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ABSTRACT
Next Point-Of-Interest (POI) recommendation is a fundamental
problem for location-based services, which aims to recommend
the next POIs for users to visit based on their historical check-in
sequences. Most existing methods mainly focus on how to make rec-
ommendations based on users’ own historical check-in sequences,
and have developed various sequential models. Recently, several
studies construct graphs (e.g., POI-POI transition graph) from the
check-in data and use them to augment sequential models, which
have brought significant improvements. However, there are still sev-
eral under-explored challenges. (C1) How to construct fine-grained
spatial-temporal context graphs? Most existing methods construct
large global graphs as the input to the model, which is neither
efficient nor necessary for a single user. (C2) How to build a unified
spatial-temporal model? Existing approaches follow the Sequence
Augmented by Graph (SAG) paradigm, which uses sequential mod-
els as backbones and separate graph models as supplements. Their
overall frameworks are usually complex. (C3) How to model multi-
granular temporal periodicity? Users naturally have multi-granular
movement patterns, i.e. daily and weekly patterns.

To address these challenges, we introduce a novel heterogeneous
spatial temporal method called HoST. For (C1), we introduce HoST-
Graph to first construct a fine-grained global Heterogeneous Spatial
Temporal Graph (HSTG) by exploiting all check-in sequences, and
then sample a relative spatial-temporal context (i.e., ego-graph) for
the target user and time. For (C2), we propose to directly use the
sampled ego-graph as the context to extract user embeddings re-
gardless of the distant past check-ins. We refer to this new paradigm
as Spatial-Temporal Context (STC) paradigm. Under the STC para-
digm, we introduce a simple unified model HoST-GNNbase based
on Graph Attention Network (GAT), which is equipped with train-
able edge type embeddings and spatial-temporal slot embeddings.
To further address (C3), multi-granular temporal slot embeddings
are introduced and thus we have our full model HoST-GNN. Com-
prehensive experiments on benchmark datasets demonstrate the
effectiveness of HoST.

ACM Reference Format:
Anonymous Author(s). 2018. HoST: Exploiting Heterogeneous Spatial-
Temporal Graph for Next POI Recommendation. In Proceedings of Make
sure to enter the correct conference title from your rights confirmation emai
(Conference acronym ’XX). ACM, New York, NY, USA, 11 pages. https:
//doi.org/XXXXXXX.XXXXXXX

Permission to make digital or hard copies of all or part of this work for personal or
classroom use is granted without fee provided that copies are not made or distributed
for profit or commercial advantage and that copies bear this notice and the full citation
on the first page. Copyrights for components of this work owned by others than ACM
must be honored. Abstracting with credit is permitted. To copy otherwise, or republish,
to post on servers or to redistribute to lists, requires prior specific permission and/or a
fee. Request permissions from permissions@acm.org.
Conference acronym ’XX, June 03–05, 2018, Woodstock, NY
© 2018 Association for Computing Machinery.
ACM ISBN 978-1-4503-XXXX-X/18/06. . . $15.00
https://doi.org/XXXXXXX.XXXXXXX

1 INTRODUCTION
With the widespread applications of positioning technology and
mobile internet, Location-Based Services (LBS) have become an
indispensable part of people’s daily lives. LBS providers, such as
Google Map, Yelp and Foursquare, enable users to share information
on points of interests (POIs) and record their movement trajecto-
ries. To improve users’ experience and relevant services such as
advertising strategies [13], the next Point-Of-Interest (POI) recom-
mendation systems have been developed to model users’ mobility
patterns and recommend them attractive POIs based on their his-
torical check-in sequences and current spatial-temporal context.

Most existing approaches make recommendations based on
users’ own historical check-in sequences. Earlier works use Markov
chains to capture the dependencies between observed visits and
next POI decisions [2, 5]. Later, Recurrent Neural Network (RNN)
based methods, which extends classic RNNs to percept spatial-
temporal context [4, 17, 35, 50], become mainstream due to their
strong capability of handling sequential data. Recently, several
spatial-temporal-aware self-attention based and Transformer based
methods are proposed to model both successive and non-successive
transition patterns within individual check-in sequences [22, 26,
29, 44]. However, most users only have a few check-in records in
real-world datasets. The highly sparse user-POI interaction data
cannot provide sufficient supervision signals, and thus it is diffi-
cult to make satisfying recommendations solely based on users’
own check-in sequences. To tackle the data sparsity issue, several
graph-augmented approaches have been proposed recently, which
leverage global user-POI collaborative information to learn gen-
eral user mobility patterns [20, 23, 24, 30, 46]. Specifically, they
construct global graphs (e.g., user-POI and POI-POI graphs) based
on all users’ check-in sequences such that relevant users’ records
could complement each other.

Despite significant improvements brought by graphs [9, 23, 24,
30, 46], there are still several under-explored challenges. (C1) How to
construct fine-grained spatial-temporal context graphs? Most existing
studies construct large coarse-grained global graphs [9, 20, 24, 46],
such as the POI-POI transition matrix, which will inevitably lead
to information loss. Although [30] builds a fine-grained knowl-
edge graph, it uses various external tools [1, 43] to learn graph
structure and uses the global graph as input to the model. When
recommending the next POI for a single user, it is unnecessary
and inefficient to use the entire global graph as the model’s input.
Therefore, a relative spatial-temporal context graph for the target
user is desired. (C2) How to build a unified spatial-temporal model?
The aforementioned methods follow a Sequence Augmented by
Graph (SAG) paradigm, which means they mainly focus on model-
ing check-in sequences and treat graphs as auxiliary information.
They usually have separate sequential and graph models, and the
entire frameworks are usually overly complex. A simple unified
model is always desired to simultaneously model the spatial and
temporal dynamics and global collaborative information. (C3) How
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Figure 1: A check-in sequence sample. The black and gray
arrows represent transitions within short and long intervals.
It shows the daily and weekly movement patterns.

to model multi-granular temporal periodicity? Human behavior pat-
terns naturally exist in multiple temporal granularities. Figure 1 is
an example check-in sequence of a user, which shows both daily
and weekly patterns. At the daily granularity, the user goes to
entertainment POIs during nights. At the weekly granularity, the
user usually eats healthy/junk food for weekday/weekend lunches.
Information from different granularities can be complementary,
which is largely ignored by existing methods.

In this paper, we propose a novel heterogeneous spatial-temporal
method, called HoST, to address these challenges. For (C1), we in-
troduce a graph construction method (HoST-Graph). We first build
a fine-grained Heterogeneous Spatial-Temporal Graph (HSTG) to
extract all the details of check-in sequences, including node types,
edge (or interaction/transition) types, timestamps, geological loca-
tions, message propagation directions etc. Unlike [30], we do not
leverage external tools to extract additional information. Rather
than directly using the entire HSTG, we further sample a relative
spatial-temporal context (i.e., ego-graph) to capture the relative
spatial and temporal information for the target user at a target time.
For (C2), instead of following the SAG paradigm, we propose to
directly build models and make recommendations based on the ego-
graphs regardless of the distant past check-in records. We refer to
this new paradigm as the Spatial-Temporal Context (STC) paradigm.
Then we introduce a Graph Attention Network (GAT) based model
HoST-GNN𝑏𝑎𝑠𝑒 to perform message propagation on and extract
user embeddings from ego-graphs. HoST-GNN𝑏𝑎𝑠𝑒 is equipped
with trainable edge type embeddings and spatial-temporal slot
embeddings to encode the edge information and the relative spatial-
temporal positional information, where each slot corresponds to
a relative spatial or temporal interval. To further address (C3), we
introduce multi-granular temporal slot embeddings, where each
temporal granularity is associated with a set of temporal slots. Then
we have our full model HoST-GNN. Finally, we comprehensively
evaluate HoST on two benchmark datasets to demonstrate its effec-
tiveness.

In summary, our contribution are highlighted as follows:

• We introduce HoST-Graph to construct fine-grained hetero-
geneous spatial-temporal graphs. The full graph exploits
details of check-in sequences and the sampled ego-graphs
retain the relative spatial-temporal context for the target
user and the target time.

• We propose a simple unified model HoST-GNN to extract
embeddings from ego-graphs and make recommendations
for the target user and time. HoST-GNN conduct inference
only based on the sampled spatial-temporal context but not
users’ long check-in sequences.

• We conduct extensive experiments on two real-world bench-
mark datasets, and the results empirically demonstrate the
superiority of our proposed HoST framework.

2 PRELIMINARIES
2.1 Problem Statement
Denote U and L as sets of users 𝑢 and POIs 𝑙 , and 𝑙 is assigned
with a spatial coordinate (latitude, longitude): 𝑠𝑙 = (𝑙𝑎𝑡𝑙 , 𝑙𝑜𝑛𝑙 ).

Definition 1 (Check-in). A check-in is a tuple 𝑐 = (𝑢, 𝑙, 𝑡),
indicating that user 𝑢 visits POI 𝑙 at timestamp 𝑡 .

Definition 2 (Check-in Seqence). A check-in sequence is a set
of check-in records 𝑐 = (𝑢, 𝑙, 𝑡) of a user 𝑢 ∈ U, which is arranged in
chronological order. We denote C𝑢 = {𝑐1, · · · , 𝑐𝑛𝑢 } as the historical
check-in sequence of 𝑢, and C = {C𝑢 }𝑢∈U as the set of check-in
sequences of all users. Here, 𝑛𝑢 is the number of records of 𝑢.

Definition 3 (Heterogeneous Spatial-TemporalGraph). We
define the Heterogeneous Spatial-Temporal Graph (HSTG) as G =

(V, E, 𝜙V , 𝜙E , 𝜉V , 𝜉E ), where V and E are node set and directed
edge set respectively. Each node and edge are assigned with a type
𝜙V (𝑣) and 𝜙E (𝑒). Available node and edge type sets are denoted as
PV = {𝜙V (𝑣),∀𝑣 ∈ V} and PE = {𝜙E (𝑒),∀𝑒 ∈ E}. Each node has
attributes 𝜉V (𝑣) (e.g., spatial coordinates). Each directed edge 𝑒𝑣𝑣′ is
defined as a triplet (𝑣, 𝑣 ′, 𝜉E (𝑒)), where 𝑣 is the source node, 𝑣 ′ is the
target node, and 𝜉E (𝑒) is the edge attribute (e.g., timestamp 𝑡 ).

Problem 1 (Next POI recommendation). Given all the available
historical check-in sequences C, the target user 𝑢, the corresponding
check-in sequence C𝑢 and a future timestamp 𝑇 , the next POI recom-
mendation task aims to recommend a ranked list of POIs and predict
the most likely POI that user 𝑢 would like to visit at 𝑇 .

2.2 Graph Attention Network
Graph Attention Network (GAT) [40] is one of the most popular
GNN architectures. GAT is essentially a masked self-attention pro-
cess, which updates node embeddings via the weighted-average
over its neighbors’ embeddings. Formally, let node embedding di-
mension be 𝑑 , given node 𝑣 and its neighbors N𝑣 , the attention
score in the 𝑙-th single-head GAT layer is given by:

𝛼𝑣𝑣′ = softmax
𝑣′∈N𝑣

(𝜎 (a(𝑙 ) [W(𝑙 )h(𝑙−1)𝑣 ∥ W(𝑙 )h(𝑙−1)
𝑣′ ])) (1)

where a(𝑙 ) ∈ R1×2𝑑 ,W ∈ R𝑑×𝑑 are parameters, h(𝑙−1)𝑣 , h(𝑙−1)
𝑣′

are input node embeddings for the 𝑙-th layer, 𝜎 is the LeakyReLU
activation function, and ∥ is the concatenation operator. Given the
learned scores, the neighborhood aggregation is conducted via a
weighted sum of its neighboring node embeddings:

h(𝑙 )𝑣 =
∑︁
𝑣′∈𝑁𝑣

𝛼𝑣𝑣′W(𝑙 )h(𝑙−1)
𝑣′ (2)

The single-head GAT layer can be easily extended to multi-head
form by assigning separate parameters for attention vector a in
each attention head. Given the head number 𝑁 and corresponding
learned scores 𝛼𝑛

𝑣𝑣′ , 𝑛 ∈ [1, 𝑁 ], the final output is a concatenation
of the outputs of the 𝑁 heads:

h(𝑙 )𝑣 = ∥𝑁𝑛=1
∑︁
𝑣′∈𝑁𝑣

𝛼𝑛𝑣𝑣′W
(𝑙 )h(𝑙−1)

𝑣′ (3)
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3 METHODOLOGY
In this section, we present our proposed HoST framework, which
is comprised of a graph construction method HoST-Graph and a
graph neural network model HoST-GNN. An illustration of HoST is
presented in Figure 2. In section 3.1, we introduce HoST-Graph to
construct fine-grained spatial-temporal context for (C1). In section
3.2, we introduce a unified spatial-temporal graph neural network
HoST-GNN, which could effectively capture the spatial-temporal
context and multi-granular temporal patterns, to address (C2) and
(C3). In section 3.3, we show the objective function of our method.

3.1 Heterogeneous Spatial-Temporal Graph
Construction

Most existing approaches construct coarse-grained global graphs [9,
23, 24, 30, 46] and a few [30] constructs fine-grained global graphs.
They usually take the global graphs as inputs to models, which is
neither necessary nor efficient for a single target user. By exploiting
the check-in sequences, we first construct a global Heterogeneous
Spatial-Temporal Graph (HSTG) G, which is comprised of two basic
graphs: interaction graph G𝑖𝑛𝑡𝑒𝑟 and transition graph G𝑡𝑟𝑎𝑛𝑠 . For
a target user and time, we sample an ego-graph G𝑒𝑔𝑜 from the
global graph G to capture the relative spatial-temporal context. An
illustration is shown in the upper part of Figure 2.

Interaction Graph. The user-POI directed interaction graph
G𝑖𝑛𝑡𝑒𝑟 captures the interactions between users and locations, which
also reflects user co-occurrences via the second-order relations. The
set of nodes is the union of users U and locations L: V𝑖𝑛𝑡𝑒𝑟 =

U ∪ L. For each check-in record 𝑐 = (𝑢, 𝑙, 𝑡), two directed edges
(𝑢, 𝑙, 𝑡) and (𝑙, 𝑢, 𝑡) are constructed in E𝑖𝑛𝑡𝑒𝑟 . To differentiate the
two directions of information flow between the two kinds of nodes,
we define two types of edge set E𝑢𝑙

𝑖𝑛𝑡𝑒𝑟
= {(𝑢, 𝑙, 𝑡) ∈ E𝑖𝑛𝑡𝑒𝑟 } and

E𝑙𝑢
𝑖𝑛𝑡𝑒𝑟

= {(𝑙, 𝑢, 𝑡) ∈ E𝑖𝑛𝑡𝑒𝑟 }, where 𝑢 ∈ U, 𝑙 ∈ L.
Transition Graph. The transition graph G𝑡𝑟𝑎𝑛𝑠 reflects global

transition patterns among POIs. Its node set is V𝑡𝑟𝑎𝑛𝑠 = L. For
each pair of POIs (𝑙, 𝑙 ′), if 𝑙 and 𝑙 ′ appear successively in a check-in
sequence ∃C𝑢 ⊂ C, a forward edge 𝑒𝑓 = (𝑙, 𝑙 ′, 𝑡) and a backward
edge 𝑒𝑏 = (𝑙 ′, 𝑙, 𝑡 ′) are created in E𝑡𝑟𝑎𝑛𝑠 , where 𝑡, 𝑡 ′ are timestamps
when the user creates the check-in records at 𝑙 and 𝑙 ′. The forward
and backward edges form two different edge sets E 𝑓𝑡𝑟𝑎𝑛𝑠 and E𝑏𝑡𝑟𝑎𝑛𝑠 .

Global HSTG. With the two basic graphs, node set and edge set
of the global HSTG G areV = V𝑖𝑛𝑡𝑒𝑟 ∪V𝑡𝑟𝑎𝑛𝑠 and E = E𝑢𝑙

𝑖𝑛𝑡𝑒𝑟
∪

E𝑙𝑢
𝑖𝑛𝑡𝑒𝑟

∪ E 𝑓𝑡𝑟𝑎𝑛𝑠 ∪ E𝑏𝑡𝑟𝑎𝑛𝑠 . There are totally two types of nodes and
four types of edges in the global HSTG G. We define our HSTG at
time 𝑇 as G(𝑇 ) ⊂ G, where V(𝑇 ) = V , E(𝑇 ) = {(𝑣, 𝑣 ′, 𝑡) ∈ E, 𝑡 <
𝑇 }. We further define the edge type function𝜙E , node type function
𝜙V , node attribute function 𝜉V and edge attribute function 𝜉E as:

𝜙E (𝑒𝑢𝑙 ) = 0, 𝜙E (𝑒𝑙𝑢 ) = 1, 𝜙E (𝑒𝑓 ) = 2, 𝜙E (𝑒𝑏 ) = 3 (4)
𝜙V (𝑢) = 0, 𝜙V (𝑙) = 1 (5)
𝜉V (𝑢) = ∅, 𝜉V (𝑙) = (𝑙𝑎𝑡𝑙 , 𝑙𝑜𝑛𝑙 ), 𝜉E (𝑒) = 𝑡 (6)

where 𝑢 ∈ U, 𝑙 ∈ L, 𝑒𝑢𝑙 ∈ E𝑢𝑙
𝑖𝑛𝑡𝑒𝑟

, 𝑒𝑙𝑢 ∈ E𝑙𝑢
𝑖𝑛𝑡𝑒𝑟

, 𝑒𝑓 ∈ E 𝑓𝑡𝑟𝑎𝑛𝑠 , 𝑒𝑏 ∈
E𝑏𝑡𝑟𝑎𝑛𝑠 . Note that we allow multiple edges to exist simultaneously
between any node pair in G to keep the fine-grained interaction
information. By unifying various heterogeneous spatial-temporal
information from G𝑖𝑛𝑡𝑒𝑟 andG𝑡𝑟𝑎𝑛𝑠 into a global HSTGG, we could

effectively capture the complex spatial-temporal context of each
node beyond the local check-in history. Given a user 𝑢, we can
easily find users who have visited the same POIs as 𝑢 in the past,
and further find their previous and next POI choice, which will be
an important reference for the next POI prediction.

Ego-Graph. The amount of check-in sequences is enormous
and thus the constructed HSTG G is huge. Processing the entire
G for each user is extremely time-consuming. Besides, temporally
recent check-in records have more impact on users’ decisions than
earlier records, and using all the historical records to model user
preference may incur too much noise. Additionally, relative spatial-
temporal information (e.g. time interval and physical distance) can
reflect relative relations between global context information and
current user state, which is more meaningful than absolute time and
geographical coordinates. To address these issues, we propose to
sample a relative spatial-temporal context (i.e. ego-graph G𝑒𝑔𝑜 ) for
the target user from the global HSTG G and use the sampled ego-
graph for training and inference. G𝑒𝑔𝑜 is built from the perspective
of message propagation, where neighbors are sampled based on
inward edges, and the edges function as message decorators to
record relative temporal and spatial information.

Given the target user𝑢 with historical check-in sequence C𝑢 and
the future target time 𝑇 , we first construct HSTG G(𝑇 ). Then we
treat 𝑢 and 𝑇 as the center node and center time of the ego-graph.
Next, we sample a 𝐾-hop ego-graph G𝑒𝑔𝑜 (𝑢,𝑇 ) for the center 𝑢, 𝑇 ,
where 𝑢 forms the 0-th hop node set N (0)

𝑒𝑔𝑜 = {𝑢}. We iteratively
sample the 𝑘-th hop neighbors N (𝑘 )

𝑒𝑔𝑜 based on the 𝑘 − 1-th hop
neighbors 𝑣 ∈ N (𝑘−1)

𝑒𝑔𝑜 . Considering that nodes receive messages
from neighbors via inward edges under message propagation frame-
works, for each node 𝑣 ∈ N (𝑘−1)

𝑒𝑔𝑜 , we sample𝑀 temporally nearest
inward edges E (𝑘 )

𝑒𝑔𝑜 (𝑣) = {E (𝑘 )
𝑒𝑔𝑜−𝑝 (𝑣)}𝑝∈PE from G(𝑇 ) for each

edge type 𝑝 , where |E (𝑘 )
𝑒𝑔𝑜−𝑝 (𝑣) | = 𝑀 . Specifically, if 𝑣 ∈ U, we sam-

ple the most recent edges from E𝑙𝑢
𝑖𝑛𝑡𝑒𝑟

(𝑇 ); if 𝑣 ∈ L, then we sample
from E𝑡𝑟𝑎𝑛𝑠 (𝑇 ) and E𝑢𝑙

𝑖𝑛𝑡𝑒𝑟
(𝑇 ). We denote the sampled neighbors

as N (𝑘 )
𝑒𝑔𝑜 (𝑣) = {N (𝑘 )

𝑒𝑔𝑜−𝑝 (𝑣)}𝑝∈PE . The 𝑘-th hop node and edge sets

are N (𝑘 )
𝑒𝑔𝑜 = {N (𝑘 )

𝑒𝑔𝑜 (𝑣)}𝑣 , E
(𝑘 )
𝑒𝑔𝑜 = {E (𝑘 )

𝑒𝑔𝑜 (𝑣)}𝑣 , where 𝑣 ∈ N (𝑘−1)
𝑒𝑔𝑜 .

Given G𝑒𝑔𝑜 (𝑢,𝑇 ), we further transform the absolute time and
spatial coordinates into relative time and spatial distances, and use
this additional information to decorate edges. For the time, we re-
place 𝑡 of each edge 𝑒 = (𝑣, 𝑣 ′, 𝑡), with Δ𝑡 = 𝑇 − 𝑡 . For the spatial
coordinates, we first treat the spatial coordinates 𝑆 = (𝑙𝑎𝑡, 𝑙𝑜𝑛) of
𝑢’s last available check-in location as the center coordinates. Then,
for each POI 𝑙 , we compute its haversine distance Δ𝑠 with 𝑆 based
on its coordinates 𝑠𝑙 = (𝑙𝑎𝑡𝑙 , 𝑙𝑜𝑛𝑙 ). Then Δ𝑠 is put on edges origi-
nating from 𝑙 (i.e., 𝑙 → 𝑙 ′ or 𝑙 → 𝑢) to decorate information origi-
nated from 𝑙 . Finally, we have G𝑒𝑔𝑜 (𝑢,𝑇 ) = (V, E, 𝜙V , 𝜙E , 𝜉V , 𝜉E ),
where V = {N (𝑘 )

𝑒𝑔𝑜 }𝐾𝑘=0, E = {E (𝑘 )
𝑒𝑔𝑜 }𝐾𝑘=0, type functions 𝜙V , 𝜙E

and node attribute function 𝜉V are inherited from G(𝑇 ). The edge
attribute function 𝜉E is re-defined as:

𝜉E (𝑒𝑙∗) = (Δ𝑡,Δ𝑠), 𝜉E (𝑒𝑢𝑙 ) = Δ𝑡 (7)

where 𝑢, 𝑙 are user and location nodes, 𝑒𝑙∗ denotes the edge origi-
nating from 𝑙 , 𝑒𝑢𝑙 is the 𝑢 → 𝑙 edge.
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Figure 2: Overview of the HoST framework.

3.2 Heterogeneous Spatial Temporal Graph
Neural Network

Following the Sequence Augmented by Graph (SAG) paradigm,
most existing methods use sequential models as backbones to model
users’ long historical check-in sequences and separate graphmodels
as supplements to model the relations among nodes (e.g., POI-POI,
user-POI). These methods are often overly complex. In this paper,
we propose to directly build a unified graph neural network for
the ego-graph G𝑒𝑔𝑜 without intentionally using users’ historical
check-in sequences. We refer to this new paradigm as the Spatial-
Temporal Context (STC) paradigm. To comprehensively capture
the heterogeneous spatial-temporal information of G𝑒𝑔𝑜 , a com-
plex model is usually desired. However, as suggested by [27], with
proper modification, the simple GAT could outperform those com-
plex methods. Therefore, we first propose a simple yet effective
base model (HoST-GNNbase) by introducing trainable edge type
embeddings and spatial-temporal slot embeddings to the vanilla
GAT. We further take into consider the multiple granularity of the
temporal context, and introduce the full model HoST-GNN. The
proposed HoST-GNN effectively addresses (C2)(C3). An illustration
of HoST-GNN is shown in the lower part of Figure 2.

HoST-GNNbase Layer. The vanilla GAT layer does not distin-
guish edge types and thus fails to encode the semantics of edges
(e.g., the 𝑢 → 𝑙 edge means“visit” and the 𝑙 → 𝑙 ′ edge means
“transition”). To address this issue, we allocate an attention bias
embedding y𝑝 ∈ R𝑑 and a representation bias embedding y′𝑝 ∈ R𝑑
for each edge type 𝑝 ∈ PE to introduce edge type information into
attention coefficients and node embeddings respectively. These em-
beddings are trainable and shared in each graph attention layer.
Given an edge 𝑒 , its corresponding type embeddings are thus y𝜙𝑒

and y′
𝜙𝑒
.1 Note that we don’t pay specific attention to the node

types since they are encoded in the edge types (see Equation (4)-(5)).
To encode the spatial-temporal information flow, we introduce

sets of trainable spatial slot embeddings and temporal slot embed-
dings to decorate the vanilla node embedding messages propagated
from neighbors based on their own spatial-temporal knowledge.
We only show how to obtain the temporal slot emebddings, and
the spatial slot embeddings are obtained in a similar way. Given
an interval 𝜕𝑡 and the maximum number of slots 𝑁T , we initialize
two sets of slot embeddings T = {t𝑛}𝑁T

𝑛=1, T
′ = {t′𝑛}

𝑁T
𝑛=1, where

t𝑛, t′𝑛 ∈ R𝑑 are trainbale attention and representation bias embed-
dings associated with the 𝑛-th slot, and the time range of each
slot is 𝜕𝑡 . T and T ′ have a similar role as y𝑝 and y′𝑝 , which can
also be regarded as relative positional embeddings [33] . However,
positional information alone is not able to capture the semantics of
information flow. For a fixed location 𝑙 , the most impact edge type
varies for different temporal slots. For example, for an amusement
park, between 8:00-15:00, the 𝑢 → 𝑙 edge is dominating as people
are entering the park, but after 16:00, 𝑙 → 𝑙 ′ is more influential
since people are leaving the park and heading towards other lo-
cations. Therefore, it is necessary to further split slot embeddings
for each edge type. For each edge type 𝑝 ∈ PE , we have edge type
specific slot embeddings T𝑝 = {t𝑝,𝑛}𝑁T

𝑛=1, T
′
𝑝 = {t′𝑝,𝑛}

𝑁T
𝑛=1. The slot

index for the relative time Δ𝑡 of an edge 𝑒 = (𝑣, 𝑣 ′,Δ𝑡,Δ𝑠) from the
ego-graph G𝑒𝑔𝑜 is given by the temporal slot mapping function:

𝜏T (Δ𝑡) = min(⌈Δ𝑡/𝜕𝑡⌉, 𝑁T ) (8)

where ⌈ ⌉ denotes round-up operation. We denote the temporal slot
embeddings associated with 𝑒 as t𝜙𝑒 ,𝜏Δ𝑡 , t𝜙𝑒 ,𝜏Δ𝑡 .

2

Similar to the temporal slot embeddings, we can also obtain the
edge type specific spatial slot embeddings for each edge type 𝑝:

1For clarity, we simplify the sub-script 𝜙E (𝑒 ) as 𝜙𝑒 in the following text.
2For clarity, we denote 𝜏Δ𝑡 and 𝜏Δ𝑠 as the temporal and spatial slot index respectively.
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S𝑝 = {s𝑝,𝑛}𝑁S
𝑛=1, S

′
𝑝 = {s′𝑝,𝑛}

𝑁S
𝑛=1, where 𝑁𝑆 is the number of spatial

slots, and the distance range of each slot is 𝜕𝑠 . We also have the
spatial slot mapping function 𝜏S . Note that edges originating from
𝑢 (i.e., 𝑒𝑢𝑙 ) do not have the Δ𝑠 attribute (Equation (7)), we use a zero
vector s0 = 0 as their spatial slot embedding.

Given a node 𝑣 and its inward edge 𝑒 = (𝑣 ′, 𝑣,Δ𝑡,Δ𝑠) from G𝑒𝑔𝑜 ,
we could obtain the edge type embeddings y𝜙𝑒 , y

′
𝜙𝑒
, the spatial slot

embeddings s𝜙𝑒 ,𝜏Δ𝑠 , s
′
𝜙𝑒 ,𝜏Δ𝑠

, as well as the temporal slot embeddings
t𝜙𝑒 ,𝜏Δ𝑡 , t

′
𝜙𝑒 ,𝜏Δ𝑡

. The updating functions for the 𝑙-th layer of our base
model (HoST-GNNbase) are given by:

h𝑣𝑣′ = W(𝑙 )
1 h(𝑙−1)𝑣 ∥ W(𝑙 )

1 h(𝑙−1)
𝑣′ ∥ y𝜙𝑒 ∥ s𝜙𝑒 ,𝜏Δ𝑠 ∥ t𝜙𝑒 ,𝜏Δ𝑡 (9)

𝛼𝑣𝑣′ = softmax
𝑣′∈N𝑣

(𝜎 (a(𝑙 ) · h𝑣𝑣′ )) (10)

h𝑣 =
∑︁
𝑣′∈𝑁𝑣

𝛼𝑣𝑣′ (W(𝑙 )
1 h(𝑙−1)

𝑣′ + y′
𝜙𝑒

+ s′
𝜙𝑒 ,𝜏Δ𝑠

+ t′
𝜙𝑒 ,𝜏Δ𝑡

) (11)

h(𝑙 )𝑣 = tanh(W(𝑙 )
2 [h(𝑙−1)𝑣 | |h𝑣]) (12)

where N𝑣 is the neighbor set of 𝑣 , h(𝑙−1)𝑣 , h(𝑙−1)
𝑣′ ∈ R𝑑 are node

embeddings of 𝑣, 𝑣 ′ from the 𝑙 − 1-th layer, W(𝑙 )
1 ∈ R𝑑×𝑑 ,W(𝑙 )

2 ∈
R𝑑×2𝑑 , a(𝑙 ) ∈ R1×5𝑑 are parameters in the 𝑙-th layer, 𝜎 is an activa-
tion function and ∥ is concatenation. Equation (9) concatenates the
embeddings of 𝑣 , 𝑣 ′, the edge type embedding and slot embeddings
to better guide the attention calculation based on the heterogeneous
spatial-temporal context. Equation (10) is the standard attention co-
efficient calculation. Equation (11) incorporates the heterogeneous
spatial-temporal context into message propagated from 𝑣 ′. Equa-
tion (12) combines the aggregated messages h𝑣 and the previous
layer embedding h(𝑙−1)𝑣 to find potential cross-layer correlations
and obtain the updated node embedding for the current layer. The
proposed HoST-GNNbase architecture can be easily transformed
into the multi-head setting according to Equation (3).

HoST-GNN Layer. As illustrated in Fig. 1, human behavior
patterns naturally exist in multiple temporal granularities. To
further capture the multi-granular temporal patterns, we intro-
duce multi-granular temporal slot embeddings based on T𝑝 and
T ′
𝑝 , where 𝑝 ∈ PE . We define a set of 𝑁𝑔 temporal granulari-

ties ΩT = {𝜕𝑡𝜔 }
𝑁𝑔

𝜔=1, where 𝜕𝑡𝜔 denotes temporal interval. Then
we set a temporal perception range Δ𝑇 to determine the num-
ber of slots 𝑁𝜔T = ⌈Δ𝑇 /𝜕𝑡𝜔 ⌉ + 1 and the slot mapping function
𝜏𝜔T for each granularity 𝜔 . For each granularity level 𝜔 , we have

T𝑝,𝜔 = {t𝑝,𝜔,𝑛}
𝑁𝜔

T
𝑛=1,T

′
𝑝,𝜔 = {t′𝑝,𝜔,𝑛}

𝑁𝜔
T

𝑛=1. The full model HoST-GNN
integrates the multi-granularity temporal information into HoST-
GNNbase by replacing t𝜙𝑒 ,𝜏Δ𝑡 , t

′
𝜙𝑒 ,𝜏Δ𝑡

in Equation (9) and (11) with:

t𝜙𝑒 ,∗,𝜏𝜔Δ𝑡 = ∥𝑁𝑔

𝜔=1 t𝜙𝑒 ,𝜔,𝜏𝜔Δ𝑡 t′
𝜙𝑒 ,∗,𝜏𝜔Δ𝑡

=

𝑁𝑔∑︁
𝜔=1

t′
𝜙𝑒 ,𝜔,𝜏

𝜔
Δ𝑡

(13)

and adjusting the dimension of a(𝑙 ) in Equation (10) to R1×(4+𝑁𝑔 )𝑑 .
Output Module. To predict the next POI for the target user

𝑢 and time 𝑇 , we concatenate its embeddings from all layers of
HoST-GNN extracted from G𝑒𝑔𝑜 (𝑢,𝑇 ) as the final embedding:

h𝑢 =∥𝐿
𝑙=0 h

(𝑙 )
𝑢 (14)

Table 1: Dataset Statistics

Dataset #User #POI #Check-in Median Δ𝑡 Median Δ𝑑
Gowalla 17490 120967 2504640 7.34h 2.87km

Foursquare 17025 91614 1621437 24.29h 2.05km

where 𝐿 is number of layers and h(0)𝑢 is the initial embedding vector.
We employ Multi-Layer Perceptron (MLP) with softmax as the final
function for prediction, and solely use h𝑢 as its input:

ŷ = MLP(h𝑢 ) (15)

where ŷ ∈ R | L | is the predicted probability vector for POIs.
It’s noteworthy that our HoST-GNN is flexible and can be easily

extended with additional message decorator to be aware of more
auxiliary information.

3.3 Objective Function
For each ŷ form Equation (15), we have a cross-entropy based loss:

𝑓 = −[𝑦𝑙 ′ log(𝑦𝑙 ′ ) +
∑︁

𝑙∈L\{𝑙 ′ }
(1 − 𝑦𝑙 ) (1 − log(𝑦𝑙 )] + 𝜆∥Θ∥2 (16)

where 𝑙 ′ is the ground-truth location; 𝑦𝑙 = ŷ[𝑙] is the predicted
probability for location 𝑙 ;𝑦𝑙 is the smoothed ground-truth label [36].
Θ denotes all parameters; ∥ · ∥2 is 𝐿2 norm; 𝜆 is the coefficient.

4 EXPERIMENTS
4.1 Experimental Setup

Datasets. We evaluate HoST on two public benchmark datasets:
Gowalla [3] and Foursquare [45]. We extract worldwide check-in
records from Nov. 2009 to Oct. 2010 in Gowalla and from Apr. 2013
to Mar. 2014 in Foursquare. Considering that some sequential meth-
ods have relatively strict requirements for sequence length (e.g.,
LSTPM [35]), for a fair comparison, we only keep users with no less
than 50 check-in records, and remove POIs visited less than 10 times
in the datasets. We sort the remaining check-in sequences in as-
cending chronological order, and split the data into train/valid/test
sets by 70%/10%/20%. The POIs not occurred in the training set are
ignored for evaluation. The detailed statistics are shown in Table 1,
where the last two rows show the median value of temporal and
spatial intervals between consecutive check-in records.

Baseline Methods. We compare the proposed HoST with three
groups of baselines: (1) Traditional Methods. Three traditional
baselines are adopted, i.e., TOP, U-TOP andMF [18]. TOP andU-TOP
are frequency-based ranking methods. TOP adopts global frequen-
cies of POIs in the full training set and recommend the most popular
POIs, while U-TOP uses local frequencies based on each user𝑢’s his-
torical check-in sequence C𝑢 . MF is a classical collaborative filtering
method widely used in recommendation systems. (2) Sequential
Methods.We adopt basic LSTM [11], spatial-temporal-aware RNN
variants ST-LSTM [17], STGCN [50], LSTPM [35], Flashback [44]
and attention-based method STAN [26] for this group. ST-LSTM
and STGCN are both LSTM variants. ST-LSTM integrates spatial
and temporal intervals between consecutive check-in records into
LSTM gates, while STGCN introduces additional spatial/temporal
gates and cell state. LSTPM is a hierarchical LSTM encoder with a
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Table 2: Overall performance. Boldfaced and underlined scores are the best and the second-best ones respectively.

Gowalla Foursquare
Acc@1 Acc@5 Acc@10 MRR Acc@1 Acc@5 Acc@10 MRR

TOP 0.0018 0.0073 0.0138 0.0062 0.0033 0.0116 0.0175 0.0086
U-TOP 0.1469 0.3451 0.4224 0.2378 0.2185 0.5437 0.6400 0.3586
MF 0.0162 0.0896 0.1513 0.0249 0.0345 0.2066 0.3259 0.0900

LSTM 0.0899 0.2077 0.2629 0.1480 0.1313 0.3369 0.4056 0.2150
ST-LSTM 0.0892 0.2043 0.2580 0.1460 0.1198 0.3078 0.3826 0.2072
STGN 0.0931 0.2138 0.2701 0.1526 0.1216 0.3191 0.3967 0.2129
LSTPM 0.1353 0.2740 0.3144 0.2103 0.1878 0.4327 0.4998 0.2961

Flashback 0.1782 0.3893 0.4761 0.2776 0.1995 0.5189 0.6250 0.3402
STAN 0.1295 0.2755 0.3198 0.2010 0.1627 0.3494 0.4819 0.2655

LightGCN 0.0247 0.0754 0.1108 0.0326 0.0445 0.1349 0.1968 0.0745
STP-UDGAT 0.1358 0.3130 0.3918 0.2211 0.1615 0.4384 0.5465 0.2868
GETNext 0.2025 0.3617 0.3924 0.2735 0.1866 0.3583 0.3861 0.2626
HMT-GRN 0.2291 0.3899 0.4458 0.3072 0.2780 0.4565 0.5125 0.3639

HoST 0.3382 0.4388 0.4843 0.3885 0.5006 0.6181 0.6589 0.5560
Improvement 47.62% 11.68% 1.72% 26.47% 80.07% 13.68% 2.95% 52.79%

nonlocal network and a geo-dilated network. Flashback is an RNN-
based self-attention method that leverages spatial temporal aware
attention to aggregate hidden states of the basic RNN model. We
use the reported best RNN-based variant for Flashback here. STAN
is an attention-based model that leverages relative spatial-temporal
information among non-adjacent visits. (3) Graph-Augmented
Methods. LightGCN [10], STP-UDGAT [24], GETNext [46] and
HMT-GRN [23] are adopted for this group. LightGCN is a popu-
lar graph-based collaborative filtering method. STP-UDGAT is a
graph-based method that extends GAT to leverage multi-faceted in-
formation within multiple customized global POI graphs. GETNext
is a Transformer-based method that utilizes general movement
patterns from a user-agnostic POI transition graph to refine in-
put embedding and output probability map. Due to the absence of
category information, the category related modules of GETNext
are removed. HMT-GRN is a graph-enhanced LSTM model that
leverages customized spatial and temporal POI graphs to augment
LSTM gates, which is trained under a hierarchical region aware
multi-task learning framework.

Evaluation Metrics. Following [46], we use the standard
Accuracy@𝐾 (Acc@𝐾 ) andMean Reciprocal Rank (MRR) as metrics.
Acc@𝐾 reflects the overall performance of top-K recommendation,
and MRR shows the quality of ranking.

Implementation Details. We implement our HoST base on
PyTorch-Geometric [6]. For a fair comparison, we fix the embedding
size 𝑑 = 64 for all methods. We set the hop number 𝐾 = 2 and the
edge number𝑀 = 50 when sampling ego-graphs. For both datasets,
we set the spatial granularity 𝜕𝑠 = 0.1km, spatial slot number
𝑁S = 100, and the temporal granularity set as ΩT ={3h, 12h}. The
overall temporal perception range Δ𝑇 for Gowalla and Foursquare
are 8 weeks and 24 weeks respectively. We stack 2 HoST-GNN
layers with hidden dimension 32, and let E 𝑓𝑡𝑟𝑎𝑛𝑠 and E𝑏𝑡𝑟𝑎𝑛𝑠 share
the temporal and spatial slot embedding. The output module is a
2-layer MLP with LeakyReLU activation function and 128 hidden
dimension. As for training, we set 𝜆 = 1𝑒 − 4, and use dropout with
a rate of 0.3 for each layer. We use Adam optimizer [15] with the

initial learning rate 0.001 and an exponential decay rate of 0.4 for
every 10 epochs. The model is trained for 40 epochs with 128 batch
size. We will release the code upon publication.

As for baseline methods, we use the same settings where appli-
cable for MF, LSTM and LightGCN. For ST-LSTM and STGN , we
follow the setting in [24], such that in each step, we use the spa-
tial/temporal interval from the previous step to the current step as
input. For Flashback, we change the center time from the timestamp
of the last check-in of historical visits into the future timestamp to
be consistent with our setting. For STAN, considering that training
STAN on the whole dataset is extremely memory-consuming due
to the large number of users and POIs, we randomly sample 1%
of historical check-in sequences to train the model and test model
performance, and report the average performance for 20 runs. For
the other recent works, we follow the recommended settings in
their paper accordingly, except for the embedding size.

4.2 Main Results
We report the evaluation results of our proposed HoST model and
the baselines in Table 2. The relative improvement compared with
the best baseline is also computed. Following observations and
analysis can be obtained from the results: (1) The results on both
datasets show that our HoST consistently outperforms other state-
of-the-art baseline methods on all metrics, especially on Acc@1
and MRR, which demonstrate the effectiveness of our proposed
method. (2) Frequency-based method U-TOP is a very competitive
baseline, which reflects that users tend to visit their frequently
visited places. (3) MF and LSTM only rely on sparse user-POI inter-
action matrix to learn user preference, whose performance is not
satisfying. ST-LSTM, STGN, LSTPM, STAN, and Flashback incor-
porate spatial-temporal factors into user preference learning, and
achieve performance improvement. However, compared with Flash-
back, the other sequential baselines are consistently inferior, for
that they fail to leverage more informative relative spatial-temporal
information. (4) Compared with vanilla sequential methods, STP-
UDGAT, GETNext and HMT-GRN attempt to leverage higher-order
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Table 3: Ablation study on Foursquare.

Methods Acc@1 Acc@5 Acc@10 MRR
HoST 0.5006 0.6181 0.6589 0.5560
w/o interaction graph 0.4831 0.6133 0.6561 0.5436
w/o transition graph 0.2537 0.5320 0.6149 0.3766
w/o edge direction 0.4062 0.5813 0.6340 0.4866
w/o multi-granularity 0.4961 0.6155 0.6567 0.5520
w/o spatial slot 0.4079 0.5711 0.6252 0.4829
w/o temporal slot 0.2633 0.5249 0.6072 0.3795
w/o edge type 0.4124 0.5848 0.6373 0.4917
w/ Transformer attention 0.4829 0.6093 0.6552 0.5419
w/ same bias embeddings 0.4986 0.6164 0.6585 0.5540
w/ multi-spatial 0.4967 0.6169 0.6583 0.5530

user-POI collaborative information by constructing global graphs,
and achieves performance improvement compared with vanilla se-
quential methods. HMT-GRN and GETNext further develop multi-
task learning frameworks to provide more supervision signals, and
achieve superior performance compared with STP-UDGAT. How-
ever, the state-of-the-art graph-based method HMT-GRN is not
consistently superior to Flashback on all metrics. We believe the
reason is that Flashback can leverage fine-grained relative spatial-
temporal information and dependencies among non-successive
check-in records.

4.3 Analysis
Ablation Study. To empirically demonstrate the effectiveness

of each proposed component and evaluate its impact on the fi-
nal performance, we conduct a series of ablation experiments on
the Foursquare dataset. Specifically, we design 3 branches of ex-
periments: (1) HoST-Graph ablation studies: We first remove
the interaction graph (w/o interaction graph) and transition graph
(w/o transition graph) in turn. Then attempt to study the effec-
tiveness of edge directions by removing the edge directions (w/o
edge direction). (2) HoST-GNN ablation studies: We remove the
multi-granular temporal embedding (w/o multi-granularity), spatial
slot embedding (w/o spatial slot), temporal slot embedding (w/o
temporal slot) and edge type embedding (w/o edge type) respec-
tively. (3) Other ablation studies: First, we replace the GAT-style
attention in HoST-GNN with Transformer attention (w/ Trans-
former attention). Then, we share the parameters of attention bias
embedding and representation embedding for edge type and spa-
tial/temporal slot embeddings (w/ same bias embeddings). At last,
we apply the multi-granularity setting to spatial information, and
define the spatial perception range and granularity set as Δ𝑆=10km
and ΩS={0.1km,0.5km} respectively (w/ multi-spatial).

Based on the results in Table 3, we can find that the full model
achieves the best performance on all metrics, and we have the
following observations: For HoST-Graph: (1) The transition graph
significantly contributes to the final performance improvement,
while the interaction graph has much less impact. The reason is
that users’ co-occurrence does not necessarily mean similar pref-
erences. (2) Distinguishing different information flow among the
user and POI nodes is helpful to capture fine-grained semantics.
For HoST-GNN : (1) The multi-granular temporal slot embedding

Table 4: Performance for the normal and inactive user group
on the Foursquare Dataset.

Method User Group Acc@1 Acc@5 Acc@10 MRR

HMT-GRN
Normal 0.2369 0.3448 0.3936 0.2925
Inactive 0.1338 0.2115 0.2589 0.1766

HoST
Normal 0.2997 0.4283 0.4731 0.3616
Inactive 0.1892 0.2876 0.3355 0.2395

is beneficial, which demonstrates the necessity of multi-granular
temporal information encoding. However, multi-granular spatial
information can’t provide more informative knowledge. (2) The pro-
posed spatial and temporal slot embedding can both significantly
improve model performance, while temporal information is much
more important, for that temporal information can reflect sequen-
tial information and inherent periodic patterns. (3) The introduction
of edge type embedding can help HoST-GNN to capture complex
heterogeneous semantics, and further improve the model perfor-
mance. For other ablation studies: (1) The GAT attention mechanism
is more expressive than Transformer attention in our model. (2)
Sharing the parameters of attention bias embedding and represen-
tation bias embedding will cause slight performance degradation.
(3) Multi-granular spatial slot embeddings do not have the expected
improvements, indicating that the spatial dimension does not have
clear multi-granular patterns.

Cold-Start Performance.We have demonstrated the superiority
of HoST in the learning preference of active users with no less than
50 check-ins. However, the majority of inactive users are affected
by data sparsity issues most. To further verify the effectiveness
of our model for handling inactive users, we conduct extensive
experiments on HoST and the most competitive baseline HMT-GRN.
We reprocess the Foursquare dataset to keep users with less than 50
check-in records, and further divide them into two groups: inactive
user group for users with less than 10 check-in records, and normal
user group for the rest. The POI setting remains unchanged. After
splitting these data into new train/valid/test sets, we integrate them
into the original ones and retrain the model. The evaluation results
for both groups of users are presented in Table 4. Compared with
HMT-GRN, our method can significantly boost the performance
of both inactive and normal user group, which demonstrate the
effectiveness of our HoST to alleviate data sparsity issue. However,
compared with the performance gain in active users, the relative
improvement on both inactive user groups is much lower for HoST,
which reflects that our HoST is better at processing long sequences.

Time andMemory Efficiency. To quantitatively understand the
inference efficiency of our method, we select several representative
baselines, and test the time and GPU memory consumption of
our method and the selected models. We use the average model
inference time in seconds for each step as the evaluation metric
for time efficiency. All the experiments are conducted with the
same batch size and the same device. The results are recorded in
Figure 3. Note that we replace the original GCN implementation
in GETNext with the sparse version in order to run the test, and
the time and memory consumption of STAN is tested based on
the whole dataset. Besides, the time consumption of HoST has
included the average ego-graph sampling time consumption for



Conference acronym ’XX, June 03–05, 2018, Woodstock, NY Anon.

Figure 3: Time and Memory Efficiency Comparison on
Foursquare. The area of the circles represents the relative
GPU memory consumption of the corresponding method.

(a) Performance Statistics (b) Memory Consumption Statistics

Figure 4: Impact of maximum neighbor amount𝑀

each check-in. For time efficiency, compared with graph-based
methods like STP-UDGAT and HMT-GRN, the efficiency of HoST
is of great advantage. As for memory efficiency, the GPU memory
consumption of HoST is close to many sequential methods with
low memory requirements like Flashback, and much lower than
HMT-GRN. There are two reasons for this phenomenon: (1) our
proposed STC paradigm directly inference on the sampled ego-
graphs, which is a one-pass process, while HMT-GRN adopts vanilla
SAG paradigm and performs augmentation in each step, which is
more time-consuming; (2) HoST only need to load relevant sub-
graph structure due to the ego-graph sampling strategy, which
will save much memory, while other graph-based methods need to
conduct inference on the whole graph, which will repeat even for
each time step if the basic sequential model is RNN-based. Overall,
our model has competitive inference efficiency compared with
existing graph-based methods.

Hyperparameter Sensitivity. To further understand how differ-
ent data and model architecture setting affect final model perfor-
mance, we conduct hyperparameter sensitivity analysis for several
critical hyperparameters related to ego-graph sampling and spatial-
temporal information modeling. We first explore the effect of maxi-
mum neighbor number𝑀 in HoST-Graph. The evaluation results
and corresponding memory consumption are presented in Figure
4(a) and Figure 4(b) respectively. In general, model performance
improves with the neighbor amount increasing. However, the per-
formance gain from increasing neighbor amount degrades after
𝑀 reaches 30, while the memory consumption still grows steadily
due to the requirement of loading all pre-computed ego-graphs

into memory in advance. Thus, we choose 𝑀 = 50 in previous
experiments as a trade-off.

To understand the impact of different spatial-temporal slot set-
tings, we test the sensitivity of HoST-GNN to spatial/temporal
perception range and corresponding granularity selection. We first
analyze the impact of spatial and temporal perception range Δ𝑇
and Δ𝑆 , and the evaluation results are presented in Figure 5(a) and
Figure 5(b) respectively. The variation of spatial and temporal per-
ception range has no significant influence on predictive accuracy.
However, from the trend of MRR curve in both figures, we can
find that a shorter spatial range is more beneficial, which may be
the result of the regional cluster effect; while a longer temporal
range is preferred, which is more helpful to capture long-range peri-
odic patterns. Then, we analyze the impact of granularity selection.
On one hand, The evaluation results for spatial granularity 𝜕𝑠 are
presented in Figure 5(c), and we can find that different spatial gran-
ularity choice has no obvious impact on final model performance.
On the other hand, to comprehensively understand the effect of
different temporal granularity combinations, we first remove the
multi-granular setting and test the importance of each temporal
granularity, and then progressively stack the best performing gran-
ularities to observe the influence of the size of ΩT . The evaluation
results under single granularity setting are presented in Figure 5(d).
Compared with spatial dimension, the choice of temporal granu-
larity can significantly impact predictive accuracy. Fine-grained
temporal information is more informative, and the model perfor-
mance steadily degrades along with the coarser granularity choice.
According to the performance ranking, we stack {3h, 12h, 6h, 24h}
into ΩT in turn and obtain the evaluation results in Figure 5(e).
From the experimental results, we find that the model performance
is steadily improved along with the increasing number of stacked
temporal slot embeddings, and diverse temporal granularity choice
will be more helpful for multi-granular temporal information en-
coding.

5 RELATEDWORK
5.1 Next POI Recommendation
The objective of next POI recommendation is to recommend a
ranked list of POIs that users most likely visit next based on his-
torical check-in records. Mainstream solutions tend to focus on
the sequential influence of individual historical check-in sequences
and adopt sequential models. Markov Chains are utilized in earlier
studies [2, 5]. Recently, Researchers propose variants of RNNs to
capture long- and short-term sequential patterns and further find
their correlations with spatial-temporal information. ST-RNN [25],
ST-LSTM [17] and STGN [50] attempt to integrate spatial/temporal
intervals between consecutive check-ins into RNN and LSTM ar-
chitecture. LSTPM [35] further uses hierarchical LSTM encoders
to capture sub-sequence level knowledge with a context-aware
non-local network. Besides, an attention mechanism is also adopted
recently to capture the dependencies among non-consecutive check-
ins [4, 26, 44]. For instance, Flashback [44] uses a spatial-temporal
interval aware attention module to aggregate the output hidden
states of RNN. Some recent works also adopt Transformer for next
POI recommendation [29, 34, 46].
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Figure 5: Impact of spatial-temporal perception range and granularity selection.

Overall, existing sequential methods only learn from highly
sparse user-POI interaction data. To alleviate the data sparsity issue,
recent graph-augmented works propose to leverage global user-POI
collaborative information to enhance sequential methods. We re-
view these works from two aspects: graph construction and model
design. For graph construction, [20, 23, 24, 46] defines proximity
rules based on spatial, temporal, and transition factors and con-
structs multiple POI graphs; [8] and [30] leverages user-POI knowl-
edge graph constructed from user-POI interactions and other auxil-
iary data. As for model design, STP-UDGAT [24] extends GAT to
extract multi-faceted information from different graphs and linearly
fuse them for prediction. SGRec [20] and HMT-GRN [23] extend
RNN architecture to learn from graph-augmented sequences. Graph
Flashback [30] and GETNext [46] refine the input or output of the
sequential model with features extracted from graphs. [20, 23, 46]
further design different multi-task learning frameworks to provide
more supervision signals.

Although existing SAG methods can effectively alleviate data
sparsity issues, we argue that they fail to model the fine-grained
global spatial-temporal context and the multi-granular spatial-
temporal dynamics.

5.2 Heterogeneous Graph Neural Networks
Real-world graphs are heterogeneous in nature (e.g., various
node/edge types, attributes). With the success of Graph Neural Net-
works (GNNs) on homogeneous networks [16, 40], they have been
extended to heterogeneous graphs to capture complex information.
R-GCN [32] treats each edge type as a view and conduct intra-view
and inter-view neighborhood aggregation, and CompGCN [38]
adopts relation embedding for each edge type to enrich node em-
beddings. HAN [41] and MAGNN [7] adopt pre-defined meta-paths
to define different views. GTN [48] and HetGNN [49] could auto-
matically discover informative meta-paths to avoid using expert
knowledge. HTG [12] extends Transformer [39] to heterogeneous
graphs. Recently, [27] points out that with proper modification, clas-
sic GAT [40] could outperform the SOTA complex heterogeneous
graph neural networks. Therefore, rather than design a complex
model to learn from heterogeneous information, we build a simple
model based on the vanilla GAT.

5.3 Spatial-Temporal Graph Neural Networks
Spatial-temporal graphs appear in various real-world applications,
such as traffic monitoring [47], environmental monitoring [14],

and link prediction [42]. Generally, there are two kinds of spatial-
temporal graphs: discrete and continuous graphs. The discrete
graphs are snapshots taken at certain time steps, while an inter-
action in continuous graphs could appear at any time, For dis-
crete graphs, the dominating practice is to combine sequential
models with discrete GNN encoders. DCRNN [21], STGCN [47],
EvolveGCN [28] and NET3 [14] use RNN/CNN as sequential models
and graph convolutional networks to encode graphs. DysSAT [31]
leverages temporal and structural self-attentions to model sequen-
tial dynamics and graph structures. Recently, some methods devote
to continuous spatial-temporal graph learning. DyRep [37] and
JODIE [19] regard continuous graphs as link streams, and use the
temporal point process and RNN to model the graph evolution
process respectively. CAW [42] leverages causal anonymous tempo-
ral random walk to perform inductive learning of graph evolution
patterns. Our constructed graphs are continuous, where the times-
tamp associated with each edge can be any valid time. The time
is mapped to temporal slots in HoST-GNN and each slot has an
embedding.

6 CONCLUSION
In this paper, we introduce a novel heterogeneous spatial-temporal
method (HoST) to address three under-explored challenges for
the next POI recommendation: (C1) How to construct fine-grained
spatial-temporal context graphs? (C2) How to build a unified spatial-
temporal model? (C3) How to model multi-granular temporal pe-
riodicity? HoST is comprised of a graph construction method
HoST-Graph for (C1) and a graph neural network HoST-GNN
for (C2)(C3). HoST-Graph first constructs a global heterogeneous
spatial-temporal graph by exploiting users’ check-in sequences, and
then samples an ego-graph for the target user and time to capture
the relative spatial-temporal context. HoST-GNN is a unified model
which extracts user embeddings and makes recommendations di-
rectly based on ego-graphs without intentionally using users’ long
check-in history. HoST-GNN models the heterogeneous spatial-
temporal context by introducing edge type embeddings and spatial-
temporal slot embeddings into GAT, and it further captures the
multi-granular temporal dynamics via the multi-granular temporal
slot embeddings. Comprehensive evaluations on two real-world
benchmark datasets demonstrate that our HoST framework is su-
perior than existing methods and it is able to alleviate data sparsity
issues for inactive users.
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