
represent the active locations which is beneficial for neural network processing. The
time series T , the geographical location L, and the social group G are processed into
feature vectors Tm×n

emb , Lm×n
emb , and Gm×n

emb using Embedding.
(2) Text types. For a cultural digital resource C containing a large number of text types,

the word sequence of the digital resource C is mapped to a sequence of word vectors
CBERT = [w1, . . . , wt−1, wt, . . . , wq] using the relationship RBERT between words and
word vectors trained by BERT [27]. To gain the contextual dependencies in the word
sequences and the deeper semantic relationships between word vectors, the reset gate
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in GRU is used to adjust the amount of information in the word vector wt−1 of the
previous word into the candidate state gt̃ of the next word wt. The reset equation is
as follows.

rt = σ(argt−1 + arwt + br) (5)

where rt denotes the size of the reset value at the t-th word in the range [0, 1]. wt

denotes the word vector of the t-th word. gt−1 is the obscured state of the word vector of
the (t− 1)-th word, and σ denotes the activation operation, as implied bellow.

σ(x) =
1

1 + e−x
(6)

Multiply the obtained reset gate rt with the state information gt−1 of the word at t− 1
by elements, splice the result with the current word vector wt and use the Equation (7)
to obtain the candidate state gt̃ of the word vector of the t-th word.

tanh(x) =
ex − e−x

ex + e−x
(7)

gt̃ = tanh(awwglove,t + (rt ⊙ gt−1)ag + bn) (8)

Then Equation (8) is used to adjust the amount of information written from the (t−1)-
th word-vector state gt−1 to the t-th word-vector state gt. The current state gt consists of
candidate states gt̃ and the previous state gt−1 dynamically combined in a certain ratio,
as shown in Equation (9).

zt = σ(azgt−1 + azwt + bz) (9)

gt = (1− zt)⊙ gt−1 + zt ⊙ gt̃ (10)

After the processing of the two-layer GRU network to obtain the semantic vector rep-
resentation of digital resources considering contextual dependencies, word order, and tex-
tual semantics Cm×n

GRU , the final contextual information embedding representation can be
obtained as A.

A = Concat(Tm×n
emb , Lm×n

emb , G
m×n
emb , C

m×n
GRU ) (11)

4. Recommended digital resources of Huizhou ancient village culture based
on LBSN and attention mechanisms.

4.1. Modelling users’ long and short-term predilections based on LSTM and
multi-head attention mechanism. Existing research ignores the problem of inconsis-
tency between users’ long and short-term predilections, resulting in poor recommendation
outcome. For this reason, after obtaining the embedded representation of LBSN context
information, this paper uses LSTM to capture short-term resource preferences while mod-
elling long-term resource preferences using MAM. Then long and short term preferences
and contextual information are fused using a CAN to capture dynamic user preferences.
Finally, the top N resources are recommended to the user. The framework of the suggested
model is indicated in Figure 3.

Considering the problem of inconsistency between users‘ long-term and short-term
predilections, users’ predilections for digital resources of Huizhou ancient villages are
divided into long-term and short-term predilections. Long-term predilection is the digital
resources that users visit frequently, while short-term preference is the resources that users
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Figure 3. The model structure of the suggested method

browse temporarily. Therefore, LSTM is used to obtain the short-term preference features
of users, and MAM is used to learn the location sequences, time difference sequences, and
distance difference sequences to obtain the long-term preference features of users.

(1) Short-term preference modelling. Based on the embedding level and the check-in
record, the latest M resources L = {l1, l2, . . . , lm} visited by user u can be gained.
The resource lt accessed at the existing moment t and the obscured state ht−1 at the
moment t− 1 are added into the neural network layer; the sigmoid operation is used
as the activation function to obtain the forgetting vector ft. All elements of ft are
located in the range of [0, 1], and the closer the value of the element is to 0, the more
the corresponding information is forgotten, and the closer the value of the element
is to 1, the more the information is retained, and the value of ft is implied as bellow.

ft = δ(Vf · [ht−1, lt] + bf ) (12)

Input gate it selectively remembers the information in lt and hidden state ht−1,
focusing on the important information in lt and ignoring non-important information,
as shown bellow.
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it = δ(Vi · [ht−1, lt] + bi) (13)

The unit state update value C̃t of the current state is obtained by passing lt and
ht−1 through the neural network level with tanh as the activation function, as follows.

C̃t = tanh(Vc · [ht−1, lt] + bc) (14)

The state Ct−1 at time t− 1 is multiplied by the oblivion vector ft at time t and
added to the product of the updated value C̃t of the state of unit it to obtain the
state Ct of the unit at time t.

Ct = ft × Ct−1 + it × C̃t (15)

The digital resources lt and ht−1 are passed by the neural network level with sig-
moid as the activation operation to obtain the output vector ot at time t. Multiplying
ot and Ct to obtain the output ht. The user’s short-term resource preference repre-
sentation likeshort can be obtained by executing all the digital resources according
to the above process.

(2) Long-term predilection modelling. Long-term predilection is a comparatively stable
interest preference, and MAM is used for long-term feature learning due to the large
number of user access records and the need to focus on some of the accessed re-
sources while appropriately ignoring non-important resources. To explore the digital
resources accessed by users as much as possible, the time difference sequence ∆T =
[∆t1,∆t2, . . . ,∆tn], the coordinate sequence K = [k1, k2, . . . , kn], and the location
sequence P = [p1, p2, . . . , pn] are extracted from the user’s long-term access record
L′ = {l′1, l′2, . . . , l′n}, and the distance difference sequence ∆D = [∆d1,∆d2, . . . ,∆dn]
is computed based on the distance between two latitude and longitude coordinates
according to the Equation (16).

∆di = 2arcsin

√
sin2

a

2
+ cos(kai)× cos(kai−1)× sin2

b

2
×R (16)

where a denotes the difference in dimension between two coordinate points, b
denotes the difference in longitude between the two points, and R denotes the radius
of the Earth, 6378.137 kilometres.

The user’s long-term visit location sequence P , time difference sequence ∆T , and
distance difference sequence ∆D are embedded to obtain Pemb, ∆Temb, and ∆Demb.
Pemb, ∆Temb, and ∆Demb are learnt using the MAM to obtain multiple relevant
information in the input sequences.

In Pemb set the h-header attention, the sequence length to len and the obscured
level size to s. The query matrix Qlen×s, the key matrix K len×s, and the weight
matrix V len×s are obtained by computing Pemb through h linear transformations of
the matrix WQ,WK ,WV . Normalizing Q by multiplying it with the KT matrix yields
h weight distribution matrices M len×len. Multiplying M with its corresponding to-
be-computed weight matrix V yields h self-attention matrices Headlen×s. The above
process is shown in Equation (17), Equation (18) and Equation (19).

Attention(Q,K, V ) = softmax

(
QKT

√
s

)
V (17)

Headi = Attention(QWQi, KWKi, V WV i) (18)

Zp = MultiHead(Q,K, V ) = Concat(Head1, . . . , headh)×Wo (19)
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According to the above method, feature extraction is carried out on the user’s
check-in time difference sequence and check-in distance sequence, Z∆t and Z∆d are
obtained. The two are fused with Zp, and the expression likelong of the user’s long-
term predilection for the activity location is obtained through matrix transformation,
and the user’s long-term and short-term predilection B = Concat(likeshort, likelong)
is finally spliced.

4.2. Incorporating user short and long term preferences and contextual in-
formation. Traditional approaches often use the average obscured state of a recurrent
model to denote changes in user predilections and build recommendations by forming a
dot product among a user’s long and short-term predilection vectors, which fails to iden-
tify the importance of an individual user’s behavior in deciding which digital resource to
visit next. However, whether or not a user will access a modified digital resource also
depends on the contextual information in section III, such as temporal, geographic and
social factors. This paper uses CANs [28] to fuse long- and short-term predilections and
contextual information to catch dynamic user preferences. Specifically, every context is
projected to a d-dimensional semantic space, and the following formula is used to com-
pute the weighted attention value H. Subsequently, a latent integrated strategy is used
to concatenate the weighted attention values, and a nonlinear connectivity level is used
to study the dynamic user’s short- and long-term predilections.

Hk = ϕ(WkA+ bk) (20)

αk =
exp(vTk Hk)∑
j exp(v

T
j Hj)

(21)

H =
∑
k

αkHk (22)

where Wk, bk, vk and αk are model parameters and function ϕ is the ReLU activation
function.

Given a vector of short-term and long-term preferences B of the target user and a
vector of contextual information embedding representations A, the dynamic preferences
of the user are computed as follows.

ajoint = f(WbB +WhH + b) (23)

Score = Softmax(ajoint) (24)

where ajoint is the joint attention score after linking, Wb and Wh are the model param-
eters, f is the nonlinear function.

4.3. Model training and recommendation. After obtaining the dynamic user pref-
erences, this paper adopts the Softmax function to gain the probability value of each
resource in the set of cultural digital resources, and recommends the resources with the
top N probability values to the users. According to the Softmax function, the conditional
probability distribution is defined as follows.

p(lj | ui, tk) =
exp(uiB

T
j )∑n

i=1 exp(uiAT
j )

(25)

Therefore, given the training data set X = {ui, tk, Aj, Bj}, the united probability dis-
persion can be gained as follows.
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Pθ(X) =
∏
x∈X

p(lj | ui, tk) =
∏
x∈X

exp(uiB
T
j )∑n

i=1 exp(uiAT
j )

(26)

The model parameters Θ = {Q,K, V,WQ,WK ,WV ,Wo, λA, λB}, are studied by maxi-
mizing the conditional log-likelihood [29] to obtain the following objective function, where
ρ denotes the equilibrium factor.

L =
∑
x∈X

p(lj | ui, tk)− ρΘ (27)

It is unrealistic to improve the above target function directly because the computational
cost of the full Softmax is proportional to p(lj | ui, tk). Therefore, an efficient optimization
is carried out by using negative sampling techniques and approximating the initial target
L with the target function.

L′ =
∑
x∈X

(log σ(uiA
T
j ) + µ · Ej∼PI

[log σ(−uiA
T
j )])− ρθ (28)

where σ is the activation operation, µ is the amount of negatively sampled resources
relied on the noise dispersion, and PI is the probability dispersion of resource accesses.

5. Experiments and analysis of results.

5.1. Recommended performance comparison. The designed model adopts the pub-
lic check-in dataset of Huizhou District, Huangshan, Anhui collected by Foursquare as the
experimental data. In this paper, the dataset is preprocessed to filter out resources with
less than 15 check-ins and less than 10 check-ins, and the summary information of the
final dataset is shown in Table 1. In addition, the dataset also contains anonymous user
id, resource location id, resource category id, latitude, longitude, UTC time information,
and so on. In the experiment, 70% of the dataset is chosen as the training set, 10% as
the validation set, and 20% as the test set.

Table 1. Statistical information on Foursquare dataset

Items Value

Number of users 1628

Number of digital resources 7803

Number of sign-ups 30684

Number of social relations 10258

For a fair comparison, an Adam optimizer with a studying rate of 0.001 was used to
train all parameters in the model. To hinder overfitting, the regularization factor was
set to 5 × 10−5, the loss rate was set to 0.5, the embedding dimension was set to 350,
and the batch size was set to 128. The experimental code was programmed in Python
3.8 development environment, and the deep learning framework adopted was TensorFlow
2.5.0.
This paper adopts Accuracy@N, Precision@N, Recall@N, which are common evalua-

tion metrics in recommendation performance, and NDCG@N, which is a measure of the
ranking quality of recommendation models [30], to conduct experiments on the proposed
models LBSN-AM, CaSe4SR model [13], RNN-AM model [19], and LSTM-SM model [20]
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for the experimental Comparison, where N stands for the length of the recommenda-
tion list. Table 2 demonstrates the Precision, Recall and NDCG comparisons for various
models when N is taken as 5, 10 and 20.

Table 2. Performance comparison of four resource recommendation models

N Metrics
Model

CaSe4SR RNN-AM LSTM-SM LBSN-AM

5

Precision@5 0.7118 0.7542 0.7833 0.7915

Recall@5 0.6926 0.7694 0.8059 0.8214

NDCG@5 0.2029 0.1836 0.2385 0.2617

10

Precision@10 0.7381 0.8452 0.9037 0.9204

Recall@10 0.7819 0.8157 0.8763 0.9056

NDCG@10 0.3048 0.3629 0.4066 0.4281

20

Precision@20 0.7435 0.8628 0.9047 0.9409

Recall@20 0.7629 0.8355 0.9163 0.9251

NDCG@20 0.4329 0.5016 0.5591 0.5865

When N is 5, the Precision, Recall and NDCG of LBSN-AM are respectively increased
by 7.97%, 12.88% and 5.88% compared with CaSe4SR, and by 3.73%, 5.2% and 7.81%
compared with RNN-AM. Compared with LSTM-SM, it increased by 0.82%, 1.55% and
2.32% respectively. The overall performance of CaSe4SR is poor due to its inability to
learn deep information and its poor ability to learn user preference information. RNN-
AM, on the other hand, introduces AM on the basis of traditional RNN to enhance
the important digital resources and significantly enhance the learning capability of the
model, and thus RNN-AM achieves better performance than CaSe4SR. LSTM-SM does
not fully consider social factors and users’ long and short-term predilections, resulting
in a recommendation performance that is not as good as that of LBSN-AM. Overall,
LBSN-AM has some improvement in all the metrics, which verifies the superiority of its
recommendation performance.
A comparison of the Accuracy of LBSN-AM with the other three models for various

values of N is implied in Figure 4. The accuracy of RNN-AM, LSTM-SM, and LBSN-AM
tends to level off gradually as N increases, and the growth rate of the accuracy of CaSe4SR
is significantly lower than that of RNN-AM, LSTM-SM, and LBSN-AM. The Accuracy
of CaSe4SR and RNN-AM is always lower than that of LBSN-AM with LSTM-SM, while
the Accuracy of LBSN-AM with LSTM-SM is almost equal when N is taken from 1 to
5. When N is taken from 10 to 50, the Accuracy of LBSN-AM is significantly higher
than that of LSTM-SM, and reaches a maximum of 0.95 when N = 17. As N increases,
the Accuracy of LBSN-AM gradually stabilizes at 0.92, and the Accuracy of CaSe4SR,
RNN-AM and LSTM-SM stabilises at 0.73, 0.85, and 0.87, respectively, and thus the best
recommended accuracy is achieved for LBSN-AM.

5.2. Analysis of ablation experiments. To further examine the impact of each module
in LBSN-AM on recommendation performance, an ablation experiment was conducted,
wherein ”/EM” represents the removal of non-text data coding module, ”/GRU” repre-
sents the removal of text semantic embedded representation module, ”/SHORT” repre-
sents the removal of short-term predilection modeling module, and ”/LONG” represents
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Figure 4. Comparison of accuracy of different recommendation models

the removal of long-term predilection modeling module. ”/AM” indicates the use of sim-
ple additive fusion instead of attention fusion. When N is 5, 10, and 20, the ablation
results of different modules are shown in Figure 5.
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Figure 5. Ablation results of each module in LBSN-AM model

/LONG has the lowest metrics, suggesting that the introduction of a multi-attention
mechanism to model users‘ long-term predilections is critical to the impact of the recom-
mendation model, and /SHORT has the next lowest metrics, suggesting that modelling
users’ short-term preferences using LSTM is equally important. The metrics of /AM
show the smallest decrease compared to the full LBSN-AM, indicating that simple splic-
ing and fusion also affects the recommendation effect. The values of precision@20 of /EM
and /GRU are reduced by 5.75% and 7% respectively compared with LBSN-AM, which
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indicates that Embedding of context information on GRU and GRU can improve the rec-
ommendation performance. Therefore, every module in LBSN-AM is indispensable, and
LBSN-AM that combines all components is recommended to perform best.

6. Conclusion. Existing cultural digital resource recommendation methods ignore the
problem of inconsistency between users’ long and short-term preferred, resulting in poor
matching of recommendations. Intending to this issue, this paper designs a cultural
digital resource recommendation method based on location-based social networks and
attention mechanism with Huizhou ancient villages as the application object. Firstly, the
non-textual information of user accessed resources in LBSN is processed into vectors by
using Embedding, BERT is introduced to map the textual information into a sequence
of content vectors, and it is processed into textual semantic vectors by using GRU, so as
to obtain the embedded representation of contextual information in LBSN. Short-term
resource preferences are then mined using LSTM, while long-term resource preferences are
modelled using MAM, and a CAN is adopted to fuse long and short-term predilections and
contextual information to catch dynamic user preferences. Finally, the probability value of
each resource is obtained by Softmax function, and the top N resources are recommended
to the user. Experiments indicate that the designed method has high recommendation
accuracy and NDCG, and can significantly improve the recommendation matching degree
of the recommendation method.
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