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Abstract

Next POI recommendation aids users in predicting their des-
tinations of interest and plays an increasingly vital role in
location-based social services. Recent works focus on ana-
lyzing both long-term and short-term interests in POI rec-
ommendation to gain a deeper understanding of user pro-
files. However, these methods for modeling long-term user’s
sequences primarily rely on the Transformer model, which
functions as a low-pass filter, often leading to the loss of high-
frequency information. Additionally, long-term and short-
term sequences are typically modeled independently, with
short-term sequences often defined solely by the most recent
check-ins, overlooking their interactions and dependencies.
Therefore, we propose Enhancing Long-and Short-Term Rep-
resentations for Next POl Recommendations via Frequency
and Hierarchical Contrastive Learning (FHCRec). FHCRec
captures both high-frequency and low-frequency information
in long-term sequences to model richer long-term user’s pref-
erence representations. Moreover, it harnesses the character-
istics of the short-term subsequences embedded within long-
term sequences to enhance short-term preference characteri-
zation via local and global hierarchical contrastive learning,
resulting in more personalized short-term preferences. The
enhanced long-term and short-term preferences are integrated
to improve model recommendation performance. Extensive
experiments on three real-world datasets demonstrate the ef-
fectiveness of our method.

Introduction

With the rapid advancement of location-based social me-
dia services, vast amounts of data on people’s interactions
with nearby places have been recorded (Li et al. 2022). This
valuable information has significantly advanced the research
on POI recommendations, providing convenience to both
users and businesses. Typically, POI recommendation meth-
ods aim to model a user’s historical check-in records and
preferences to make accurate predictions about they cur-
rent check-in behavior. Early methods focused on single-
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Figure 1: Frequency signal characterization of long-term
POI sequence

sequence modeling, utilizing techniques such as Markov
chain-based stochastic models (Ye, Zhu, and Cheng 2013),
matrix factorization models (Lian et al. 2014), and RNN
models (Liu et al. 2016; Yang et al. 2020). These approaches
have been extensively explored and yielded notable results.
Recent studies have transitioned from single-sequence
modeling to a paradigm that incorporates both long-term and
short-term sequence modeling. Long-term sequence mod-
eling captures a user’s overall historical travel preferences,
while short-term sequence modeling reflects they recent be-
havioral habits. By considering both aspects, the impact of
recent noise and outdated preferences is mitigated, thereby
enhancing recommendation accuracy (Zhao et al. 2018).
For long-term sequence modeling, SLi-Rec (Yu et al.
2019) enhances traditional RNNs with time-aware and
content-aware controllers to incorporate contextual informa-
tion from long-term sequences. STGN (Zhao et al. 2020) in-
troduces spatiotemporal gates in RNNs to update long-term
interests. Compared to RNNs, Transformer models possess
stronger long-range modeling capabilities and better com-
prehension of the global context, making them popular for
modeling long-term user sequence. PLSPL and CLSR (Wu
et al. 2020; Zheng et al. 2022) both employ self-attention
mechanisms to capture user preferences in long-term mod-
ules. Additionally, CFPRec and CLSPRec (Zhang et al.
2022a; Duan et al. 2023a) use bidirectional Transformer
to incorporate sequence contextual relationships, offering
a more accurate model of past long-term sequences. How-
ever, Transformer-based methods suffer from inherent over-



smoothing (Shin et al. 2024), where increasing the num-
ber of model layers causes feature representations to be-
come overly similar. While these less distinguishable fea-
tures effectively capture low-frequency information, they
may hinder the model’s ability to capture high-frequency in-
formation. As illustrated in Figure 1, a user’s check-in se-
quence indicates a preference for going to the park after
eating during a specific time period. This relatively stable
overall preference is reflected as a low-frequency signal in
the frequency-domain spectrum. However, the user’s behav-
ior might vary, such as going to the park after exercising
or choosing to watch a movie, drink coffee and go home
during a similar period of time. These rapidly changes or
emerging preferences represent high-frequency information.
Thus, users’ long-term preferences are complex and diverse,
rather than static. Optimal representation modeling requires
accounting for both low-frequency and high-frequency in-
formation in the user’s long-term preferences.

As for short-term sequence modeling, SLi-Rec (Yu et al.
2019) identifies recent check-in behaviors as short-term se-
quences, while CLSR (Zheng et al. 2022) emphasizes the
impact of the most recent interaction. Both methods ulti-
mately represent the user’s overall interest by linearly com-
bining long and short-term preferences. STGN (Zhao et al.
2020) uses a time gate for modeling long-and short-term in-
terests and a distance gate to differentiate them. CLSPRec
(Duan et al. 2023a) utilizes a shared encoder to process both
long-and short-term sequences, attempting to concatenate
these preferences for the final prediction. However, these
approaches often focus solely on the most recent check-
in sequences as the short-term sequence and model long-
and short-term sequences separately, neglecting their inter-
action. Since long-term sequences inherently contain short-
term subsequences, which offer insights into the intrinsic
and potential relationships between short-term interests. Ig-
noring the diverse short-term interest patterns within long-
term sequence and focusing only on the most recent short-
term sequences results in a narrow feature representation.

To address above challenges, we propose the FHCRec
model: Enhancing Long-and Short-Term Representations
for Next POI Recommendations via Frequency and Hi-
erarchical Contrastive Learning. For long-term sequence
modeling, we employ a bidirectional Transformer enhanced
with frequency-domain exploration. Both low- and high-
frequency information in long-term sequence are captured
and adaptively integrated to relatively balance stable and dy-
namic interests. This approach enriches the user’s long-term
preference representation. For short-term sequence model-
ing, rather than focusing solely on the current short-term se-
quence as previous methods do, we segment the long-term
sequence within the same sample into meaningful short-term
subsequences based on dates. Historical short-term patterns
embedded within long-term sequence are encoded to derive
local representations, which are then aggregated to form a
global sequence representation. Both local and global rep-
resentations are further optimized using hierarchical con-
trastive learning, enhancing the accuracy of short-term pref-
erence characterization and resulting in a more personalized
representations of short-term interests. Finally, the enhanced
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long-term and short-term interest representations are inte-
grated to predict the user’s next POL. Our experiments val-
idate the model’s recommendation capabilities and the ef-
fectiveness of its components. The main contributions are
summarized as follows:

* Our work explores the issue of over-smoothing in long-
term sequence modeling and the simplistic definition of
short-term sequence that results in insufficient interaction
between long-and short-term sequences.

To the best of our knowledge, this is the first study in
the POI recommendation to leverage frequency-domain
information to enhance long-term sequence representa-
tion. We also account for the short-term subsequences
embedded within long-term sequences and design hier-
archical contrastive learning from both local and global
perspectives, thus improving the representation of short-
term preferences.

Our proposed model significantly outperforms state-of-
the-art sequential POI recommendation methods across
three real-world datasets, demonstrating its effectiveness.

Preliminaries
Problem Formulation

Let U = {uy,uq, - ,up } represent a set of users, P =
{p1,p2, -+ ,pNn} represent a set of POIs, where M, N are
the total number of users and POISs, respectively. A check-in
record = (u, p,t) means that user u visited POI p at time
t. We follow the method (Zhang et al. 2022a; Duan et al.
2023a) to divide each user’s sequences and redefine it as:
Definition 1: Short-term sequence. According to time ¢,
the user’s check-in records are divided into days. We can nat-
urally define the short-term sequence as the check-in records
of a certain day Ssnore = {r1,72,73 .. . T|Sgp00| }-
Definition 2: Valid check-in sequence sample. A valid
check-in sequence is a combination of consecutive short-
term sequences S = {Sshort,ly Sshortla RRR) Sshort,N}'
Definition 3: Current short-term sequence. A current
short-term sequence is closely related to the POI we want
to predict and distinguished from other short-term sequence
Scurrent = Sshort.N-

Definition 4: Long-term sequence. A long-term sequence
is a coherent check-in record in the valid check-in sequence
that does not include the current short-term sequence S =
{Sshort,l 53] Sshortj D...D Sshort,(N—l)}

1-D Discrete Fourier Transform

The Fourier Transform is a mathematical tool that converts
a signal from the time domain to the frequency-domain.
For discrete signals, the Discrete Fourier transform (DFT)
is commonly applied. In practical applications, to simplify
calculations and reduce redundancy, the Fast Fourier Trans-
form (FFT) is typically employed to implement the DFT. For
complex signals, let 2:[n] represent the original discrete sig-
nal with a length of N. We use orthogonal normalization to
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Figure 2: Framework of our proposed model. A&N stands
for Add&Norm, and Fre.En stands for Frequency Enhanced

convert the signal to the frequency-domain:

1 N-1
X[k]:\fz znle " ®*k g =0,1,...,N —1.
" (n

The signal can also be converted back to the time domain
using an Inverse Fast Fourier Transform (IFFT):

n=01,....,N—1. (2)

1 N-1
wln] = —= Y X[kl FEn,
\/N k=0

Orthogonal normalization ensures the preservation of signal
energy, making it independent of signal length:

z[n] = IFFT(FFT(z[n])). 3)

Method

In this section, we thoroughly present our model diagram.
The detailed model diagram is shown in Figure 2.

Embedding Layer

We use a simple embedding layer to obtain embed-
dings, given the input user check-in sequence S}

r1,T9. .. , it is encoded as follows:

"sy|
4)

where e, € RP; @ represents the concatenation operation;

u,l € R% represents the embedded representation of the
user and POI. Therefore, the check-in sequence is embedded

e, =udl,

as ES;L = {e,l,er27 €rg -t ,er‘su| . We will abbreviate all

the embedding matrices as E.
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Figure 3: Frequency enhancement. Gray indicates removed
information

Long-Term Modeling with Frequency
Enhancement

We apply our frequency-domain enhanced Transformer en-
coder to the representation of long-term sequence based on
the embedding layer. Each layer of the encoder contains a
frequency enhancement step, which works in parallel with
the standard self-attention sub-layer. This design aims to use
frequency-domain information to supplement the informa-
tion of the self-attention mechanism in the time domain to
alleviate over-smoothing. We will enhance the representa-
tion of long-term sequence from low-frequency and high-
frequency layers respectively.

Given an input sequence representation matrix H' &
RN*D for the I-th layer and the input of layer 0 is H® = E°,
the matrix is then fed into the encoder.

Self-Attention Sub-Layer. This sub-layer is a standard
Transformer self-attention mechanism that captures global
dependencies by weighted summing over different positions
in the input sequence. After projection of the embedding H,
we obtain the query Q! € RVXP key K! € RV*P value

V! e RV*P and perform the attention calculation:
K
Attention (Q, K, V) = softmax QK V. (5
VD

The final output after the multi-head attention mechanism is:

MultiHead (Q, K, V) =
Concat (headq,..., head ,) Wo
where head ; = Attention (Q;,K;,V;).

We also retain the dropout, residual and normalization pro-
cess, the final representation as:

X'\, = MultiHead (Q', K', V'),
Him = LayerNorm (Xim + Dropout (Hl)> .

T

(6)

(7

Frequency-Domain Enhancement. This sub-layer cap-
tures the frequency-domain information of the input se-
quence, enhancing the output of the self-attention sub-layer.

First, for a given input matrix H' in Figure 3, we perform
a Fourier Transform operation on the item dimension level
to convert the input matrix into the frequency-domain:

X! = FFT(H') e CM*P, (8)



Due to the conjugate symmetry in the frequency-domain, the
length of the spectrum M is:

M =[N/2] +1. ©)

Since the length of the long-term sequence of different sam-
ples is uncertain, we determine the high and low frequency
thresholds § according to the ratio:

0= (10)

d )
where d is a hyperparameter that can be adjusted. When we
want to perform low-frequency enhancement, we retain the
low-frequency information in the spectrum:

Xt = Xl[: 3, :].

low

Y

Afterwards, we perform IFFT on it and use learnable weight
parameters to adaptively adjust the amount of frequency-
domain information:

H. =W, IFFT (X{OW) . (12)
The extracted frequency information is added to the output

of the attention sub-layer to finally obtain the low-frequency
enhanced output of the [-th layer:

H'=H,, +H . (13)

After [ layers, the final low-frequency enhanced transformer
long-term hidden state is expressed as:

H,,, = H. (14)

We input the sample into the encoder twice, once for low-
frequency enhancement and once for high-frequency en-
hancement. The high-frequency enhancement is the same,
and the eq (11) and eq (12) is changed to:

Xﬁ“-gh =X! [0::],

- - (15)
Fil, = W - IFFT (X{,igh) .

After normalization, the final high-frequency enhanced rep-
resentation is recorded as Hpr;g,. As we have adapted the
low and high frequencies separately in the encoder, the low-
and high-frequency enhanced representations are directly in-
corporated as the representation of the long-term sequence:

HLong = HHigh +Hrow. (16)

Contrastive Strategies for Short-Term Modeling

Because short sequences lack sufficient frequency-domain
information, we do not apply frequency-domain enhance-
ment to them. Instead, we enhance the representational ca-
pacity of short-term sequences by applying hierarchical con-
trastive learning to local and global objectives.

Positive and negative sample selection. For the encoder,
we use the standard transformer, which is abbreviated
as Transg (-). Given a user check-in sequence S"
{5}, 8%,...,8%_1,5%}, we omit the subscript short. For
the selection of positive samples, we enhance the check-
in sequence from the semantic aspect and use minimal
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data enhancement dropout. In most cases, different users
have unique check-in activities on various dates. Therefore,
we select different users as negative samples and segment
the sequences by date to enrich the short-term sequence
samples. We approach the contrastive learning tasks from
both local and global perspectives in a hierarchical man-
ner, enhancing the encoder’s capacity to model short-term
sequence representations. This improvement leads to bet-
ter short-term sequence representations, resulting in superior
recommendation results. And the negative sample sequence
is represented as S, S%2 ... SUk,

Local Contrastive Learning. We utilize the standard Trans-
former model to represent short-term sequences: hj'
Transg (S}*), the positive sample is the representation en-

hanced by dropout h;ﬁ = Transg+ (S}). The goal of local
contrastive learning is to refine the personalized representa-
tion of user’s short-term sequences within the same day and
to distinguish the representations of different short-term se-
quences across various users:

esim (h:‘ ,h'i”+ ) /T

L =—1lo — .
local g esim(h;‘,h;ﬁr )/T 4 Zuk#u esim(h;‘,h*k )/7’

a7
Global Contrastive Learning. We aggregate the short-term

+ k .
sequences of users to represent h*, h*  h" , respectively.
The objective of global contrastive learning is to improve
the comprehensive representation of users’ short-term inter-
est preferences over an extended period. During the aggre-
gation process, we perform weighted aggregation based on
the length of different short-term sequences.

esim (h“ 7hqu ) /T

L =—1o .
global g esim(hu,h“k )/T

(18)

es.im(hu,h”ﬁr)/‘r + Z

uRFu

Joint Loss. We use the hyperparameter « to balance the
strengths of the global and local contrastive learning losses:

£C’L = Q- Llocal + (1 - Oé) . Eglobal- (19)

Model Training

We retain the user enhancement mechanism from CLSPRec
to capture the users’ current state using an LSTM network.
This state is then combined with the user representation to
obtain an enhanced user representation:

u
Current

u = Embeddinglayer(u) + M - Mean (LSTM ( ),
20)
where M is a learnable parameter.

In the previous section, we derived a frequency-enhanced
long-term interest representation. Simultaneously, hierar-
chical contrastive learning was employed to enhance the
encoder’s ability to capture short-term interests, ensur-
ing accurate modeling of the user’s current short-term se-
quence representation Heyrrent = Transg (S¢y,,rent)- We
then derive the user’s preference representation Hgu
[Hrong: Hourrend) and use an attention mechanism to de-



rive the user’s final preference:

|H]|
h" = "wh;, h; € Hgu,
i=1 21)
exp (uTh,;)
w; = )
Sl exp (uThy)

where w; is computed by the attention score between the
user embedding u and the user’s various hidden states h;.
The final user preference is derived by applying softmax to
h* to obtain the probability distribution over POIs:

§ = softmax (h"*W) , (22)

where gy represents the probability distribution of the POI to
be predicted, and W is a learnable matrix. Cross-entropy is
used as the loss function for POI prediction:

Looi = — Z log (%) ,

iEN

(23)

where A denotes the training sample set, and §j; represents
the predicted probability of the ground truth POI for the ¢-th
training sample in V.

Final loss: We employ a multi-task learning strategy, rec-
ommendation loss is combined with the contrastive learning
loss to compute the final loss:

L= Ly + L. (24)

Experiments
Datasets

We utilize three datasets from Foursquare, i.e., Singapore
(SIN), New York City (NYC) and Phoenix (PHO), as de-
tailed in Table 2. Interaction records are sorted based on
the user’s check-in times. Following the methodology in
(Zhang et al. 2022a; Duan et al. 2023a), we filter out POIs
with fewer than 10 occurrences, remove inactive users with
fewer than 5 check-ins, and discard trajectories shorter than
3 check-ins. The sorted interaction records are divided into
training, validation, and test sets in a ratio of 8: 1: 1.

Baselines

Nine baseline models are selected for comparison. (1) ST-
RNN (Liu et al. 2016) models specific spatio-temporal con-
text distances in check-in sequences using an RNN. (2)
ATST-LSTM (Huang et al. 2019) assigns different weights
to historical check-ins in a spatiotemporal LSTM using an
attention mechanism. (3) MCARNN (Liao et al. 2018) em-
ploys a multi-task learning framework with RNN to predict
the next user activity and location. (4) PLSPL (Wu et al.
2020) combines an attention mechanism and LSTM to learn
user’s past and current preferences. (5) iMTL (Zhang et al.
2021) captures relationships between user’s activities and lo-
cations using a dual-channel encoder and specific decoder.
(6) CTLE (Lin et al. 2021) models contextual position em-
beddings using a bidirectional Transformer model. (7) CF-
PRec (Zhang et al. 2022a) uses an attention mechanism and
LSTM to model user’s past, current, and future preferences
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separately. (8) ContraRec (Zhang et al. 2022b) is a SOTA
sequence-based method that performs contextual contrastive
learning tasks on sequences of the same target item. (9)
CLSPRec (Duan et al. 2023a) is a SOTA model that uses
a shared trajectory encoder to contrast long and short-term
representations for the next POI recommendation task.
Model Settings: Our method is implemented in PyTorch on
a cluster server equipped with V100/A100 GPUs. The fi-
nal performance is determined by averaging the results from
three rounds of experiments. For the PHO, NYC, and SIN
datasets, the embedding dimensions D are set to 120, 80,
and 120, respectively. The number of negative samples for
contrastive learning is set to 5 for all datasets. A dropout
rate of 0.5 is applied in the Transformer encoder to generate
positive samples. The contrast learning temperature 7 is set
to 0.2. Finally, the Adam optimizer is used with a learning
rate of le-4. The hyperparameter settings will be analyzed
in the following sections.

Evaluation Metrics: To validate the performance of our
method, we employed two widely recognized metrics in our
experiments: (1)HR@K and (2)NDCG@K. We report our
performance with K set to 5 and 10 for a fair comparison.

Overall Performance

We compare the proposed model with baseline models
across three datasets. Table 1 presents the best perfor-
mance of all models on the three datasets. Our model
demonstrates significant performance improvements across
all datasets. These experiments validate the effectiveness
of our proposed model for the next POl ecommendation
task, with improvements ranging from 7% to 21.6% across
the three datasets. Among traditional sequence-based meth-
ods, ATST-LSTM and PLSPL outperform ST-RNN, in-
dicating the effectiveness of attention mechanisms in se-
quence modeling. The success of MCARNN and iMTL
highlights the importance of considering user activities
and locations in recommendation system. CTLE, CFPRec,
and CLSPRec significantly outperform traditional sequence
modeling methods, demonstrating the bidirectional Trans-
former model’s capability in long sequence modeling. How-
ever, Transformer-based models tend to produce over-
smoothed item representations, leading to performance that
is inferior to our model. ContraRec and CLSPRec both
utilize contrastive learning, resulting in significant perfor-
mance improvements. but they primarily focus on model-
ing global contrast targets and tend to overlook local in-
formation. Our FHCRec model enhances the bidirectional
Transformer model by capturing frequency-domain infor-
mation in long-term sequence modeling to enrich embed-
ding representations. It also considers both global and lo-
cal short-term sequence representations through hierarchical
contrastive learning, thus achieving the best results.

Ablation Study

To verify the effectiveness of our proposed model, we con-
duct ablation experiments by removing different compo-
nents to create the following variants: (V1) The frequency-
enhanced Transformer encoder is replaced with a standard



PHO NYC SIN

H@5 H@l0 N@5 N@l0| He5 H@I0 N@5 N@I0| H@5 H@l0 N@5 N@IO
ST-RNN 0.1240 0.2028 0.0802 0.1229]0.1347 0.1826 0.0593 0.1303|0.0959 0.1370 0.0655 0.0794
ATST-LSTM |0.1579 0.2377 0.1033 0.1385|0.1667 0.2031 0.0912 0.1638]0.1296 0.1933 0.1027 0.1476
MCARNN |0.1905 0.2726 0.1264 0.1617|0.1835 0.2397 0.1036 0.1870|0.1608 0.1862 0.1169 0.1591
PLSPL 0.1775 0.2569 0.1285 0.1538]0.1741 0.2413 0.0961 0.1825|0.1447 0.1719 0.1126 0.1384
iMTL 0.1830 0.2747 0.1301 0.1632]0.1789 0.2422 0.0989 0.1861|0.1505 0.1801 0.1051 0.1423
CTLE 0.2632 0.3605 0.1995 0.2068 |0.2421 0.3205 0.1513 0.1841|0.2041 0.2784 0.1315 0.1556
CFPRec 0.3421 0.4253 0.2432 0.2730(0.2771 0.3606 0.1971 0.2190|0.2310 0.3085 0.1588 0.1836
ContraRec  |0.3381 0.3680 0.2843 0.293910.1951 0.2368 0.1425 0.1560|0.2047 0.2710 0.1454 0.1660
CLSPRec 0.5368 0.6368 0.3811 0.4175|0.3545 0.4352 0.2653 0.2871(0.3544 0.4093 0.2794 0.2942
FHCRec 0.6000 0.6842 0.4257 0.4481|0.3917 0.4658 0.2877 0.3099 |0.4219 0.4873 0.3369 0.3562
Improve 11.8% 74% 11.7% 73% |10.5% 7.0% 84% 79% |19.0% 19.1% 20.6% 21.1%

Table 1: Performance comparison in HR@K and NDCG@K on three datasets, ”H” stands for HR, and "N stands for NDCG.

(b) SIN

Figure 4: Hyperparameter sensitivity analysis on HR@ 10

#User #POI  #Check-in  #Density
PHO 2946 7247 47980 0.22%
NYC 16387 56252 511431 0.06%
SIN 8648 33712 355337 0.12%
Table 2: Datasets statistics
PHO NYC SIN
H@5 N@l0 H@5 N@I0 H@5 N@I10

V 10.6000 0.4481 0.3917 0.3099 0.4219 0.3562
V1{0.5579 0.4454 0.3856 0.2937 0.4051 0.3561
V2|0.5737 0.4428 0.3784 0.3061 0.4145 0.3552
V31]0.5789 0.4421 0.3773 0.3068 0.4119 0.3539
V410.5526 0.4411 0.3706 0.3054 0.4093 0.3549

Table 3: Ablation experiments on three datasets

encoder to model long-term sequences. (V2) Global con-
trastive learning is excluded. (V3) Local contrastive learn-
ing is excluded. (V4) The contrastive learning module is en-
tirely removed. The HR@5 and NDCG@ 10 results are re-
ported on three datasets, as shown in the table 3. From the
results, we can first observe that our proposed model signifi-
cantly outperforms the variants. Compared to V1, the results
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indicate the frequency enhanced encoder effectively sup-
plements frequency-domain information, resulting in more
robust embedding representations. Additionally, our model
surpasses V4, indicating that contrastive learning effectively
learns better short-term sequence representations. Finally,
by comparing V2, V3, and V4, we observe that relying
solely on either local or global contrastive learning cannot
achieve optimal performance. A proper combination of both
approaches offers greater advantages.

Hyperparameter Sensitivity Analysis

We discuss two critical hyperparameters in the model. We
search for d, which controls the frequency threshold, within
the range {3, 4, 5, 6} and «, which controls the strength
of local and global contrast learning, within the range {0.05,
0.1,0.2, 0.4, 0.8}. We exhaustively explore all combinations
across the three datasets to obtain the best performance, and
the final results are presented in Figure 4. In practical exper-
iments, we set d and « to 5 and 0.8 for the SIN, 6 and 0.4
for the NYC, and 5 and 0.2 for the PHO.

Visualization

Visualization of Long-Term Sequence Representation.
We extract a sequence of user check-ins from the SIN
dataset and compare the similarity of check-in embed-



) 400
200
175 350
150 300
125
100 250
75 200
50 150

(a) No enhancement (b) With enhancement

Figure 5: Similarity matrix heatmap

dings using the traditional Transformer and the frequency-
domain enhanced Transformer. We visualize the results as
a heat map Figure 5 and observe that the traditional Trans-
former exhibits consistent color changes suggesting an over-
smoothing problem, which restricts the model’s expressive
capacity. In contrast, the similarity matrix after frequency-
domain enhancement display more pronounced changes be-
tween adjacent check-ins, indicating the embeddings are
more discriminative. This demonstrates the effectiveness of
the frequency-domain enhanced Transformer.
Visualization of Current Sequence Representation.
Contrastive learning has been shown to make the distribution
of embedded representations more uniform and tightly clus-
tered, thereby enhancing performance in various deep learn-
ing tasks (Wang and Isola 2020; Li et al. 2020; Wu, Xiao,
and Vydiswaran 2023). To demonstrate the effectiveness of
our proposed contrastive learning, as shown in Figure 6, we
use t-SNE (Van der Maaten and Hinton 2008) dimensional-
ity reduction to visualize the learned current short-term em-
beddings from NYC dataset, which are closely related to the
POIs to be predicted. The final visualization results indicate
that the embedding distribution learned through contrastive
learning is denser and more centralized. Additionally, the
small-scale clustering effect is more pronounced, which is
beneficial for deep learning tasks.

Related Work

Early POI recommendation methods primarily focus on the
influence of recent check-in behavior on subsequent visits.
Traditional models, such as the Markov random model (Ye,
Zhu, and Cheng 2013), predicts the category of the user’s
next check-in based on category distribution, the predict the
final location. The collaborative filtering model (Lian et al.
2014) employs weighted matrix factorization to model im-
plicit behavioral feedback. These approaches are heavily de-
pendent on feature engineering. Compared with traditional
models, deep learning models(Xu et al. 2023; Qu et al. 2021)
are gaining popularity because of their ability to automati-
cally extract features.

In deep learning models, various RNN architectures and
their variants have been used to model user’s preferences
(Hochreiter and Schmidhuber 1997; Duan et al. 2023b).
Later, researchers emphasize the importance of modeling
long-term preferences and integrating them with short-term
preferences. For example, LSPTM (Sun et al. 2020) mod-
els both long-term and short-term preferences using a ge-
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Figure 6: Visualization of current short-term sequence rep-
resentation

ographically enhanced LSTM model. STGN (Zhao et al.
2020) integrates time gates and distance gates to model and
distinguish both user’s long-term and short-term interests.
RNN models struggle with modeling long-term sequences,
so DeepMove (Feng et al. 2018) employs GRU to model cur-
rent sequence information while utilizing attention mecha-
nisms to capture relevant information from past trajectories.

Given the significant potential of the Transformer archi-
tecture(Li et al. 2021), STAN (Luo, Liu, and Liu 2021) em-
ploys a two-layer attention mechanism to account for spa-
tiotemporal correlations within trajectories, aiding in the
prediction of the next check-in. GETNext (Yang, Liu, and
Zhao 2022) incorporates global trajectory information, user
general preferences, temporal perception, and categorical
perception into the Transformer, while also mitigating the
cold start problem. CFPRec (Zhang et al. 2022a) employs
a bidirectional Transformer to model past preferences, in-
tegrating them with current and future preferences to cre-
ate a more expressive user representation. Unlike CFPRec,
CLSPRec (Duan et al. 2023a) utilizes a shared encoder to
model both long-term and short-term sequences, enabling
the encoder to iteratively learn common patterns within
these sequences. AGRAN (Wang et al. 2023) learns an adap-
tive POI graph matrix and then use spatiotemporal self-
attention mechanism to capture user interests. CLLP (Zhou
et al. 2024) enhances the Transformer with local window at-
tention and incorporates spatiotemporal factors.

Conclusion

In this paper, we propose a novel model FHCRec to en-
hance and jointly recommend user’s long and short-term
preferences. We model user’s long-term sequences using a
frequency-domain enhanced Transformer to capture richer
long-term preferences from low and high-frequency per-
spectives. For short-term sequence modeling, we utilize not
only the current short-term sequence but also the implicit
short-term subsequences within the long-term sequence,
employing hierarchical contrastive learning to refine the
modeling from local and global viewpoints. Experiments on
three real-world datasets validate the effectiveness of our
model. Additionally, we demonstrate the effectiveness of our
model components through comprehensive ablation studies,
hyperparameter analysis, and visualization experiments.
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