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Abstract

Point-of-Interest (POI) recommendation aims to predict
users’ future locations based on their historical check-ins. De-
spite the success of recent deep learning approaches in cap-
turing POI semantics and user behavior, they continue to face
the persistent problem of data sparsity and incompleteness.
In this paper, we introduce Multi-Objective Adversarial Imi-
tation Recommender (MOAIR), a novel framework that inte-
grates Generative Adversarial Imitation Learning with multi-
objectives to address this issue. MOAIR effectively captures
user behavior patterns and spatial-temporal contextual infor-
mation via graph-enhanced self-supervised state encoder and
overcomes data sparsity by robustly learning from limited
data and generating diverse samples. By accommodating di-
verse user patterns in the training data, the framework also
mitigates the typical mode-collapse issue in generative ad-
versarial learning and thus enhances the overall performance.
MOAIR employs a multi-objective imitation learning archi-
tecture where the imitation learning agent (IL agent) ex-
plores the POI space and receives multifaceted reward sig-
nals. Utilizing the Paralleled Proximal Policy Optimization
(3PO) framework to optimize multi-objectives, the IL agent
ensures efficient and stable policy updates. Additionally, to
address the issue of high noise in POI recommendation sce-
narios, we use a novel generative way to define our policy
net and incorporate a variational bottleneck for regularization
to enhance the stability of adversarial learning. Comprehen-
sive experiments reveal the superior performance for MOAIR
compared with baselines, especially with sparse training data.

Introduction

Nowadays, with the flourishing of Location-Based Services
(LBS), the next POI (point-of-interest) recommendation sys-
tem has become an essential component in many spatial-
temporal applications. These systems enhance the users’ ex-
perience by suggesting locations, such as restaurants, muse-
ums, parks, and historical sites, that they prefer to visit next.
Therefore, the objective of the POI recommendation system
is to predict the user’s next POI visit based on individual
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preferences and the most recently visited POI trajectories
(Sanchez and Bellogin 2022).

Deep-learning-based methods have proven to be effec-
tive in POI recommendations. Compared to original RNN
models, ST-RNN (Liu et al. 2016) and HST-LSTM (Kong
and Wu 2018) focus on capturing different spatial-temporal
features using recurrent-neural-network architecture. Re-
cently, the attention mechanism (Vaswani et al. 2017a)
demonstrates powerful performances on sequential model-
ing, STAN (Luo, Liu, and Liu 2021) addresses the chal-
lenges of temporal relations in location-based applications
by leveraging a bi-layer attention mechanism. Furthermore,
graph-based deep learning (Liu et al. 2017; Xiong et al.
2020) helps to enhance the representation of POI data, and
some studies construct graphs to exploit the global transition
patterns for check-in interactions across different trajecto-
ries, such as GETNext (Yang, Liu, and Zhao 2022).

However, despite the previous success in modeling tran-
sition patterns and contextual dependency, their deep-
learning-based methods largely rely on training data qual-
ity and completeness. On the other hand, we found that the
data quality of the POI recommendation task is problematic.
The statistics show that the average time interval between
two consecutive check-ins in the Gowalla Dataset is approx-
imately 51.28 hours (Zhuang et al. 2024), suggesting severe
conditions of missing check-ins and incomplete trajectories.
Furthermore, the POI recommendation problem is further
complicated by the vast number of POIs and users, along
with extremely sparse data and pervasive noise (Liu and Wu
2024). Most existing methods struggle in this context be-
cause they assume the trajectory is noise-free and complete,
leading to a high risk of overfitting to insufficient training
data and being significantly impacted by noisy data. As a
result, the performance of existing work is likely to suffer
significant degradation due to poor data quality. Addition-
ally, these works fail to integrate spatial-temporal factors in-
volved in the attention mechanism.

To address the challenges of data quality in POI rec-
ommendation, we propose MOAIR, a novel framework
that combines Generative Adversarial Imitation Learning
(GAIL) (Ho and Ermon 2016) with 3PO (Paralleled Prox-
imal Policy Optimization) and a graph-enhanced spatial-
temporal self-supervised learning module as its state en-



coder. GAIL provides robustness against limited and noisy
data due to their adversarial learning approach, while the di-
verse user patterns in POI datasets help alleviate the mode
collapse issue typically seen in adversarial learning frame-
work (Mangalam and Garg 2021). The active exploration by
the IL agent also mitigates data sparsity by generating var-
ied training samples, thus bringing much robustness to this
task. In MOAIR, to further stabilize the policy improvement,
the IL agent’s objective is composed of multiple synergistic
MDP (Markov Decision Process) terms with multi-reward
functions. The primary reward is derived from a discrimina-
tor, with auxiliary terms based on the statistical properties
of the training set. These diverse reward signals guide the IL
agent’s policy improvement, optimized through 3PO with a
gradient-aggregation mechanism, where each MDP is man-
aged by a parallel PPO unit. To address the imbalance be-
tween the discriminator and generator in GAIL and handle
high noise in complex POI environments, we define the pol-
icy network generatively, introducing a latent variable z that
generates the policy. A variational information bottleneck
(VIB) (Alemi et al. 2016) inspired by VAE (Kingma and
Welling 2013) is incorporated to ensure z preserves the most
crucial information, regularizing the discriminator. By col-
lectively optimizing these MDPs, MOAIR effectively cap-
tures user preferences and contextual information, resulting
in accurate and robust POI recommendations.
We summarize the main contributions of our work as:

* We model the POI recommendation problem in a
sequential-decision-making way, for the first time, and
employ a generative adversarial imitation learning archi-
tecture, leveraging its strength in handling limited and
sparse training data in this context.

We propose Nifty GCNss that optimize the aggregation of
graph structure and spatial-temporal-aware attention to
make spatial and temporal factors participate in calculat-
ing attention scores, serving as part of the state encoder
of the IL agent.

To mitigate the high noise issue in POI recommendation
and the potential convergence difficulty, we introduce a
novel generative approach for modeling the policy func-
tion. This involves incorporating a latent variable z and
applying a variational information bottleneck on it to reg-
ularize and filter out noise.

Additionally, we utilize a multi-reward mechanism to
stabilize policy improvement of the IL agent. The com-
bination of multi-objective learning and VIB provides
more stable policy learning in a highly noisy and compli-
cated POI environment. Moreover, we implement a novel
3PO architecture with a gradient-aggregation mechanism
to effectively perform robust multi-objective learning.

Related Work
Related Imitation Learning Work

GAIL and VAIL Generative Adversarial Imitation Learn-
ing (GAIL) combines generative adversarial networks
(GANSs) with imitation learning to train an agent that mim-
ics expert behavior. GAIL uses a discriminator to distinguish
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between expert and agent-generated trajectories, providing
feedback as a reward signal for policy improvement using
any reinforcement learning (RL) algorithm. Variational Ad-
versarial Imitation Learning (VAIL) extends GAIL by intro-
ducing a latent variable z and optimizes the following objec-
tive (Peng et al. 2018):

minmax B, r«(s) [Eznp(z)s) [—10g(D(2))]]

D,E B>0
+ Eqmn(s) [Banp(zls) [~ log(1— D(2))]] D
+ B (Bsmi(s) [KL[E(2]s) || 7(2)]] = 1) ,

where D is the discriminator, and E maps state s to the latent
variable distribution P(z|s).

Recent POI Recommendation Work

In POI recommendation, a core assumption is that users’
future movements are influenced by their recent check-ins.
Over the past decade, research has evolved from LSTM-
based models, which capture sequential patterns often en-
hanced with attention mechanisms (Kong and Wu 2018; Li,
Shen, and Zhu 2018; Wu et al. 2019, 2020; Liu et al. 2020),
to graph-based approaches that model spatial-temporal re-
lationships among POIs (Xie et al. 2016; Liu et al. 2017;
Xiong et al. 2020; Christoforidis et al. 2021). More recently,
attention and transformer-based models have gained trac-
tion. For instance, STAN (Luo, Liu, and Liu 2021) em-
ploys self-attention to capture spatial-temporal interactions,
AGRAN (Wang et al. 2023) uses an adaptive POI graph with
attention for dynamic modeling, and GETNext (Yang, Liu,
and Zhao 2022) integrates global transition patterns with
spatial-temporal context and category embeddings. How-
ever, the aforementioned models rely heavily on the quality
of training data and are significantly affected by missing data
points, data sparsity, and noise. In this paper, we propose a
novel imitation learning framework that is robust to sparse
and noisy data in the POI recommendation scenario, pre-
venting our model from suffering significant performance
degradation due to poor data quality.

Preliminaries
Problem Definitions

The next POI recommendation starts with POI trajectories,
so we first give the definition of it:

Definition 1 (Check-in). A Check-in is defined as an event
where a user visits a specific POI and records the time of
the visit. Formally, a check-in can be represented as a tuple
(u;,v;,t) where u; € U represents the set of all users, v; €
V' denotes the set of all possible POls, and t is the timestamp
representing the exact time of the visit.

Definition 2 (Trajectory). A trajectory L' is represented as
a sequence of chronologically ordered check-ins from user
u; € U starting at time tj, denoted as L', = {(v1,t;) —
(v2,tj41) = -+ = (vn,tj+n)}. Therefore, the full trajec-
tory set of a user u; is denoted as LS’ i.e. VL;, L; € LS.

Hence, our problem can be defined as:



Definition 3 (Next POI Recommendation). Given the cur-
rent trajectory L’ {(v1,t;) — (v2,tj41) — -+ —
(Un,tj4n)} from a user u;, the next POI recommendation
aims to recommend top-k POls that the user is the most likely
fo Visit next.

Usually, the next POI recommendation relies on the user’s
full trajectory set LS as a reference, and the top-k POIs are
selected by calculating probabilities for all possible candi-
dates and ranking. Hence, in MOAIR, we define the state
and action in the IL environment state as: 1) state: we define
the state as (u;, L;) since we are using user pattern and his-
torical check-in trajectory to predict the next POI. 2) action:
all possible next-POI candidates v, ;. In MOAIR, the expert
data in the IL context is equivalent to the training dataset.

Proposed Model: MOAIR

In this section, we introduce our proposed model: MOAIR,
which consists of a sophisticated graph-based spatial-
temporal state encoder and multi-objective adversarial im-
itation learning framework. We acknowledge that previous
work has used a sequential-decision-making framework and
graph-based encoder to model human mobility (Wang et al.
2020, 2021a, 2022). However, their design principle largely
differs from MOAIR and this section will give a detailed ex-
planation of our method.

Graph Enhanced Spatial-Temporal State Encoder

This component is designed to model representations of
check-in sequences. Two key modules form the State En-
coder: GCNs for embedding POIs and attention-based mod-
els for representing sequences of check-ins. As relationships
among POIs are comprehensive and complex, the GNN is a
suitable data structure to capture them. Thanks to the power-
ful self-attention mechanism (Vaswani et al. 2017b), its long
sequence modeling and extensibility are greatly improved,
which makes self-supervised learning possible.

Nifty GCNs We still employ a dual-graph structure to
model the POIs embedding, i.e., geographical graph and
transition graph. Inspired by the ideas of simplifying the
GCN propagation (He et al. 2020), we decided to omit non-
linear activation functions. However, we retain the learned
matrix Wj, while disabling the bias. This decision is based
on the complex semantic nature of POIs and the need to
project high-dimensional vectors into another latent space
to effectively model relationships such as geographical dis-
tance and transition frequency. Additionally, we employ row
normalization instead of symmetric normalization to stream-
line the propagation process. Consequently, the aggregation
process of Nifty GCNs (N-GCNs) can be succinctly repre-
sented as follows:

H =D 'AXW,, )
where H is the output feature matrix after propagation, cap-
turing transformed node features. D is the diagonal degree
matrix. A is the adjacency matrix that adds self-loops. X is
the input feature matrix, with rows as node feature vectors.
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Spatial-Temporal-Aware Attention In the scenario of
POI Recommendations, each check-in contains complex se-
mantic meanings, with spatial-temporal factors playing a
crucial role in analyzing user patterns. Many previous mod-
els treat each check-in within a trajectory as tokens for calcu-
lating attention scores. While some works acknowledge the
importance of spatial and temporal factors, they often map
distance and time intervals into hidden vectors and concate-
nate them with sequence representations through an external
module. Inspired by the model from (Kong and Wu 2018),
we propose integrating spatial and temporal factors directly
into the attention mechanism, leading to the development of
spatial-temporal-aware attention (st-attention). Firstly, for a
hidden representation of trajectory h € RZ*P| there are
Ey € RY*E and E;, € REY*L represent the distance inter-
vals and time intervals between every pair of POISs, respec-
tively. Given the significance of relative intervals in calculat-
ing attention scores, we apply max-min scaling to each row
of E4 and E} to ensure that both distance and time intervals
fall within the range [0, 1]. The common attention mecha-
nism can be represented as:

T

Attention(Q, K, V') = softmax (?/IC;

k

To effectively disentangle spatial and temporal features, we

apply transformation matrices W, and W, to the hidden rep-

resentations. The resulting vectors are then concatenated to

form the final representation. This approach ensures that

spatial and temporal factors are directly involved in the at-

tention mechanism, enhancing the model’s ability to capture
intricate patterns in user behavior. Overall, we have:

) V. 3)

QKT - Ed>
S = softmax | ———— | VW, “)
< Vg
KT.E
T = softmax (Qt) VWs, 4)
Vdy,
ST-Attention = S & T, (6)

where @, K, V represent a query, key, and values respec-
tively. In the phase of supervised learning, we discard the
self-supervised modules and simply average a trajectory de-
rived from st-attention hzi, which represents a hidden vec-
tor of user ¢, and n represents the number of layers in the
encoder. The key propagation in State Encoder can be for-
mulated as:

hg, = Wy(N-GCN(Gy, he) & N-GCN(Ga, b)), (7)
hi, = ST-Attention™ (hi 1), (8)

1 K
huy = 2 ; P ©)

where G, and G, stand for the transition graph and distance
graph of POIs, W, represents weights transforming concate-
nated graph enhanced embedding, i, represents initial POIs
embedding and other semantic embedding like categories,
L; represents the j-th layer of st-attention encoder, and K
represents the length of the sequence.



Self-supervised Objective In the phase of self-supervised
learning in the State Encoder, selecting an appropriate mask-
ing objective is crucial. While span masks are widely used
in the NLP field and have been shown to be effective (Raf-
fel et al. 2020), POIs contain complex spatial-temporal
and semantic information, making span masks less suitable.
Therefore, we slightly modify the Masked Language Model
(MLM) (Devlin et al. 2018) by allowing the masking prob-
ability to evolve over the training period. This adjustment
helps the model to more effectively capture the underlying
patterns within check-ins. The specific settings are presented
in the Experiment Settings. Finally, the objective function
can be represented as:

Z Zy“log

u; €U j=1

(10)

where y,* denotes the true label of the j-th POI for user u;.

Multi-Objective Adversarial Imitation Learning

Once the state encoder is well-trained, it provides a vec-
tor representation for the state setting (u;, L;) In the sub-
sequent imitation learning stage, this representation is used
to compute the policy distribution and discriminator output,
fully representing the state (u;, L;) and conveying the user

patterns and contextual information of L;

Policy Network In traditional reinforcement learning
(RL), the policy is defined as 7(als), representing the prob-
ability of taking action a when in state s. However, apply-
ing this directly to POI recommendation systems exposes
the model to high levels of noise, which can degrade perfor-
mance. To address this challenge, we introduce a novel gen-
erative approach within our MOAIR framework to model
the policy distribution more robustly. Our strategy involves
incorporating a latent variable z, sampled from a prior distri-
bution NV (0, I), to generate the policy distribution 7y (als, z)
given the state s. By imposing constraints on the mutual in-
formation between the prior and posterior distributions, we
ensure that the posterior distribution P, (z|s, a) captures the
most essential information within the (s, a) pairs, effectively
filtering out noise.

On the other hand, recognizing the complexity and vast-
ness of the POI space, which poses significant cold-start
(Wang et al. 2021b) and slow-adaptation challenges for the
IL agent, we propose a pre-training phase. Before engaging
in multi-objective imitation learning, we employ Behavior
Cloning (BC) (Torabi, Warnell, and Stone 2018) with Maxi-
mum Likelihood Estimation to train 7 (a|s, z), as illustrated
in Figure 1, thereby addressing the cold-start issue:

(1)

max E(s,a)~D 2z~ (0,1) [To (a5, 2)],

where D means expert dataset. To facilitate this, we uti-
lize variational inference by introducing a posterior network
P, (z|s,a). This transforms our objective into co-train the
parameters ¢ and 6 by maximizing the Evidence Lower

12679

(opertdars) | O
\_/sample 0 \
== action| 1 ‘ Posterior Net
(s2,a7) Posterior
(S, Qi) 0 > DNN Polz]s,a)
7
‘ sample
| state
State ¢
)
Encoder \ Policy Net ‘ 0.2
0.4
State Rep%gntatlo> DNN < Ttg (S, a)

“ 0.2
sample \\
0.1

latent variable Z

Figure 1: Behavior cloning addresses the cold-start problem
by co-training the policy and posterior networks to minimize
the ELBO. DNN means deep-neural-network.

Bound (ELBO):

E(s,a)ND IE:zr\aP(,>(z|s,a) [We (a|s, Z)]
12)

— DKL(P¢(z|s, a)||P(z)) .

Optimizing equation (12) serves two purposes jointly:

1. Policy Network Pretraining: This step leverages expert
data to pretrain the policy network, enabling the IL agent
to effectively navigate the complex POI environment and

mitigate the cold-start issue.

. Posterior Network Formation: At the same time, it
yields a posterior network Py4(z|s,a) that encapsulates
the most crucial and noise-free information within the
(s,a) pairs in expert dataset. This posterior network
plays a pivotal role in subsequent adversarial training,
acting as a bottleneck within the GAIL framework. We
will discuss this in adversarial training section.

Multi-Reward Setting In MOAIR, we observe that a
single reward signal is insufficient and unstable to effec-
tively guide the IL agent’s improvement, particularly in
complex POI environments and state space. To address
this, we implement a multi-reward strategy, which collec-
tively enhances the agent’s performance and significantly
increases the robustness of training. This is because differ-
ent MDPs can mutually correct each other, stabilizing the
agent when one MDP encounters instability (Hayes et al.
2022). Specifically, we define the reward vector as r(s, a) =
[ro(s,a),m1(s,a), ..., Tm(s, a)]T, where 7((s, a) is the pri-
mary reward from the discriminator feedback, and r(s, a)
(k =1,2,...,m) are auxiliary rewards defined by the sta-
tistical properties of expert data. These auxiliary rewards are
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Figure 2: Overview of 3PO architecture.

rule-based and heuristic. For example, in MOAIR, 71 (s, a)
is defined as the fitness of the POI selected v with respect

N i
to the user u, calculated as —- DD , where N, ; p means the
u

number of visit times of v by the user u, and NV, p means the
total number of checks ins of the user u. Various definitions
of this fitness can yield multi-faceted reward functions. The
rule-based rewards should meet two criteria: (1) they should
encourage the agent to select POIs with high fitness for spe-
cific users, and (2) they should be Markovian (i.e., related
only to the current state s and action a), as non-Markovian
processes cannot leverage RL for gradient estimation.

3PO Architecture In MOAIR, our objective is to opti-
mize the policy 7y to maximize multiple objectives simul-
taneously. Recognizing that these reward functions are syn-
ergistic and that each reward function guides the policy
along a distinct improvement path, we designed a gradient-
aggregation mechanism, and maintained a center-policy that
is shared by each PPO unit to optimize these objectives. This
mechanism aggregates the policy gradients from each ob-
jective into a center policy-gradient, which is then used to
perform unified policy improvement to center policy.

Our approach leverages the robustness of PPO in dynamic
environments and noisy objectives (Batra et al. 2023), mak-
ing it particularly suitable for scenarios where the reward r
from the discriminator evolves over time. To implement this,
we developed a Parallel PPO system (3PO) within MOAIR,
comprising multiple PPO units. In this system, each reward
function corresponds to an independent MDP and is man-
aged by a separate PPO unit in each round. Each MDP
is equipped with its own actor-critic pair, where the critic
conducts policy evaluation and the actor handles policy im-
provement. The combined objective of the 3PO framework
in MOAIR is formulated as:

T-1 m
> <To(sk,ak) +y cm(sk,ak)ﬂ )
k=0

i=1

(13)
where c; is a hyperparameter between 0 and 1, representing
the weight of the ¢-th MDP, ~ is the decay rate of RL, and T’

is the length of one episode.
As illustrated in Figure 2. At the beginning of each round,
each PPO unit shares the same actor (i.e., policy network).
Each PPO unit uses this policy network as the old policy and

max E,,
T

performs importance sampling using this old policy as the
behavior policy to interact with the environment. Different
PPO units receive different reward signals and train differ-
ent critic networks independently based on the trajectories
collected by the old policy. Each PPO unit performs multiple
rounds of policy updates, resulting in new policy parameters.
We get the gradient w.r.t each MDP component in the objec-
tive by subtracting the new policy parameter in correspond-
ing PPO units by old policy parameter: 089: L= i new — Bold
(i.e., the gradient of each component in the objective (13)),
where 0; ¢, i the new policy obtained by the ¢ — th MDP.
Then, the overall gradient of € is given by:

(1,1 o) Org Or1  Ory Orm,
5€1,625-.-,Cm 8901(1’8901d78001da"'78001d )

where the first vector contains the coefficients
(1,¢1,¢9,¢3,...,cm), and the second vector consists of the
partial derivatives of the objective of each MDP with respect

drg ory Ora Irs Orm
004107 Obo1a? OB’ Oboia? " " "7 Oboua /

During training, we use a synchronous way: after all PPO
units have finished computing their gradients, MOAIR up-
dates its center-policy parameter 7y using a linear combina-
tion of gradients from multiple PPO units. In next round, we
copy the center policy parameter to each PPO unit as their
old policy and make them share the same updated policy pa-
rameters. Different PPO units in the same round can be par-
alleled, improving efficiency. Derived from the discrimina-
tor, the reward function 7 is continuously updated through
adversarial training while other reward functions are static.

to the old parameters <

Adversarial Training The primary term 7 in Objective
(13) is provided by a discriminator. We employ a modified
adversarial training method to optimize this discriminator. In
adversarial learning frameworks, it is widely recognized that
the discriminator often tends to overfit, producing extreme
outcomes (close to 0 or 1). This overfitting results in non-
informative gradients and leads to instability in adversarial
training (Peng et al. 2018). This issue is further exacerbated
in the POI recommendation, where the training data is often
noisy and sometimes incomplete.

To address this, we pretrain the policy network and obtain
a posterior network in the initial step. The posterior distri-
bution Py(z|s,a) preserves the most crucial information in
the state-action pair (s, a), as ensured by the KL-divergence
term in the objective function (12), which limits the mutual
information between the prior and posterior distributions of
z. Building on this, we use the posterior z as the input to the
discriminator, and the objective of the discriminator is:

Hll)a(;( E(S,G)NWE []Eszd)(z\s,a) [logD(Z)H

+ E(S,(L)Nﬂ'g [Ez~P¢(z\s,a) [log(l - D(Z))H
=1 (E(s,0)~mm [Dxi [Ps(2]s,a) || P(2)]] =) .
(14)
This approach regularizes the discriminator by preventing
it from overfitting to irrelevant or noisy details within the
state-action pair (s, a). Moreover, the inclusion of the La-



grangian term continues to limit the mutual information be-
tween z and (s, a) during discriminator training, effectively
serving as a form of regularization.

Experiment
Datasets

We utilize check-in data from both Foursquare and Gowalla,
as these datasets are commonly employed in prior studies.
The Foursquare data covers Tokyo (TKY) and New York
(NYC), while we incorporate Gowalla data due to its sub-
stantial volume. Each dataset is organized by user, sorted
chronologically, and split with the first 80% used for train-
ing and the remaining 20% for testing. POIs with fewer than
10 check-ins are filtered out, and trajectories are segmented
to ensure no more than a one-day gap between consecutive
check-ins. Table 2 shows the statistics of the datasets.

Baselines

We selected a mix of traditional and state-of-the-art mod-
els for comparison: 1) LSTM (Hochreiter and Schmidhuber
1997): a modified RNN with forget gates and memory cells;
2) ST-RNN (Liu et al. 2016): extends RNN with time and
distance transition matrices; 3) HST-LSTM (Kong and Wu
2018): integrates spatial and temporal influences in LSTM
with a hierarchical approach; 4) STAN (Luo, Liu, and Liu
2021): employs self-attention to capture spatial-temporal in-
teractions in trajectories; 5) AGRAN (Wang et al. 2023):
uses an adaptive POI graph and attention mechanism for
dynamic geographical dependency modeling; 6) GETNext
(Yang, Liu, and Zhao 2022): a transformer-based model in-
corporating global transition patterns, spatial-temporal con-
text, and category embeddings; 7) Graph-FlashBack (Rao
et al. 2022): an RNN-based model leveraging a weighted
POI transition graph to capture sequential patterns.

Evaluation Metrics

We assess MOAIR using three widely-used metrics in previ-
ous work: Accuracy @k (Acc@Xk), Precision@k (Prec@k),
and Mean Reciprocal Rank (MRR). Acc@k measures the
proportion of correctly predicted next POIs, Prec@k calcu-
lates the ratio of relevant locations in the top-K results, and
MRR evaluates the ranking of the first relevant location in
the list. We select K=5,10 to compare the performance.

Settings

In our experiments, we uses four A40 48G GPUs, an AMD
EPYC 7543P 32-core CPU, and a Linux operating system.
The embedding dimension for the state is set at /28. The
dimension of latent variable z is set to 32, the learning rate
and PPO-clip hyper-parameter of each PPO unit are set to
be 3 x 10~* and 0.1, and the decay rate ~ of IL agent is
0.99. The masking probability is set to 0.15 at first and fi-
nally achieves 0.25 along with the epoch increasing.

Overall Performance

We compare our model, MOAIR, with other baselines on two
metrics with K @ 5, and 10 respectively. As Table 1 illus-
trates, our model achieves the SOTA performances. Among
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the three datasets, the New York dataset demonstrated the
best performance, followed by Tokyo and Gowalla. This
ranking aligns with the complexity of the POI space, as the
IL agent’s efficiency is affected by environmental complex-
ity. Key observations include: 1). LSTM under-performed
due to its inability to effectively utilize spatial-temporal fea-
tures and model user preferences. In contrast, the ST-RNN
and HST-LSTM models outperformed LSTM, with HST-
LSTM particularly excelling due to its global context en-
coding, which captures the periodicity of visit sequences.
However, these RNN-based models struggle with sequence
tasks compared to self-attention mechanisms. 2). Graph-
Flashback excelled among the baselines, likely due to its
use of a weighted transition graph. GETNext, while slightly
less effective than Graph-Flashback, still outperformed other
baselines, highlighting the importance of category infor-
mation alongside transition patterns. However, these mod-
els fail to effectively analyze users’ patterns from historical
check-ins and face overfitting risks due to their heavy de-
pendence on training data, especially when it is sparse. 3).
MOAIR incorporates the strengths of the above models in
its state encoder while mitigating their weaknesses with a
well-designed IL agent and a reward mechanism suited for
POI recommendation tasks. This approach offers robustness
to sparse data and enhances user-aware prediction.

@ User ID: 222
User ID: 1841

@ User ID: 1067
User ID: 1379
User ID: 130

User ID: 2147

Figure 3: Visualization of High Dimensional user-trajectory
representation by t-SNE.

Visualization of User-Preference Modeling

To further demonstrate MOAIR'’s effectiveness in modeling
user patterns, Figure 3 uses t-sne (Van der Maaten and Hin-
ton 2008) to visualize the representations of multiple users
and their check-in trajectories, as obtained by our state en-
coder. Since visualizing all trajectories is impractical, we
randomly selected a few users and included all their trajecto-
ries from the Tokyo dataset. The visualization reveals a clear
clustering of different check-in trajectories for the same user,
indicating that the user-trajectory representations in high-
dimensional space are significantly influenced by user pat-
terns. Each cluster center represents a distinct user pattern.

Ablation Study

As illustrated in Figure 4, we compared the performance of
various ablation modules on the TKY and NYC datasets us-
ing Acc@5, Prec@5, and MRR as metrics. Our designed
modules were shown to be essential. The ablation studies
include: 1) w/o Multi-reward: using a single reward func-
tion from discriminator and reducing PPO units to 1, causing



Model TKY NYC Gowalla
Acc@5/Prec@5  Acc@10/Prec@10 MRR Acc@5/Prec@5  Acc@10/Prec@10 MRR Acc@5/Prec@5 Acc@10/Prec@10 MRR

LSTM 0.220/0.658 0.301/0.563 0.148 0.224/0.596 0.315/0.495 0.145 0.090/0.474 0.125/0.410 0.071

ST-RNN 0.245/0.684 0.326/0.587 0.161 0.247/0.621 0.332/0.523 0.162 0.095/0.491 0.134/0.425 0.078

HST-LSTM 0.273/0.710 0.351/0.618 0.175 0.279/0.654 0.365/0.557 0.175 0.115/0.522 0.151/0.458 0.094

STAN 0.331/0.782 0.416/0.684 0.215 0.333/0.729 0.424/0.612 0.223 0.156/0.578 0.197/0.496 0.125

AGRAN 0.334/0.789 0.415/0.688 0.219 0.334/0.733 0.426/0.620 0.226 0.158/0.582 0.201/0.503 0.129

GETNext 0.374/0.846 0.468/0.752 0.258 0.389/0.778 0.479/0.665 0.269 0.182/0.610 0.237/0.545 0.139

Graph-Flashback ~ 0.381/0.854 0.475/0.761 0.267 0.401/0.795 0.491/0.671 0.274 0.191/0.625 0.246/0.557 0.144

MOAIR 0.415/0.896 0.511/0.811 0.282 0.436/0.830 0.538/0.715  0.290 0.225/0.663 0.273/0.582  0.161

Table 1: Performance Comparison Across Different Models and Datasets.
Datasets Users POIs Check-ins Sparsity 0.45 Acc@5 for NYC Dataset
Tokyo 2292 7873 447488 97.52% 0.40
New York 1082 5135 147735 97.34% 035 4
Gowalla 10923 9054 306687 99.69% ("g) ' L /‘/; P
0.30 -~ g
Table 2: Datasets Statistics <Y s ==
020 2P
=
. N T
a 17% performance drop (Acc@5 in TKY); 2) w/o BC: re- :
. . . . 03 04 05 06 07 08 09 1.0
moving behavior cloning stage, leading to a 9% performance Traini ;
. T Lo ining Set Proportion
drop; 3) w/o latent variable: using direct mapping instead of
generative policy, resulting in a 5% performance drop; 4) STAN GETNext MOAIR
AGRAN —e— Graph-FlashBack

w/o st-attention: using distance intervals and time intervals
embedding instead, leading to a 10% performance drop.

Influence of Data Sparsity

To validate MOAIR’s robustness against data sparsity, we
systematically reduced the training dataset size. Figure 5
shows the performance decline as the number of check-in
sequences per user decreased. We compared MOAIR with
four competitive models using training set sizes of 90%,
75%, 60%, 45%, and 30% of the original data. On the NYC
dataset (measured by Acc@5), MOAIR was the least af-
fected by reduced training samples, particularly when the
reduction wasn’t severe. In contrast, deep learning mod-
els showed significant performance drops, highlighting their
sensitivity to data sparsity. We attribute MOAIR’s robust-
ness to several key factors: the robustness of adversarial

TKY Dataset

NYC Dataset

o
3
o

o
4]
S

Performance

o
)
o

0.00

7 Acc@5 MRR

Prec@5
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Ablation Modules
B w/o latent variable
Bl w/o st-attention

B w/o Multi-reward
w/o BC

B Original MOAIR

Figure 4: Ablation Study on Four Key Modules in MOAIR.
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Figure 5: Influence of Data Sparsity.

learning, the IL agent’s active exploration of the POI and
user space, the variational bottleneck’s role in regularization
and preventing overfitting to limited data, and the strength of
3PO in steadily adapting robustly to dynamic environments.

Conclusion

We propose a novel framework leveraging robust imitation
learning for the next POI recommendation. The MOAIR
model functions through a multi-objective IL agent, guided
by an adversarial discriminator and multi-faceted, synergis-
tic rewards. This IL agent is equipped with a self-supervised
state encoder that provides informative representations of
user-trajectory data, which utilizes N-GCNs and st-attention
to model the user preferences. Additionally, we integrate a
latent variable into the policy network and apply a varia-
tional information bottleneck to filter out noise and optimize
each objective simultaneously through a novel 3PO archi-
tecture. Extensive experiments validate the effectiveness of
MOAIR, which offers promising insights for future recom-
mender systems, especially in situations where data avail-
ability and quality are not fully guaranteed.
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