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Abstract

In the realm of human mobility, the decision-making pro-
cess for selecting the next-visit location is intricately in-
fluenced by a trade-off between spatial and temporal con-
straints, which are reflective of individual needs and pref-
erences. This trade-off, however, varies across individuals,
making the modeling of these spatial-temporal dynamics a
formidable challenge. To address the problem, in this work,
we introduce the “Spatial-temporal Induced Hierarchical Re-
inforcement Learning” (STI-HRL) framework, for capturing
the interplay between spatial and temporal factors in human
mobility decision-making. Specifically, STI-HRL employs a
two-tiered decision-making process: the low-level focuses on
disentangling spatial and temporal preferences using dedi-
cated agents, while the high-level integrates these considera-
tions to finalize the decision. To complement the hierarchical
decision setting, we construct a hypergraph to organize histor-
ical data, encapsulating the multi-aspect semantics of human
mobility. We propose a cross-channel hypergraph embedding
module to learn the representations as the states to facilitate
the decision-making cycle. Our extensive experiments on two
real-world datasets validate the superiority of STI-HRL over
state-of-the-art methods in predicting users’ next visits across
various performance metrics.

Introduction
Human mobility refers to the patterns and behaviors associ-
ated with how and where individuals move or travel within
physical spaces. Comprehending and accurately modeling
human mobility offers valuable insights with applications
spanning transportation (Wang et al. 2020c), urban plan-
ning (Wang et al. 2018, 2020a), public health (Qureshi and
Xiong 2021), business (Antoniou et al. 2012), etc. Specif-
ically, individual preferences regarding spatial and tempo-
ral factors are pivotal in modeling human mobility. From a
decision-making standpoint, the selection of the next-visit
site by humans is deeply influenced by the interplay be-
tween spatial and temporal constraints, which echo individ-
ual needs and preferences. This spatial-temporal dynamic is
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Figure 1: The two users with inconsistent spatial-temporal
dynamics and the factors they prioritize when making deci-
sions in various scenarios.

subject to change over time and can differ among individ-
uals. For instance, as illustrated in Figure 1, User 1 priori-
tizes temporal factors, opting for a quick dinner post-school.
However, post-dinner, his preference shifts towards a su-
perior shopping experience, emphasizing spatial consider-
ations over time. In contrast, when comparing the mobility
decisions of User 1 and User 2, their spatial-temporal dy-
namics differ significantly.

Existing works on studying on spatial-temporal factors
in human mobility fall into two categories: (1) Temporal-
oriented approaches primarily emphasize the time dimen-
sion, modeling preferences that evolve over time, while
incorporating spatial context as a secondary element. For
instance, RNN-based methods (Wang et al. 2020d; Zhao
et al. 2020) employ transition matrices or gates to merge
spatial context with temporal factors within RNNs’ recur-
rent hidden states. Some models (Lian et al. 2020; Luo,

The Thirty-Eighth AAAI Conference on Artificial Intelligence (AAAI-24)

9396



Liu, and Liu 2021) further leverage attention mechanisms
to enhance spatial-temporal integration. (2) Spatial-oriented
strategies prioritize the spatial dimension, preserving spa-
tial autocorrelation through graph representation learning
and viewing the interplay as temporal graph dynamics. Re-
cent studies harness high-order topological structures for
graph representations and capture dynamics using sequen-
tial models (Wang et al. 2019; Yang et al. 2019; Wang et al.
2020b, 2022b, 2023). Despite promising results achieved, a
common limitation of these methods is their predominant
reliance on either the spatial or temporal dimension, po-
tentially oversimplifying the intricate interactions between
the two in decision-making. This presents a pressing re-
search challenge: how can we effectively capture the spatial-
temporal interplay inherent in mobility decision-making?

To address the challenge, we propose “Spatial-Temporal
Induced Hierarchical Reinforcement Learning” (STI-HRL)
framework, which formulates the human mobility as a two-
layered decision-making process with a spatial-temporal
Decoupling-Integration schema. Specifically, STI-HRL is
built following the hierarchical setting (1) the low-level,
that decouples spatial-temporal interplay with a spatial agent
and a temporal agent to focus on each dimension, respec-
tively; (2) the high-level, that integrates the insights from
two agents in the low-level to make the final decision on mo-
bility. To facilitate STI-HRL with a proper environment, we
propose a Mobility Hypergraph to organize the multi-aspect
semantics of mobility records. The hyperedge embeddings
from this Mobility Hypergraph serve as the state to support
the decision-making process in STI-HRL.

Our contributions can be summarized as follows:
• We introduce a novel formulation of human mobility

modeling, conceptualizing it as a two-tiered decision-
making process that emphasizes the spatial-temporal in-
terplay in mobility decisions.

• To instantiate this formulation, we develop STI-HRL, of-
fering a unique pipeline for modeling human mobility de-
cisions.

• To preserve the multi-faceted semantics of mobility
records, we devise the Mobility Hypergraph and intro-
duce an effective hypergraph embedding method to rep-
resent the environment’s state.

• We conduct extensive experiments to validate the effec-
tiveness of our proposed STI-HRL. The results demon-
strate the superior performance of STI-HRL, consistently
outperforming baseline algorithms.

Definitions and Problem Formulation
Mobility Hypergraph
In order to capture the complicated spatial-temporal inter-
play of human mobilities, we propose to construct a hyper-
graph to represent historical records, called Mobility Hyper-
graph. Formally, the Mobility Hypergraph G is defined as
G = (V,E), where V and E denote the vertex set and hy-
peredge set, respectively.
Vertices. Mobility Hypergraph aims to organize the check-
in events with preserving multi-aspect semantics. Specifi-
cally, we decompose the check-in events records H into four
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Figure 2: A toy example of Mobility Hypergraph.

semantic channels, including (1) POI channel, denoted as P;
(2) POI category channel, denoted as C; (3) zone channel,
denoted Z; and (4) time channel, denoted as T. In this work,
we consider four types of vertices in corresponding to the
four semantic channels. Then, the vertex set can be denoted
as V = P ∪C ∪ Z ∪T.
Hyperedges. A hyperedge connects two or more vertices.
We identify four types of hyperedges: (1) POI hyperedge,
linking all POI vertices a user has visited; (2) zone hyper-
edge, connecting all the zone vertices visited by a user; (3)
time hyperedge, associating all the time vertices visited by
a user; (4) event hyperedge, which interlinks the POI, cate-
gory, zone, and time vertices of a specific check-in event.

Figure 2 provides a toy example of the Mobility Hyper-
graph for two users. A user’s historical records are structured
into POI, zone, and time hyperedges, along with all the event
hyperedges they have visited. Notably, while the first three
hyperedge types are homogeneous (connecting vertices of
the same semantic channel), the event hyperedges are het-
erogeneous, linking vertices across all semantic channels.
This structure not only encapsulates the spatial-temporal nu-
ances of each aspect but also establishes connections be-
tween users.

Problem Formulation
In this work, we formulate human mobility as a Markov
Decision Process (MDP) that users make decisions on the
next-visit location based on historical records reflecting indi-
vidual preferences in certain spatial-temporal contexts. The
key components of human mobility MDP are defined as (1)
States S. Each state s ∈ S represents a specific spatial-
temporal context derived from historical records, which are
organized as a Mobility Hypergraph. (2) Actions A. Each
action a ∈ A corresponds to a potential next-visit loca-
tion. (3) Transition Probabilities Γ. Γ(s′|s, a) represents
the probability of transitioning from state s to state s′ when
action a is taken. This probability can be estimated from his-
torical records, reflecting how often a user transitions from
one spatial-temporal context to another after choosing a par-
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Figure 3: Spatial-Temporal Induced Hierarchical Reinforcement Learning.

ticular location. (4) Rewards R. R(s, a, s′) denotes the re-
ward received after transitioning from state s to state s′ due
to action a. The reward can be designed to reflect user satis-
faction or any other metric of interest. We will introduce the
reward design later. (5) Environment E. The environment
consists of all participants of check-in events. It responds to
the user’s action by providing a new state and a reward. The
environment’s dynamics are governed by the transition prob-
abilities Γ and the reward function R. (6) Policy π. A policy
π defines how users take action. Specifically, π(s) gives the
probability distribution over actions in state s. The goal in
the MDP is to find an optimal policy π∗ that maximizes the
expected cumulative reward over time.

Then, the human mobility MDP can be represented as a
tuple: (S,A,Γ, R,E). Given the human mobility MDP for-
mulation, we aim to develop a hierarchical reinforcement
learning framework find the optimal policy π∗ that guides
users in making decisions on the next-visit location with
considering spatial-temporal interplay.

Hypergraph Embedding for State
Representation

In our study, human mobility records are systematically
structured into a Mobility Hypergraph. Therefore, we em-
ploy hypergraph embeddings to represent the state to fa-
cilitate the hierarchical reinforcement learning framework.
The process begins by learning vertex embeddings. Subse-
quently, these vertex embeddings are aggregated to form hy-
peredge embeddings. Along this line, the embeddings effec-
tively capture the multi-aspect semantics of human mobili-
ties, encompassing both spatial and temporal contexts. Next,
we introduce the embedding procedure in detail.
Vertex Embedding. We denote the raw features of vertex
vi ∈ V as xi ∈ Rd, and Ni represents vertex vi’s neigh-
bors that are within the hyperedges. We employ the attention
mechanism to capture the interrelationship between vertices
and the respective neighbors in the same channel. Specifi-
cally, for the vertex vi and its neighbor vj (j ∈ Ni), the
attention coefficient αij can be represented as

αij =
exp(σ(WT

α [Wvxi∥Wvxj ]))∑
j∈{Ni,i} exp(σ(W

T
α [Wvxi∥Wvxj ]))

, (1)

where σ denotes the activation function, Wα denotes the
weight matrix for attention calculation, and Wv denotes the
learnable weight matrix for feature transformation. Then, the
embedding hi of the vertex vi can be represented by aggre-
gating the neighbors’ information as

hi = σ

 ∑
j∈{Ni,i}

αijWvxj

 . (2)

Hyperedge Embedding. We define four types of hyper-
edges, among which, POI, zone, and time hyperedges are
homogeneous, while event hyperedges are heterogeneous.
Specifically, for the homogeneous hyperedges ei ∈ E, we
first aggregate all the vertex embedding within the hyper-
edge to represent the hyperedge embedding. The hyperedge
embedding qi can be denoted as

qi = σ

 ∑
j∈|ei|

hj

 , (3)

where |ei| denotes all the associated vertices in ei.
The event hyperedges serve as a bridge to link the seman-

tics from different channels flowing through the hypergraph
topology. We then update the hyperedge embedding qi by
aggregating information from hyperedges on other channels
that are interlinked by the same event hyperedge:

qi = σ

 ∑
k∈Φ(ei)

WΨ(ek)qk

 , (4)

where Φ(ei) denotes the query function that retrieves hy-
peredges from alternate channels that are interconnected by
the same event hyperedge as the given hyperedge, Ψ(·) is
the function to return the type of the given hyperedge, and
WΨ(ek) denotes the aggregation weights for the given the
type Ψ(ek).
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The homogeneous hyperedge embedding q captures
users’ preferences from various channels across both spatial
and temporal dimensions, which will be taken as the state
to represent the status of the environment. In the next sec-
tion, we detail the hierarchical reinforcement learning set-
ting of our proposed STI-HRL. We explain how it integrates
insights from the hypergraph representation to make opti-
mized mobility decisions.

Spatial-Temporal Induced Hierarchical
Reinforcement Learning

Low-level: Decoupling Spatial-Temporal Interplay
As the first phase of STI-HRL, the low level seeks to distin-
guish users’ preferences within the spatial and temporal di-
mensions. STI-HRL employs a dual-agent setting, compris-
ing a spatial agent and a temporal agent, to discern human
mobility decision patterns within these dimensions, respec-
tively. The subsequent sections detail the components and
mechanics of the low-level decision-making in STI-HRL.
States. We take the hyperedge embeddings as the represen-
tation of states. Specifically, for the spatial agent, the state
aims to capture the preferences and interactions on spatial
factors. Therefore, we concatenate the associated POI hyper-
edge embeddings and zone hyperedge embeddings to repre-
sent the state. Formally, let suS,t represent the spatial agent
state for a user u at time t,

suS,t = CONCATENATE(ql,qm)

s.t., l = ΘP(u) & m = ΘZ(u),
(5)

where ΘP(u) and ΘZ(u) denote the indexes of associated
POI hyperedge and zone hyperedge for the user u, respec-
tively. Similarly, for the temporal agent, we concatenate the
associated POI hyperedge embeddings and time hyperedge
embeddings to represent the temporal agent state as

suT,t = CONCATENATE(ql,qn)

s.t., l = ΘP(u) & n = ΘT(u),
(6)

where ΘT(u) denotes the index of the associated time hy-
peredge for the user u.
Reward Design. For the spatial agent, we aim to evalu-
ate the decision-making performance in terms of the fol-
lowing three aspects: (1) POI-POI geographic distance, de-
noted as rd, which is the reciprocal of the geographic dis-
tance between the actual and predicted next-visited POI; (2)
POI-POI category similarity, denoted as rc, which is the
cosine similarity between predicted and actual POI cate-
gories (computed using fastText embeddings (Bojanowski
et al. 2017)); and (3) POI-POI relative ranking rp, which is
the ranking order of the actual visited POI in the predicted
POI candidate list. Then, we define the reward for the spatial
agent as the combination of the above three components as:

rS = wd · rd + wc · rc + wps · rp, (7)

where wd, wc, and wps denote the weights for balancing the
influence of rd, rc, rp, respectively.

While for the temporal agent, we focus more on the time
factors of mobility. In addition to the POI-POI relative rank-
ing rp mentioned above, we also include another measure-
ment rt, the Kullback–Leibler (KL) divergence between the
visiting frequency distribution of the actual and predicted
POIs across the time span. Then, we combine the two mea-
surements to define the reward for the temporal agent as

rT = wt · rt + wpt · rp, (8)

where wt and wpt denote the weights for balancing the in-
fluence of rt and rp, respectively.

High-level: Integrative Synthesis of Space-Time
Dynamics
The high-level decision process employs a dedicated agent
to integrate insights from the low-level agents, synthesizing
spatial and temporal considerations in interaction with the
Mobility Hypergraph to produce the final human mobility
decision. In this section, we introduce the key components
of the high-level agent, and outline the workflow.
State. To encapsulate the interplay of spatial and temporal
dynamics, the state of the high-level process is defined by
combining the states of the two low-level agents. Still taking
the state for user u at time t for illustration, the state of the
high-level integrative process suI,t can be represented as

suI,t = λT · suT,t + λS · suS,t, (9)

where λS and λT denote the weights for the spatial state suS,t
and temporal state suT,t, respectively.
Reward. Similarly, in terms of the high-level reward, we
calibrate the interplay between spatial and temporal realms
by amalgamating the rewards from the low-level agents.
Specifically, let wS and wT denote the weights for spatial
and temporal rewards, respectively. Then, the reward for the
high-level agent ruI can be represented as:

ruI = wT · ruT + wS · ruS . (10)

Policy Learning
Workflow. In the low-level process of STI-HRL, the spatial
agent, using hyperedge embeddings, derives its state suS,t to
predict the next location a user might visit, receiving feed-
back through the reward rS . Similarly, the temporal agent
uses embeddings to model its state suT,t, aiming to predict
when the visit event occurs, with its efficacy gauged by rT .
Their states transit as:

su▷,t+1 = Γ(su▷,t, at, r▷), (11)

where “▷” denotes S or T , for the spatial or temporal agent,
respectively. The high-level agent then integrates insights
from the spatial and temporal agents. It synthesizes a holistic
representation of user behavior and transitions as:

suI,t+1 = Γ(suI,t, at, rI), (12)

Optimization. We implement Multi-layer Perceptrons
(MLP) for spatial, temporal and high-level policies, param-
eterized by θS , θT , and θI , respectively. To make a succinct
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Method
Metrics Recall F1 MRR NDCG

@5 @10 @20 @5 @10 @20 @5 @10 @20 @5 @10 @20
N

ew
Yo

rk

ST-RNN 0.0037 0.0075 0.0121 0.0012 0.0013 0.0011 0.0017 0.0022 0.0025 0.0022 0.0037 0.0045
DeepMove 0.3857 0.4724 0.5462 0.1285 0.0859 0.0520 0.2501 0.2618 0.2670 0.2839 0.3120 0.3308

LSTPM 0.4039 0.5064 0.5958 0.1346 0.0920 0.0567 0.2698 0.2836 0.2989 0.3232 0.3364 0.3591
HST-LSTM 0.3158 0.3795 0.4345 0.1025 0.0690 0.0413 0.2139 0.2225 0.2264 0.2393 0.2600 0.2740

STAN 0.2754 0.3742 0.4688 0.0918 0.0680 0.0446 0.1619 0.1751 0.1817 0.1900 0.2220 0.2460
LBSN2vec 0.3559 0.4250 0.4544 0.0846 0.0622 0.0408 0.2041 0.2282 0.2551 0.2599 0.2815 0.3122

FPMC 0.2556 0.3437 0.4361 0.0852 0.0624 0.0415 0.1524 0.1642 0.1706 0.1780 0.2064 0.2298
KNN Bandit 0.2045 0.2552 0.2778 0.1414 0.0717 0.0466 0.1644 0.1944 0.2478 0.2522 0.2841 0.3015
STI-HRL 0.4268 0.5227 0.6298 0.1467 0.1104 0.0638 0.2930 0.3066 0.3275 0.3444 0.3685 0.4018

Improvement 5.67% 3.22% 5.71% 8.90% 13.5% 12.52% 8.60% 8.11% 9.57% 6.56% 8.71% 10.36%

To
ky

o

ST-RNN 0.0044 0.0068 0.0085 0.0014 0.0012 0.0008 0.0021 0.0024 0.0025 0.0027 0.0034 0.0039
DeepMove 0.4124 0.4879 0.5510 0.1374 0.0887 0.0524 0.2832 0.2935 0.2979 0.3155 0.3401 0.3561

LSTPM 0.4046 0.4864 0.5614 0.1348 0.0884 0.0534 0.2789 0.2899 0.2951 0.3102 0.3367 03557
HST-LSTM 0.3090 0.3783 0.4462 0.1030 0.0687 0.0424 0.2137 0.2229 0.2276 0.2374 0.2598 0.2769

STAN 0.1990 0.2574 0.3196 0.0663 0.0468 0.0304 0.1300 0.1378 0.1421 0.1471 0.1660 0.1817
LBSN2vec 0.3551 0.4122 0.4753 0.0944 0.0713 0.0412 0.2274 0.2589 0.2637 0.2476 0.2664 0.3067

FPMC 0.1086 0.1557 0.2209 0.0362 0.0283 0.0210 0.0623 0.0684 0.0729 0.0737 0.0888 0.1052
KNN Bandit 0.2388 0.2842 0.3104 0.0947 0.0764 0.0573 0.1441 0.1951 0.2174 0.2006 0.2504 0.2894
STI-HRL 0.4425 0.5150 0.5904 0.1552 0.1005 0.0608 0.3031 0.3277 0.3349 0.3361 0.3615 0.3991

Improvement 7.30% 5.55% 5.17% 13.10% 13.30% 13.86% 7.03% 11.65% 12.42% 6.53% 6.29% 12.08%

Table 1: Overall performance comparison. The best performance for each metric is highlighted in bold. The “Improvement”
section denotes the percentage increase over the second-best models.

and unified description, we take ”∗” to represent the spatial
S, temporal T , or the high-level integration I for the fol-
lowing illustration. The STI-HRL method employs policy
gradient (Agarwal et al. 2020) methods.

The primary objective is to maximize the expected re-
wards:

J(θ∗) = E[R∗|θ∗], (13)
where J(θ∗) is the expected reward under policy parameters
θ∗ and R∗ represents the reward of the agents. To achieve
this, agent policies are refined by:

θnew∗ = θold∗ +∇θ∗J(θ∗), (14)
Policy Integration and Adaptation. The high-level agent
seamlessly integrates policies from the low-level agents:

πI(a|sI ; θI) = βπS(a|sS ; θS)
+ (1− β)πT (a|sT ; θT ), (15)

where β is the weight to determine the balance between spa-
tial and temporal inputs. Recognizing the ever-evolving na-
ture of spatial-temporal dynamics, the high-level agent dy-
namically adjusts β based on the relative performance of the
integrated policies:

βnew = βold + η∇J(θI), (16)
where η represents a specific learning rate for weight adjust-
ments. Moreover, the weights λS , λT , wT , wS for the high-
level agent in Equation 9 and Equation 10 also follow the
same updating strategy with β in Equation 16.

Experiments
We evaluate the performance of STI-HRL in the next-
location prediction task that is to predict the next location
to visit given the historical mobility records. We aim to an-
swer the following five primary research questions:

• Q1: How well does STI-HRL perform in the next-
location prediction task?

• Q2: How significant are the roles of spatial and temporal
factors in mobility decision-making, respectively?

• Q3: Is the design of STI-HRL reasonable in investigating
spatial-temporal interplay?

• Q4: Is it necessary and reasonable to construct Mobility
Hypergraph for organizing human mobility records?

• Q5: How does the reward design of each agent affect the
performance of STI-HRL?

Experiment Settings
Datasets. We conduct the experiment on two widely-used
check-in datasets of New York (NYC) and Tokyo (TKY)
from April 2012 to February 2013 (Yang et al. 2014). Each
entry in the dataset details user ID, POI ID, category, GPS
coordinates, and the timestamp of each check-in event. In
the experiment, we take the initial 70% serving as the train-
ing set, the subsequent 10% for validation, and the final 20%
for testing.
Baseline Methods. We compare STI-HRL with eight base-
line algorithms, including (1) ST-RNN (Liu et al. 2016), (2)
DeepMove (Feng et al. 2018), (3) LSTPM (Sun et al. 2020),
(4) HST-LSTM (Kong and Wu 2018), (5) STAN (Luo,
Liu, and Liu 2021), (6) LBSN2Vec (Yang et al. 2019), (7)

The Thirty-Eighth AAAI Conference on Artificial Intelligence (AAAI-24)

9400



0.00

0.25

0.50

0.75

1.00
0.00 0.25 0.50 0.75 1.00

Spatial Factor

Te
m

po
ra

l F
ac

to
r

(a) New York

0.00

0.25

0.50

0.75

1.00
0.00 0.25 0.50 0.75 1.00

Spatial Factor

Te
m

po
ra

l F
ac

to
r

(b) Tokyo

Figure 4: A visualization of the weight distribution for spa-
tial (β) and temporal (1− β) factors in the final decision.
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Figure 5: An ablation study of STI-HRL agent architecture.
STI-HRL-S′, STI-HRL-T ′, STI-HRL-I ′ denote the variants
of STL-HRL that spatial, temporal, and high-level integra-
tion removed agents, respectively.

FPMC (Rendle, Freudenthaler, and Schmidt-Thieme 2010),
and (8) KNN Bandit (Sanz-Cruzado, Castells, and López
2019). Detailed descriptions can be found in Appendix A.
Hyperparameter Settings. We set the hypergraph embed-
ding dimension as 64, and employ 4 attention heads. We uti-
lize Adam optimizer (Diederik, Jimmy et al. 2014) and set
the learning rate as 0.001 for optimization. Due to the page
limitation, we only present the key hyperparameters here.
The full description of hyperparameter settings can be found
in Appendix B.

Overall Performance (Q1)
We present the overall performance comparison in Table 1.
The results indicate that our proposed STI-HRL consis-
tently outperforms all the baselines on both datasets. Specif-
ically, for the New York dataset, STI-HRL can overpass the
second-best baseline by more than 5.6% on Recall, 8% on
F1, 8.6% on MRR, and 6% on NDCG; for the Tokyo dataset,
the improvement is more significant with more than 7% on
Recall, 13% on F1, 7% on MRR, and 6.5% on NDCG.
Such consistent improvement underscores the significance
of spatial-temporal interplay in human mobility, and vali-
dates the effectiveness of our proposed STI-HRL.

The Analysis of Spatial and Temporal Factors (Q2)
We visualize the weights of policy integration for spatial (β)
and temporal (1−β) factors in the prediction, and present the
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Figure 6: An ablation study on hypergraph.
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Figure 7: An ablation study on hyperedge types.

distribution in Figure 4. The results illustrate trade-off pref-
erences towards spatial and temporal factors varies across
users. It’s evident that many users display a pronounced bias
towards either time or space, suggesting these elements play
pivotal roles in their decision-making. This indicates a dis-
cernible behavioral pattern among users when opting for
mobility decisions.

The Study of STI-HRL Agent Architecture (Q3)
To investigate the design of the two-layered agents in STI-
HRL, we introduce three variants of STI-HRL: STI-HRL-
S′, STI-HRL-T ′, and STI-HRL-I ′, denoting the variants
that spatial, temporal, and high-level integration removed
agents, respectively. We compare the performances of the
three variants and STI-HRL, and present the results in Fig-
ure 5. The results indicate that STI-HRL performs the
best, suggesting the necessity of two-layered decoupling-
integration design of agents. Moreover, the performance of
STI-HRL-S′ and STI-HRL-T ′ shows that spatial and tem-
poral factors are both essential for human mobilities, which
further justifies the critical role of spatial-temporal interplay.

The Study of Mobility Hypergraph (Q4)
The design of Mobility Hypergraph. We conduct an ab-
lation experiment to verify the necessity of the hypergraph
architecture. In this experiment, we design a variant of STI-
HRL called STI-HRL’, which directly takes the user’s se-
quence as input without using a hypergraph architecture. As
shown in Figure 6, STI-HRL shows a clear performance ad-
vantage compared to STI-HRL’. This result highlights the
effectiveness of the hypergraph architecture in dealing with
such problems.
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Figure 8: The analysis of reward of the spatial agent.
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Figure 9: The analysis of reward of the temporal agent.

The effects of hyperedge types. We take the embeddings
of three types of hyperedges (POI, Time, and Zone) as the
state. Therefore, we introduce six variants of STI-HRL to
study the effects of hyperedge types, including (1) STI-
HRL-P ′, POI hyperedges only; (2) STI-HRL-T ′, time hy-
peredges only; (3) STI-HRL-Z ′, zone hyperedges only; (4)
STI-HRL-ZT ′, zone and time hyperedges; (5) STI-HRL-
TP ′, time and POI hyperedges; (6) STI-HRL-ZP ′, zone
and POI hyperedges. We conduct the ablation study on the
six variants and present the results in Figure 7. The results
demonstrate that varying permutations and combinations of
hyperedge types yield different performances. This indicates
the significance of the semantics conveyed by these hy-
peredge types in representing human mobility events. Only
STI-HRL, which incorporates all hyperedge types, achieves
optimal performance.

The Analysis of Reward Design (Q5)
We consider different combinations of weight setting of re-
ward functions to test the performance of STI-HRL. Since
the high-level reward settings (wS and wT ) are automati-
cally learned, which cannot be manually adjusted. There-
fore, we only analyze the reward setting of spatial and tem-
poral agents. Specifically, for the spatial agent reward rS ,
three components (rd, rc, rp) are considered. We project the
performance of different combinations of wd, wc, and wps

(wd+wc+wps = 1) to 3D space, and mark the performance
in different scales of color, as shown in Figure 8. The better
the performance, the darker the color. For the temporal agent
reward rS , two components (rt and rp) are considered. We

plot the results in Figure 9.

Related Work
Human Mobility Prediction
Human mobility modeling centers on predicting users’ next-
visit locations by harnessing insights from historical check-
in data. The rise of deep learning introduced advanced tech-
niques like Recurrent Neural Networks (RNNs) (Liu et al.
2016; Yang et al. 2020) and self-attention mechanisms (Lian
et al. 2020; Luo, Liu, and Liu 2021). While they excel
at modeling sequential regularities, especially with spatial-
temporal data, they tend to oversimplify complex spatial-
temporal interplay influencing user choices.

Hypergraph Learning
Compared to other graph models (Dong et al. 2023b; Jiang
et al. 2023b; Dong et al. 2023a) that deal with heterogeneous
information, hypergraph learning (Yang et al. 2019; Liu
et al. 2022; Yan et al. 2023) offers a robust representation of
the nuanced information within human mobility data, out-
shining traditional graph-based counterparts. Yet, even with
advances in hypergraph embedding, many methods overlook
daily behavioral similarities among unconnected individuals
as seen in historical trajectories (Yang, Liu, and Zhao 2022),
curbing the full potential of existing models.

Reinforcement Learning
At its core, reinforcement learning focuses on learning pol-
icy learning through environmental interactions and feed-
back (Mnih et al. 2015; Jiang et al. 2023a). The duality
of exploration and exploitation in this learning paradigm
aptly captures the evolving user preferences. Hierarchical
Reinforcement Learning (HRL) extends it to a wide variety
of comprehensive recommendation domains (Zhang et al.
2019; Yu et al. 2020; Xie et al. 2021; Du et al. 2022; Wang
et al. 2022a) has a wide range of applications. Our study pi-
oneers the application of HRL for the next visit in human
mobility, approaching it from a unique disentangled view-
point. Existing HRL models aren’t directly transferrable to
our challenge due to distinct goals and data structures.

Conclusion
In this study, we address the challenge of capturing the
spatial-temporal interplay in human mobility. We frame this
challenge as a two-tiered decision-making task: the low-
level focuses on disentangling spatial and temporal pref-
erences, while the high-level synthesizes these insights to
produce a comprehensive mobility decision. Our approach
leverages a hierarchical reinforcement learning framework.
To effectively encapsulate the multifaceted semantics of
spatial-temporal dynamics, we introduce a Mobility Hyper-
graph to structure the mobility records, utilizing hyperedge
embeddings as states for policy learning. Comprehensive ex-
periments validate the efficacy of our method. Its consistent
superiority over baseline models underscores the importance
of spatial-temporal interplay in human mobility modeling.
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