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Abstract

With the proliferation of Location-based Social
Networks (LBSNSs), user check-in data at Points-
of-Interest (POIs) has surged, offering rich insight-
s into user preferences. However, sequential POI
recommendation systems always face two pivotal
challenges. A challenge lies in the difficulty of
modeling time in a discrete space, which fails to
accurately capture the dynamic nature of user pref-
erences. Another challenge is the inherent sparsi-
ty and noise in continuous POI recommendation,
which hinder the recommendation process. To ad-
dress these challenges, we propose counterfactu-
al user sequence synthesis with continuous time
dynamic preference modeling (CussCtpm). Cuss-
Ctpm innovatively combines Gated Recurrent Unit
(GRU) with neural Ordinary Differential Equations
(ODEs) to model user preferences in a continuous
time framework. CussCtpm captures user prefer-
ences at both the POI-level and interest-level, iden-
tifying deterministic and non-deterministic prefer-
ence concepts. Particularly at the interest-level,
we employ GRU and neural ODEs to model users’
dynamic preferences in continuous space, aiming
to capture finer-grained shifts in user preferences
over time. Furthermore, CussCtpm utilizes coun-
terfactual data augmentation to generate counter-
factual positive and negative user sequences. Our
extensive experiments on two widely-used public
datasets demonstrate that CussCtpm outperforms
several advanced baseline models.

*Corresponding author
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1 Introduction

With the widespread adoption of Location-based Social Net-
works (LBSNs), an increasing number of users are engaging
in checking in for their favorite Points-of-Interest (POIs) on
LBSNs. This trend, representing a significant shift in how
individuals interact with their environment, has led to an ex-
ponential increase in user check-in data. Such data not only
offers insights into users’ preferences and behaviors but also
provides a unique opportunity to enhance user engagement
through tailored experiences [Islam ef al., 2022]. While there
have been many works in the field of POI recommendations,
early efforts [Horozov et al., 2006; Devarajan et al., 2019]
primarily focus on the interactions between users and POlIs
without considering the temporal effect of user check-ins.
Temporal information undeniably plays a crucial role in in-
fluencing user check-ins. Recent advances [Lim ef al., 2022;
Lim et al., 2020] have explored sequential POI recommenda-
tions considering the impact of time. These advances have at-
tempted to predict users’ subsequent check-ins based on their
historical interactions with POIs.

Despite these advancements, sequential POI recommenda-
tion still faces numerous challenges. An important challenge
(C1) lies in the difficulty of modeling time in a discrete space,
which fails to accurately capture the dynamic nature of user
preferences. Although many studies [Rahmani et al., 2022;
Kumar et al., 2024] regard time as an important factor affect-
ing user check-in and consider time factors in their studies,
these studies have all modeled time in a discrete space. How-
ever, user preferences towards certain POIs change over time.
For example, a user’s preference for a supermarket may de-
crease with increased waiting time. Time modeling in dis-
crete space cannot reflect the fine-grained continuous prefer-
ence changes of users, but modeling in continuous space can
solve this problem. This represents a unique and significant
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issue in sequential POI recommendation, which is differen-
t from other recommendation systems. Another persisten-
t challenge (C2) is the sparsity issue inherent in sequential
POI recommendations. The vast number of users and POIs
inevitably leads to sparse interactions, which is a fundamen-
tal issue that cannot be overlooked [Liu et al., 2023b]. The
additional challenge (C3) is the noise in POI recommenda-
tions, arising from extrinsic factors, further complicates the
scenario. Users might check in at POIs that do not genuine-
ly reflect their preferences, influenced by external factors like
restaurant promotions or social events. Some works alleviate
the above challenges by using adaptive denoising techniques
[Wang er al., 2021a] and contrastive learning techniques [Gu
et al., 2022]. However, the sparsity and noise has been the
challenge that is difficult to ignore in recommendations.

We propose an approach that augments Counterfactual
User Sequence Synthesis with Continuous Time Dynamic
Preference Modeling for sequential POI Recommendation,
abbreviated as CussCtpm. To tackle the challenge (C1) of
modeling dynamic user preferences and capture the precise
user preferences in a continuous space, we utilize GRU to
model the evolving nature of user preferences and then em-
ploy neural Ordinary Differential Equations (ODEs) [Chen et
al., 2018] to transition the modeling of user time preferences
from a discrete space to a continuous space. To mitigate the
issues of sparsity (C2) and noise (C3), we use counterfactual
data to enhance the learning of user sequences. Specifically,
we define two concepts: the deterministic preference, which
represents a user’s inherent likes, and the non-deterministic
preference, which depicts less favored interests. By sub-
stituting the fine-grained POI-level or abstract interest-level
of these deterministic and non-deterministic preferences, we
achieve counterfactual transformations. Subsequently, by us-
ing contrastive learning, we capture the representations that
more accurately reflect the user’s true preferences. Our pri-
mary contributions are summarized as follows:

e We propose the transition of dynamic preference model-
ing from a discrete to a continuous space, utilizing ODEs
to capture the continuous evolution of user preferences.

e We leverage counterfactual data to alleviate the negative
impacts of data sparsity and noise, refining the represen-
tation of user preferences by substituting deterministic
and non-deterministic preferences.

e We conduct extensive experiments on two public POI
datasets, demonstrating the superiority of CussCtpm.

2 Related Work

2.1 Sequential POI Recommendation

Early works use collaborative filtering method [Cai er al.,
2013] to make POI recommendations based on user location
information [Zhao ef al., 2020] or POI category data [Rah-
mani et al., 2019]. However, these methods overlook the tem-
poral aspect of user check-ins. Subsequent research begins to
capture the time effects within user check-in sequences using
Long Short-Term Memory (LSTM) [Hochreiter and Schmid-
huber, 1997] and Gated Recurrent Unit (GRU) [Chung et al.,
2014; Qi et al., 2022]. Another effort [Manotumruksa et al.,
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20138] utilizes an attention mechanism combined with GRU
to capture the dynamic preferences of users by leveraging
feedback sequences and associated contextual information.
In addition, Liu et al. [Liu er al., 2022] apply graph convo-
lutional models to POI recommendations, thereby extracting
user preference embedded within higher-order connectivity.
However, despite these advances in incorporating time infor-
mation into recommendation systems, a key limitation still
exists: discrete spatial modeling of time effects. This lim-
itation hinders the extraction of fine-grained changes in us-
er preferences, which is also the challenge that our research
aims to address.

The exploration of user dynamic preferences has been a
key area of sequential POI recommendations. To enhance
the recommendation performance, many advances [Tan et al.,
2021; Liu et al., 2023a; Bian et al., 2023] have conducted ex-
tensive research on capturing user dynamic preferences. A
recent effort [Passino er al., 2021] proposes a dynamic mod-
el for user preferences towards item categories. This model
can estimate the probability of transitions between item cat-
egories over time, thereby predicting user preferences. Fur-
thermore, the use of ODEs for modeling user preferences in
a continuous space enables the fine-grained capture of shift-
s in user preferences. A study [Tan er al., 2021] leverages
meta-learning enhanced neural ODE:s to extract dynamic us-
er preferences. Similarly, a work [Bian et al., 2023] defines
the ODE:s for the history graph and context graph to track the
dynamic changes in user preferences. Therefore, we can use
ODEs to model the continuous preferences of users, which
can capture the authentic changes in their preferences and
provide better recommendations.

2.2 Counterfactual Data Augmentation

Counterfactual data augmentation is commonly used to alle-
viate data scarcity issues and has been successfully applied in
various fields such as computer vision [Singla et al., 2023].
However, its application in recommendation systems is un-
derexplored. A recent study [Yang et al., 2021] applies coun-
terfactual data augmentation in Top-N recommendation sys-
tems. Similarly, subsequent research [Saito and Joachims,
2021; Liu et al., 2020] predominantly aims to reduce bias in
learning-level problems. To alleviate the impact of adverse
data in the sequential recommendation, an attempt [Wang et
al., 2021b] employs sampler and anchor models for heuris-
tic intervention during model training. A work [Zhang er al.,
2021] applies counterfactual data augmentation in the recom-
mendation field, utilizing counterfactual user sequence syn-
thesis to alleviate the noise and sparsity issues.

3 Preliminaries
3.1 Problem Definition

Let U = {uj,us,..., ujy|y denote the set of users, and P =
{p1,p2,...,pp|} denote the set of POIs, where |U| and [P|
represent the total number of users and POlIs, respectively.
Each user u € U is associated with a sequence of interaction-
s with POIs over time. We denote the sequence of histori-
cal interactions for user u as S, = {p1,p2, ..., pr—1}, where
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pi—1 € P represents the POI interacted with, and ¢ denotes
the corresponding timestamp of interaction.

Given the check-in sequence of a user up to time ¢ — 1, our
goal is to predict the POI that he/she probably visit at time ¢.
Formally, the prediction target for user u at time ¢ is denoted
as g, = Py, and the prediction task is formulated in (1):

P = argmaz,cp Pr(p|Su, t; €), (D

where p is the predicted POL, Pr(p|S., t; €) is the probability
of visiting POI p given the historical sequence S,, and time ¢,
parameterized by e.

3.2 Counterfactual Transformation

In the counterfactual transformation process, we apply arti-
ficial interventions to change certain preferences of users to
observe variations in their behavior. This process is achieved
by replacing deterministic and non-deterministic preferences
of users. We define the two concepts as follows:

Deterministic Preference. Deterministic preference refer-
s to actions that are crucial to users’ interest representation.
These preferences reflect the core interests of the user and are
not arbitrarily replaceable.

Non-Deterministic Preference. Non-deterministic prefer-
ence represents actions that are irrelevant to the user’s core
interests and may even constitute noise. They are less impor-
tant for representing users’ true interests.

3.3 Neural ODE for Modeling Continuous
Dynamics

Neural ODE [Chen et al., 2018] offers a principled frame-
work for modeling the evolution of systems over continuous
time. In user preference modeling, ODE enables us to cap-
ture the dynamic nature of user behavior as it unfolds through
time. An ODE is a mathematical equation that describes the
relationship between a function and its derivatives, represent-
ing the rate of change of the function with respect to an in-
dependent variable, typically time in our task. Formally, an
ODE for a function h(t) can be expressed as:

dh(t)
dt
where h(t) denotes the state of the system at time ¢, =,
the derivative of h(t) with respect to time, and f is a function
parameterized by O.
Incorporating ODE into our model necessitates the accu-
rate integration of the user preference state over time. Given

an initial state h(%y), we can derive the state at any later time
T using a black-box differential equation solver defined as:

= f(h(t)v t; 6)7 2

T
h(T) = h(to) + / F(h(t),t; ©)dt, 3)

where the integral computes the accumulation of changes in
preferences from the initial time ¢ to any given time 7.
The use of an ODE solver in our model is formalized as:

hcominuous (T) = odeint(f, h(tO)v T7 9)7 (4)

where odeint(-) denotes the black-box ODE solver [Ahnert
and Mulansky, 20111, and h¢onginuous(T") is the state of user
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preferences at time 7. The solver provides a differentiable
operation that is integrated with the automatic differentiation
capabilities of deep learning frameworks, allowing for end-
to-end learning of the parameters © through gradient descent.

4 The Proposed Method

The proposed CussCtpm framework is divided into two main
components: continuous dynamic preference capture and
concept identification, counterfactual behavior representa-
tion. The framework is schematically shown in Figure 1.

4.1 Continuous Dynamic Preference Capture and
Concept Identification

POI-level Concepts

Inspired by a recent work [Zhang et al., 2021], we consid-
er each POI within a behavior sequence as an independent
POlI-level concept, with each POI possessing its unique fine-
grained characteristics. Next, in order to encode the user’s be-
havioral sequence, we utilize B = p(S,, 1.¢) as the encoded
representation of the concept sequence, where S = p¢ (.S, 1:¢)
denotes the representations of the behavior sequence and S
€ R**? where d denotes the dimension of each representa-
tion. Here, p¢(-) is the POI encoder, and (S, 1.1) represents
the complete check-in sequence of the user. The concept s-
core at the POI level, reflecting the importance of a concept
in representing user interests, is computed as follows:

= Slm(bn : gu)7 )

where b,, denotes the concept vector for the n-th POI, and
g, is the embedding of the target POI for user u, sim(-) is a
similarity function calculated by inner product.

poi

p'VL

Interest-level Concepts

Solely utilizing POI-level representations may lead to redun-
dancy in concepts due to the possibility of shared seman-
tics across POIs. To overcome this, we introduce interest-
level concepts by capturing the continuous dynamic prefer-
ences of users. This process involves identifying determinis-
tic and non-deterministic preference concepts at a more ab-
stract level. We use GRU to capture short-term and long-
term preferences containing user interests. This is main-
ly achieved through the gate structure in GRU, defined by
h; = GRU(h;_1, p,). The details are defined as:

ri=0(W,p, +U,hi1+b,)
zi=0(W.p, +U.hi_1 +b.)
h; = tanh (Wp,p, + U, (r, © hy_1) + by,)
hi=zOhi_1+(1—2)0h

(6)

where r; and z; correspond to the reset and update gates,
respectively, while h; represents the candidate activation, and
h; represents the final state of GRU. p, is the embedding of
a POI at the present timestep ¢, and h;_; is the hidden state
of the preceding timestep ¢ — 1. The parameters {W ., U,.,
W.,U,, Wy, U} are the trainable matrices, {b,., b., by }
are biases. The sigmoid activation function is symbolized by
o, and the Hadamard product is denoted by ©.
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Continuous Dynamic Preference Capture and Concept Identification

Counterfactual Behavior Representation through Concept Substitution
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Figure 1: Overview of the CussCtpm framework

Other works [Manotumruksa et al., 2018; Liu et al., 2021]
utilize GRU and combine attention mechanisms when captur-
ing users’ dynamic preferences. Although such methods can
capture user preferences, they still model user preferences
in a discrete space. Modeling in discrete space is unable to
capture fine-grained user preferences. Here, we use neural
ODE:s to map users’ dynamic preferences from discrete space
to continuous space, as shown in Figure 2 for a specific exam-
ple. Here, it is assumed that the user’s preference for POISs is
relatively constant in discrete space, whereas the user’s pref-
erence for POIs alternates between decreasing/increasing in
continuous space. Our goal is to model user preferences with-
in a continuous domain, hence we evolve from the discrete
time step at ¢ — 1 in our original domain, projecting it onto a
continuous span represented by t — At within our destination
domain. Through this transition, the difference of the GRU’s
outputs, denoted by Ah, are utilized to formulate a differen-
tial equation as follows:

Aht=h; —hi_at

2t @hiae+(1—2) @ hy — hy_ay
(z: = 1) O hint 4+ (1 —2) O hy
=(1-2)0 (i"t - ht—At)

This difference equation naturally leads to the following
ODE for h(t) when At — 0:

0 _ (1 sy o (R) - hio)

Through GRU and the subsequent transformation into con-
tinuous time representations via ODE, our model employs an
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Figure 2: Mapping user preferences from discrete space to continu-
ous space through neural ODE: an example

attention mechanism to further refine user interest representa-
tions. The interest-level concepts are then extracted to weigh
the importance of different points in the sequence as follows:

o = softmax(Wy tanh(W;HT)) T, )

where H is the vectorial representations of the behavior se-
quence containing dynamic preferences, W1 and W, are
trainable parameters, « is the attention score by an additive
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model, and tanh(-) represents hyperbolic tangent function.
Then we can obtain the concept sequence as follows:

B*=aH (10)

Given that the interest-level concepts and target POI are
not naturally embedded in the same space, we calculate the
concept score using a weighted sum at the POI-level.

pinterest — aTSZm(H . gu) (11)

Finally, we obtain the POI-level concepts and the interest-
level concepts, respectively. Subsequently, it is necessary to
distinguish the importance of these concepts. Consistent with
the approach in [Zhang ef al., 2021], we categorize the top

50% of the scores from the POI-level ratings pb' and interest-
level ratings p™©®t as deterministic preferences, while the
rest are classified as non-deterministic preferences. This se-
lection ensures a balanced proportion between deterministic
and non-deterministic preferences in our analysis.

4.2 Counterfactual Behavior Representation

If we replace the deterministic preferences in the user se-
quence, the core interests and preferred POIs of the user
will be changed by which the sequence becomes a coun-
terfactual negative user sequence. On the contrary, if the
non-deterministic preferences in the user sequence are re-
placed, the new sequence will still be semantically similar
to the original sequence, and the new sequence will become a
counterfactual positive user sequence. Here, we set a fixed
replacement ratio v as the proportion of deterministic and
non-deterministic concepts that are substituted to create these
counterfactual sequences. To facilitate the concept substitu-
tion process, we employ a First-In-First-Out (FIFO) queue as
a concept memory bank at each level. This queue serves as a
repository for concepts extracted from the current mini-batch,
which are enqueued for subsequent use. By employing this
FIFO queue mechanism, we effectively maintain the overal-
I sequence length and the relative positions of the remain-
ing concepts, which is critical for preserving the structural
integrity of the user sequence.

Inspired by [Zhang et al., 2021; Clark et al., 2020], we
consider the contrast between counterfactual sequences and
observation. A robust user representation should exhibit
minimal sensitivity to non-deterministic preference concepts,
while an accurate representation should rely more on deter-
ministic preference concepts. To achieve this, we use triplet
margin loss to measure the relative similarity between the rep-
resentations derived from the original and counterfactual se-
quences. The loss function for this contrast is given by:

Y X
L, :ZZmaX{d (u,UJ) —d(u,u;) +A01’0}

y=1lz=1

(12)
where u, uzj, u_, represent the true representation of the user,
counterfactual positive user representation, and counterfactu-
al negative user representation from counterfactual POI-level
concept sequences, respectively. Additionally,  and y de-
note the number of generated counterfactual negative users
and counterfactual positive users, respectively. We choose
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the L2 distance as the distance function d(-), and empirically
set the margin A, = 1.

The aforementioned goal focuses exclusively on user rep-
resentation. We also incorporate the target POI which con-
tributes to refining user representation learning.

Y X
Le, :Zl—ﬁ;‘-p—i—ZmaX(O,ﬁ; -f)—AcQ) (13)
y=1 x=1

Here, p denote the target POI, the margin A, is set to 0.5.

4.3 Optimization

To enhance the accuracy and robustness of user representa-
tions, our model employs contrastive learning. This approach
is pivotal for training the model, as it emphasizes the rela-
tionships between different types of users. We first define the
primary loss function for our model training:

1
L, = in —
p = arg min Vi Z
(Su»pt)ev
exp¢0(ptasu>
ZPQE\PI exp g (Suvpé)

Here, 1y (-) denotes cosine similarity, p} denotes all possible
POIs that may be accessed, V = {(Su,,, gu,, )|um € U} de-
notes the user’s historical interaction behaviors, and € denotes
the corresponding trainable parameters.

Combining the above components, the overall loss function
for our model is given by:

Liotar = Lp + AL"C1 + nﬁcm (15)

where A and 1) are weighting parameters that balance the con-
tributions of contrastive objectives to total loss.

—logog(pt | Su),
(14)

where og(p; | Su) =

S Experiments

In this section, we have conducted extensive experiments on
real-world datasets, and analyzed the performance of the pro-
posed CussCtpm by addressing the following questions:

e RQ1: Can our proposed CussCtpm outperform the base-
lines for sequential POI recommendation?

e RQ2: How does the continuous time dynamic prefer-
ence modeling in CussCtpm affect model performance?

e RQ3: How to demonstrate the effectiveness of synthe-
sizing counterfactual user sequences?

e RQ4: How is the performance of CussCtpm affected by
different parameter settings?

5.1 Experimental Settings

Datasets and Metrics. We utilize real-world check-in
datasets: NYC and TKY collected from Foursquare. These
datasets [Yang er al., 2013] encompass user check-in detail-
s. We consider POIs with less than 5 check-ins as outliers
and delete them. For evaluation metrics, we employ Mean
Reciprocal Rank (MRR) and Hit Rate (HIT). MRR can quan-
tify the accuracy of the top-ranked recommendations and em-
phasize the importance of placing truly relevant POIs at the
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forefront. HIT can evaluate the overall effectiveness of our
POI recommendation system, reflecting how frequently our
proposed POIs align with users’ genuine preferences. Rec-
ommendation number Top-K candidates are 5, 10, 20.

Baselines. Our experimental study compares CussCtpm
with a series of methods, including traditional methods like
BPR [Rendle er al., 2009], contemporary GNN-based meth-
ods such as LESSR [Chen and Wong, 20201, SR-GNN [Wu
etal.,2019], GCE-GNN [Wang et al., 2020], NISER [Gupta
et al., 2019], simplified GCN-based methods such as NGCF
[Wang et al., 2019], PriGCN [Liu ef al., 2023c], and the
time-aware method such as ITGCN [Liu et al., 2022].

5.2 Results and Discussion (RQ1)

Our experiment compares CussCtpm with a series of method-
s. The comparison results are summarized in Table 1. From
Table 1, we can observe that our method is overall superior
to other methods and achieves good performance improve-
ment. The traditional method BPR is greatly affected by the
dataset and performs poorly on the NYC dataset, but ensures
good performance on the TKY dataset. This may be be-
cause BPR does have personalized sorting capabilities, but
its universality needs to be improved. The GNN-based meth-
ods, capable of capturing high-order user-POI connectivity,
are yet hindered by data sparsity and noise, as evidenced by
GCE-GNN'’s performance on NYC. Compared with simpli-
fied GCN-based methods, these models omit some unnec-
essary structures in the graph, such as activation functions
and transformation matrices. These methods have improved
training speed, but have not overcome the effects of sparsity
and noise. Considering the influence of time, ITGCN model-
s can capture the dynamic preferences of users in discrete s-
pace. However, user preferences are constantly changing over
time, while ITGCN can not consider this influencing factor.
In contrast, CussCtpm excels in addressing these challenges
by integrating continuous-time dynamic preference modeling
and counterfactual user sequence synthesis. This approach
not only captures the evolving nature of user preferences in
a more granular manner but also effectively mitigates issues
arising from sparse data and extrinsic noise.

5.3 Impact of Capturing User Preferences
Dynamically (RQ2)

We evaluate the impact of continuous time dynamic prefer-
ence modeling on the performance of CussCtpm. We create
a variant of our model, CussCtpm-¢, which omits the inte-
gration of GRU with Neural ODE for capturing the dynamic
preferences of users, relying solely on attention mechanisms
for preference capture. The comparative analysis of CussCtp-
m and its variant CussCtpm-t is summarized in Table 2. The
results indicate a noticeable decline in recommendation per-
formance when the dynamic preference capture component
is excluded. Specifically, CussCtpm-t¢ exhibits lower MRR
and HIT scores compared to the complete CussCtpm model.
These findings underscore the significance of capturing us-
er preferences dynamically, leveraging the synergy between
GRU and neural ODE.

2311

32 128 — 32 — 128 32 128 — 32 — 128
64 W 256 64 256 64 N 256 64 256

024 __—

= . = I 0.4
=022 2 -
s . 20.22 02T

0.21 ‘
0.20 T 020 g 10 0 00

2

(a) NYC (b) TKY

Figure 3: Performance w.r.t. different embedding dimensions

5.4 Impact of Aggregation Strategy (RQ3)

We experiment with three variations of our model:
CussCtpm-n (without counterfactual negative sequences),
CussCtpm-p (without counterfactual positive sequences), and
CussCtpm-np (without any counterfactual sequences). Ta-
ble 2 summarizes the performance of these variants com-
pared to the complete CussCtpm model. The experimental
results highlight a significant decline in model performance
with the omission of both counterfactual positive and neg-
ative user sequences in CussCtpm-np. CussCtpm-n, which
maintains counterfactual positive user sequences, marginally
outperforms CussCtpm-p, indicating a slightly greater impact
of counterfactual positive sequences on the model’s perfor-
mance.

5.5 Parameter Sensitivity Analyses (RQ4)

Embedding Dimension. We explore various options for
the embedding dimension e, specifically: 32, 64, 128, and
256. The results are summarized in Figure 3. The model’s
MRR shows an increase on NYC but a decrease on TKY.
This phenomenon could be attributed to the fact that an em-
bedding dimension of 32 already offers sufficient expressive
power for this scenario. Hence, merely increasing the em-
bedding dimension may lead to more computational cost and
potentially cause the feature representation overly dispersed.

Replacement Ratio. Our method generates counterfactu-
al negative/positive users by replacing deterministic/non-
deterministic preferences in user sequences. Consequently,
the choice of replacement ratio + is a crucial factor affecting
model performance. We have tested several values of v: 0.1,
0.2, 0.3, 0.4, 0.5, 0.6, and then conducted extensive experi-
ments. The results are summarized in Figure 4. Through ob-
servation, it is evident that both in the NYC and TKY dataset-
s, the model’s performance gradually improves as the -y value
increases. However, there is a noticeable decline in perfor-
mance when ~ shifts from 0.5 to 0.6. This indicates that the
model achieves optimal performance at a replacement ratio
of 0.5. A higher + introduces excessive noise, while a lower
value leads to suboptimal counterfactual learning capabilities.

The Number of Interest-level Concepts. We capture the
dynamic preferences of users and generate interest-level con-
cepts. We evaluated three different quantities: 10, 20, and
30, and summarized the results in Figure 5. Our observations
indicate that with a lower number of interest-level concepts,
the granularity of these concepts is coarser. As the number
increases, the concepts become more fine-grained. However,
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Datasets | NYC \ TKY
Metric M@5 M@10 M@20 H@5 H@l10 H@20 ME@5 M@10 M@20 H@5 H@l10 H@20
BPR 0.0869 0.0949 0.0983 0.1493 0.2090 0.2637 0.2243 0.2316 0.2360 0.3179 0.3744 0.4385
LESSR 0.0686 0.0701 0.0712 0.0862 0.0981 0.1190 0.1547 0.1620 0.1659 0.2305 0.2850 0.3408
SR-GNN  0.0380 0.0385 0.0388 0.0599 0.0645 0.0737 0.0754 0.0773 0.0789 0.1068 0.1198 0.1438
GCE-GNN 0.1612 0.1642 0.1692 0.2672 0.2903 0.3594 0.1551 0.1608 0.1641 0.2265 0.2723 0.3159
NISER 0.0357 0.0364 0.0364 0.0506 0.0553 0.0691 0.0505 0.0522 0.0531 0.0740 0.0980 0.1067
NGCF 0.0539 0.0587 0.0615 0.0995 0.1293 0.1741 0.1788 0.1819 0.1850 0.2538 0.2769 0.3205
PriGCN 0.2027 0.2031 0.2103 0.3521 0.3777 0.3893 0.2122 0.2200 0.2236 0.3336 0.3847 0.3951
ITGCN 0.1934 0.1989 0.2024 0.3634 0.3689 0.3705 0.2288 0.2301 0.2358 0.3354 0.3937 0.4029
CussCtpm-¢  0.2134 0.2159 0.2188 0.3721 0.4105 0.4377 0.2153 0.2204 0.2298 0.3024 0.3561 0.3961
CussCtpm-n 0.2095 0.2132 0.2165 0.3694 0.4051 0.4247 0.2147 0.2159 0.2246 0.2988 0.3530 0.3897
CussCtpm-p 0.2088 0.2124 0.2134 0.3691 0.4012 0.4233 0.2139 0.2160 0.2229 0.2967 0.3529 0.3876
CussCtpm-np 0.1937 0.2031 0.2059 0.3588 0.3982 0.4200 0.2123 0.2087 0.2149 0.2900 0.3504 0.3834
CussCtpm  0.2204 0.2238 0.2253 0.3934 0.4432 0.4931 0.2345 0.2445 0.2486 0.3480 0.4230 0.4850
Improv. 8.73% 10.19% 7.13% 8.26% 17.34% 26.66% 2.49% 5.57% 5.34% 3.76% 7.44% 10.60%

Table 1: Model performance. The best performing baseline and best performer in each row are underlined and boldfaced, respectively

0.1 03 05 0.1 03 0.5
0.2 0.4 0.6 0.2 0.4 0.6
& 5
N@20 H@10 N@20 H@10
N@10 H@20 N@10 ‘/" ) H@20
N@5 M@5 N@5 M@5
M@20 M@10 M@20 M@10
(a) NYC (b) TKY

Figure 4: Performance w.r.t. different replacement ratio
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Figure 5: Performance w.r.t. different interest-level concepts

an excess of concepts can lead to increased noise. Therefore,
the optimal number of concepts we have determined is 20.

The Number of Negative/Positive User Representations.
We investigate the impact of varying the number of coun-
terfactual negative and positive users on our model’s perfor-
mance. The results are summarized in Table 2. Initially, we
set the count for both negative and positive users to 1. Then,
we incrementally increase the number of counterfactual neg-
ative users (i.e., ) and counterfactual positive users (i.e., ),
to observe their respective impacts. From Table 2, moder-
ately increasing the quantity of negative users is beneficial.
However, an excessive number of positive users can introduce
unwanted noise. Therefore, we have determined the optimal
configuration for our model tobe z = 4 and y = 1.

/y| Metric | NYC TKY || NYC TKY |/z/y

H@5 |0.2825 0.3101 ||0.2825 0.3101
H@10|0.3333 0.3890 0.3333 0.3890
H@20|0.3915 0.4509 || 0.3915 0.4509
M@5 [0.1834 0.2073(]0.1834 0.2073
M@10|0.1902 0.217810.1902 0.2178
M@20|0.1942 0.22201/0.1942 0.2220

H@5 [0.2918 0.3188/0.2798 0.3083
H@10 |0.3509 0.3851/0.3416 0.3764
H@20 | 0.3980 0.4466 ||0.3869 0.4392
M@5 [0.1972 0.2133(]0.1779 0.2098
M@10|0.2048 0.2221/0.1865 0.2191
M@20|0.2081 0.2264 | 0.1896 0.2236

H@5 |0.2724 0.3210/0.3324 0.3480
H@10 |0.3343 0.3956|0.3934 0.4230
H@20 |0.3869 0.4514 |/0.4432 0.4850
M@5 [0.1886 0.2180(]0.2121 0.2345
M@10|0.1970 0.2282]/0.2204 0.2445
M@20|0.2007 0.2321]0.2238 0.2486

171 71

172 2/1

1/4 4/1

Table 2: Performance analysis on the number of counterfactual neg-
ative/positive user representations

6 Conclusion

In conclusion, our work presents CussCtpm, a novel approach
for continuous POI recommendation in LBSNs. CussCtpm
effectively addresses the critical challenges of modeling user
preferences in a continuous temporal space and mitigating da-
ta sparsity. By integrating GRU with neural ODEs, our mod-
el captures nuanced, evolving user preferences at both POI
and interest levels. The use of counterfactual data augmen-
tation for generating positive and negative user sequences,
combined with contrastive learning, significantly enhances
the accuracy of user representations and overall recommen-
dation performance.
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